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Robust Lifelong Indoor LiDAR Localization
using the Area Graph

Fujing Xie!, Soren Schwertfeger!

Abstract—Lifelong indoor localization in a given map is the
basis for navigation of autonomous mobile robots. In this letter,
we address the problem of robust localization in cluttered indoor
environments like office spaces and corridors using 3D LiDAR
point clouds in a given Area Graph, which is a hierarchical,
topometric semantic map representation that uses polygons
to demark areas such as rooms, corridors or buildings. This
representation is very compact, can represent different floors of
buildings through its hierarchy and provides semantic informa-
tion that helps with localization, like poses of doors and glass.
In contrast to this, commonly used map representations, such as
occupancy grid maps or point clouds, lack these features and
require frequent updates in response to environmental changes
(e.g. moved furniture), unlike our approach, which matches
against lifelong architectural features such as walls and doors.
For that we apply filtering to remove clutter from the 3D
input point cloud and then employ further scoring and weight
functions for localization. Given a broad initial guess from WiFi
localization, our experiments show that our global localization
and the weighted point to line ICP pose tracking perform very
well, even when compared to localization and SLAM algorithms
that use the current, feature-rich cluttered map for localization.

Index Terms—Localization, Topometric Map, ICP, SLAM.

I. INTRODUCTION

OBUST, efficient, and accurate localization serves as

the foundation for higher functionalities in intelligent
autonomous robotics, including navigation, decision making,
and task execution. There are several ways to achieve localiza-
tion for autonomous robots, such as GPS. But GPS does not
work indoors. Some applications use markers, but we prefer a
system that does not require modifications of the environment.
Most common localization approaches then utilize a particle
filter or scan matching against some form of map.

The most common map representations utilized for indoor
localization are 2D occupancy grid maps, 3D point clouds
and sets of visual information, such as bag of words. All of
these have significant disadvantages when it comes to robust,
lifelong indoor localization. We aspire a map representation
with three key aspects: (1) A very compact representation,
such that huge environments like a campus or district can be
easily stored on a robot or transferred over the Internet. (2) The
representation should be stable over time, i.e. not requiring
updates, thus mapping permanent structures of buildings, like
walls and doors. Visual approaches struggle with this, as they
are easily distracted by clutter, especially since walls often
are with low texture. (3) Additionally, it would be great if the
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Fig. 1. Open Street Map Area Graph maps for the two experimental datasets
Seq01 (top) and Seq02. We can see areas demarked by pink polygons and
passages (doors) as red lines, that are connections between areas and semantic
information in terms of room names and passages. Yellow dots are polygon
coordinates which form areas and passages.

map used for localization is easy to acquire, e.g. not requiring
a mapping robot to perform Simultaneous Localization and
Mapping (SLAM). This could be achieved by creating said
maps from architectural CAD data, which is usually readily
available for every building. In this letter we propose to utilize
our hierarchical, topometric, semantic map representation Area
Graph for localization with 3D LiDAR data.

The topometric 2D Area Graph has been introduced in
[1]], [2], utilizing areas defined by polygons as graph nodes,
which represent physical spaces in the environment, such as
rooms and corridors. The edges of the graph are so-called
passages, defined as line segments of the area polygons, that
connect two neighboring areas. Following the ideas presented
in [3], we have extended the AreaGraph with a hierarchical
representation, where parent areas enclose their children to
represent bigger units, such as floors or whole buildings. This
way we now also represent 3D information such as floor level
and elevation. We store this data as tags in the open street map
osm XML file format [4], which we call osmAG. For brevity,
the details of osmAG are omitted here, since the our Area
Graph localization mainly relies on the polygon data of the
leaf areas of a building floor and their passages. Fig. [1| shows
topometric and semantic data of one floor of our buildings,
that are used in Seq01 and Seq02 in our experiments.

The main motivation for developing our Area Graph LiDAR
localization is its intended use in a navigation system that
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Fig. 2. The overall framework of our algorithm.

will enable robots to autonomously drive from any room in
a campus to any other. We will report on the global and
local planning with osmAG in a later paper and concentrate
on indoor localization here. Outdoors we plan to use GPS.
WiFi localization is another indoor localization approach, but
its error is quite significant, typically several meters [5]. On
the other hand, we expect WiFi localization to be available in
almost all indoor places, so we utilize it in our approach to
confine our search space for global localization.

This letter proposes a two-stage localization approach.
Firstly, we solve the kidnapped robot problem by globally
localizing the robot in the Area Graph. The WiFi localization
restricts our initial search space. We then uniformly sample
pose guesses within that search space and score them by
matching a 2D clutter free point set, which was subsampled
from the initial 3D LiDAR point cloud, with the Area Graph
polygons using a special score function. This 2D clutter free
point set follows ideas similar to [6] to sample points on walls
or doors and ignore all other readings, such as on furniture.
After obtaining the initial global pose we perform pose track-
ing, without needing odometry nor IMU data. Here, we utilize
the clutter free point set in a point to line weighted Iterative
Closest Point (ICP) algorithm that is employing a special
weight function to further reduce the influence of clutter on
the result and which matches against the polygons of the Area
Graph. Additionally, we utilize corridorness downsampling to
improve the ICP result in corridor-like environments.

Our experiments will show that our approach achieves
accurate localization in both heavily cluttered environments
and challenging long corridors, as well as achieving accurate
global localization.

Our contributions are as follows:

e We propose a 3D LiDAR based long-term indoor lo-
calization based on the Area Graph, both globally and
locally.

e We propose a clutter removal subsample method to
remove most clutter.

e To address the kidnapped robot problem, we employ a
sampling approach to generate guesses, and then develop
a score function to score each guess during global local-
ization, which evaluates their match to the Area Graph.

e We propose a weight function along with point to line
ICP to ignore clutter, which enables localization in a
representation that only uses walls and passages.

e We present a corridorness score function with which we
downsample point clouds for better ICP localization in
coridor-like environments.

Area Graph: Area Graph Reloading

I/ Robotnear border of
loaded map

II. RELATED WORKS

LOAM based SLAM algorithms [[7]-[10] are often used to
solve LiDAR based localization. These algorithms assume no
prior knowledge about the environment, localize themselves
and build point cloud maps at the same time. These algorithms
need the robot to visit and map the environment before
localizing in it, and these data-rich map needs to be updated
whenever the environment changes. There are also several
papers on localizing robots in CAD maps or floor plans, e.g.,
[12]], which extract grid maps from Building Information
Models, while the Area Graph uses polygons.

With the development of deep learning, the use of semantic
information for localization and mapping is widely adapted.
uses RGB images to perform object detection and add
semantic information like table, sink or whiteboard to CAD
floor plans, and then uses a 2D LiDAR combine that semantic
cues in a Monte Carlo Localization (MCL) framework [[14].
Cui et al. and Zimmerman et al. use Al to detect
texts and combine textual cues into MCL framework.

Nguyen et al. use learning based classifiers to detect
corridors from 2D LiDAR measurements in order to solve the
kidnapped robot problem. Hornung et al. use principal
component analysis (PCA) on LiDAR scan contours as a
corridor detector. In our approach, with the help of the Area
Graph we can easily detect which beams hit the the corridor’s
dominant direction to compensate for this biased data.

Other approaches utilize map matching on topometric maps,
such as CAD data [2], [19]-[21]]. The downside here is, that
the robot first has to create a grid map with several rooms
before localization can be successful.

The most similiar approch to ours is given by Gao et
al. [T1]. They propose a novel data structure in the form
of an approximate nearest neighbour field (ANNF), which
is generated from CAD data and enables an efficient look-
up of the nearest geometric floor plan elements (e.g. wall
segments) for any given point. It then projects wall points onto
the horizontal plane, and uses ICP to register the point cloud
from LiDAR measurement with the point cloud generate from
the CAD floor plan. However, their work is different and we
believe outperformed by our approach in three regards: First,
they sampling points on line and curve segments of CAD floor
plan, which is unnecessary in Area Graph since Area Graph
represent a area with a set of sequential nodes, therefore the
look up step is unnecessary, represented in Fig.[I] Second, they
assume they have a relatively accurate initial guess, and ignore
the global localization. Third, they don’t consider clutter or
furniture in the environment.



III. APPROACH

Fig. [2] provides a comprehensive overview of the entire
pipeline. The first step is the initial global localization. Af-
terwards we perform pose tracking.

The initial broad localization estimate comes from WiFi
localization, with several meters of error, as well the floor we
are in. Using this information we will load the Area Graph
(Section [[IT-A). We remove the ceiling and ground from the
robot 3D LiDAR point cloud, since we are performing a
2D localization, on a given floor. The point cloud will then
be subsampled to 2D, keeping only furthest points of each
column, creating the clutter free point set (Section [[II-BJ). The
calculation of the intersection of each point’s ray with the
Area Graph is presented in Section [[II-C] Finally, the initial
localization is computed by calculating scores for a set of
pose guesses uniformly sampled around the initial broad WiFi
localization, where the best scored pose is selected as the
global localization result (Section [[II-DJ.

The pose tracking is also using the clutter free point set
with a weighted point to line ICP algorithm [22f]. The lines
are the polygons from the Area Graph. The initial guess
comes initially from the global localization (see above), and
subsequently from the previous tracking result, without having
to rely on odometry nor IMU data. The weight function
for the ICP is introduced in Section and the weighted
ICP algorithm is detailed in Section We also propose
an optimization in which we first further subsample the 2D
clutter free point set, that is used in the ICP algorithm, using
a Corridorness Scoring function, which improves the ICP
performance in corridor-like environments (Section [[II-G).

A. Area Graph Loading and Reloading

Through the hierarchical structure of the Area Graph, the
space can be partitioned into various spatial divisions, such
as regions, areas (e.g. a university campus), buildings, floors
in buildings, and so on. For global localization we utilize
WiFi localization, which we assume to be present in all
environments that our algorithm should be employed in. This
has an error of several meters (e.g. we assume a radius of 6m
in our experiments), so we need to employ our approach to
1) figure out which area (e.g. room, corridor) we are in and
2) where precisely we are in that area. The WiFi localization
provides the building and floor we are in, to get all areas of the
floor. The localization approach presented in this paper relies
only on the accurate metric information of the polygons of
walls and passages (doors). Therefore, we are only interested
in the leafs of that floor of the hierarchical osmAG, thus a
detailed description of the osmAG is postponed to a later
paper. This letter makes no use of the topological information
stored in the osmAG, the hieracial properties of osmAG only
come into play w.r.t. loading leaf areas of the current floor,
semantic information is used for the identification of passages
(doors) and the most important aspect of the osmAG is the
metric information about the position of the points in the
polygons (which are converted from longitue, latitued format
to Cartesian X, y coordinates).

Whenever the robot transits between floors using an ele-
vator/ stairs or reaches the boundary of the currently loaded
Area Graph, it becomes necessary to reload the Area Graph
specific to the corresponding floor and location.

B. Point Cloud Clutter Removal Subsampling

Both the global localization as well as the pose tracking
utilize the step presented in this section to generate the 2D
clutter free point set, which is then matched against the Area
Graph. The Area Graph is representing walls (and passages/
doors as special cases) as 2D polygons, therefore the sensor
data (3D point cloud) should also be filtered for clutter such as
furniture, people and so on. Ideally, the clutter free point set
should then contain only points on walls or closed doors. The
assumption for this Clutter Removal Subsampling is, that every
column of the 3D point cloud will have some beams hitting the
wall, which should also be the furthest points from the origin
for that column. Thus we simply add the 2D coordinates of
the furthest point of each column to the 2D clutter free point
set. That assumption will not always be met, but the hope is
that there will only be few such points and that those can be
handled by the weight function introduced in Section [[II-E]

Specifically, one frame of LiDAR scan can be seen as a
size [N, M| point; ; matrix, where N represents how many
rings the LiDAR has (64 in our case), and M means how
many points each ring has, which is 600 beams in our case.
The LiDAR point cloud is divided into 600 columns, based
on the yaw angles of the points (w.r.t. to the LiDAR), with
each ring contributing one point to each column. The video
accompanying this letter nicely depicts this step. With ||., .||
as the Euclidean 2D distance (ignoring the z-coordinate) of
point; ; from the sensor origin, the clutter free point set Py
is:

Pey = {max ||point; j[|};Z, (1)

Additionally to removing clutter from the point cloud and
projecting it from 3D to 2D, this step is also saving significant
amounts of computation time, since the number of points to
be processed in the following steps is heavily subsampled (in
our case é).

C. Intersection Calculation

Given the Area Graph, the robot pose guess, and the clutter
free point set, we can calculate the intersection of each point’s
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Fig. 3. Illustration of Area Graph polygons and signed distance sd;

intersection calculation.



ray (origin point) with Area Graph polygons. In fact, we are
mainly interested in the signed distance sd; from the point
p; to the closest point on the line segment of the polygon
c; intersecting with the ray of that point (positive values are
outside the room, negative inside):

de = ||pjacj||
sd; = —sd; if [|p;|| < |11

See Fig. 3] for an illustration.

In order to speed up the computation, we identify the area of
the Area Graph within which the LiDAR scan originates, be-
cause rays should always intersect with its polygon. Passages
of the Area Graph can represent doors, which can be open
or closed during localization, so special handling is needed.
Our approach does this by checking if the signed distance sd;
is bigger than the threshold thpessage ( thpassage = 0.1m in
our experiments). If this is the case, we compute the closest
intersection of that ray with any loaded Area Graph polygon,
which we assume to be the wall seen through that passage.
We use the same approach for polygons which have been
marked as being transparent or ’can look over” in the semantic
information of the Area Graph (e.g. glass railing).

2)

D. Guess Scoring

The robot’s pose is determined by 2D coordinates p = (z,y)
and the yaw angle 0 € [0,27). According to the localization
from WiFi, we sample n guesses in range of r meters radius
with a certain distance and orientation interval, along with the
knowledge of which area v;, each guess is in:

G ={gn}th=1
gh = (l.hvyhvehuvh)

3)

We employ three error functions to assess the similarity
between each guess’s transformed clutter free point set and
the Area Graph polygons. We formulate four different score
functions combining the three error functions. In our experi-
mental evaluation in Section we test them all and found
equations S; and S3 to both deliver excellent results and
finally selected S; for our algorithm. For each pose guess
we calculate the according intersection distances sd; with

sdj [m]

Fig. 4. Weight function W(sd;), computing a weight for the weighted point
to line ICP based on the minimum signed distance (positive values behind
the wall/ outside) between a point and the line its beam is intersecting with.
Mostly ignoring clutter inside rooms (early cut-off of negative sd;) and also
ignoring long error beams, e.g. due to reflection.

the Area Graph polygons. We also employ W as the weight
function that is introduced in Section [[II-El

Our three error functions are:

1) nearby_error: We use a small threshold d (0.8m in our
experiments) to only include points that are quite close
to the intersection. Less error means more points are
inside the threshold, means a better match, because the
error used for points exceeding the threshold d is quite

high (2m).
M .
[sdj| if ||sds]| < d
E = 4
! Jz::l 2 otherwise @

2) weighted_outside_error: We ignore points contained
within this guess’s area (i.e. sd; < 0; see yellow point
in Fig. [3) since they are more likely hitting clutter (e.g.
furniture, cabinets on the wall), and we use a weight
function as illustrated in Section [[II-E] and Fig. [] to
ignore points that are too far away.

M
By = Z {Z)/V(de)

J=1

if de >0
otherwise

&)

3) uwnweighted_outside_error: without the weight func-
tion of weighted_outside_error.

M .
sd; if sd; >0
FEs = 7 7 6
3 ]; {O otherwise ©)
Our four score functions are as follows:
S =1/E;
Sy = FEs
@)
S3 = FEy/Fy
S4 = 1/E3

We choose the guess with the highest score as our global
localization result.

E. Weight Function for Guess Scoring and Weighted ICP
We incorporate VW as weight function,

0 if sd; < —1
1 .
Wisd,) = { o1 if —1<sd; <0 &
j - .
W if 0 < sd; <3
0 if sd; >3

Fig. 5. Tllustration of reflected error points (white dashed box) in the clutter

free point set (pink) weighed down to 0 by the weight function.



depicted in Fig. [ for three main reasons:

1) Ignore clutter: in heavily cluttered environments, beams
that hit inside areas may encounter clutter, despite em-
ploying our clutter removal subsampling from Section
therefore we assign a smaller threshold to reject
points that are far away from the supposed intersection
i; with the Area Graph.

2) Beams longer than the distance to the wall (Area Graph
polygon) that they are intersecting with, are most likely
a strong indication of a wrong pose guess. Therefore
we want to include their error in the score function, to
ensure that this guess receives a bad score. On the other
hand, very long outside beams may be due to reflection
of the beams (e.g. on shiny metal surfaces or windows;
see Fig. [3), therefore we cut-off outside beams over a
certain threshold, as they might otherwise skew the result
to an incorrect value.

3) If there are points close to the polygon we want to
reward those. This is why the function peaks super-
linearly around O.

F. Pose Tracking via Weighted Point to Line ICP

In this stage, we have a relatively accurate initial guess,
either from global localization or the previous pose tracking
estimate. The pose tracking employs weighted point to line
ICP [22]], [23]].

We define the registration as

M
0= %i?2w<w<pj, R.1) x |[x(ps, R,OI* ()
p

s

where 7(p,) calculates the corresponding sd; from the Area
Graph and the transformed current point p,; from the clutter
free point set, as mentioned in Section R € R**? is the
rotation matrix and ¢ € R? is the translation. )V is the weight
function introduced in Section [II=El

Our registration method is a variation of Besl and McKay’s
Iterative Closest Point (ICP) algorithm [24]], the weighted ICP
as presented in [25] and [23], combined with the idea of
point to line ICP from [22]]. Our experiments will show that
our weigthed point to line ICP approach for pose tracking
works very well for localization within an Area Graph map.
In the next section we present a nice enhancement of our
approach that improves localization performance in corridor-
like environments.

G. Corridorness Downsampling

A property of ICP registration, even point to line registra-
tion, is, that during the iteration, pairs of points are used. In the
common case, sensor points will be matched with map points
that are located on various, non-parallel surfaces, which will
still move the new pose estimate towards the true robot pose
during the closed-form estimation of R, ¢.

But there are special circumstances (see Fig. [6) in which the
scan is predominantly hitting one or more obstacles that are
parallel, e.g. in a long corridor. The longitudional position of
the robot within the corridor is not well observed if there are

Longitudional direction

Fig. 6. Illustration of problematic ICP performance in corridor-like envi-
ronments. Only few (2) points match against the vertical line, but many on
horizontal lines, fixing the translation in the longitudinal direction in place,
thus preventing the correct solution. Our corridorness downsampling will
reduce the number of points on lines with the dominant orientation, mitigating
this problem.

no perturbing features on the corridor walls. In this case ICP
will match sensor points with points on the corridor wall at
the initial guess. Those point pairs with hold the robot position
in place, even though they could easily slide along the wall,
since there are only few points on non-parallel surfaces that
would pull the solution towards the true value.

This degradation of ICP performance can happen in long
corridors, but also in other cases, for example if a robot is close
to one wall in a heavily cluttered room. Then our approach
would filter out the clutter points and only use the points on
this one wall for localization, leading to similarly degradated
ICP performance.

As a solution for this problem we further subsample the 2D
clutter free point set to de-emphasize the dominant orientation.
In turn, this emphasizes the non-dominant orientations, which
helps ICP to converge to the correct pose. For that we
always calculate a corridoness value C'or of the current scan’s
intersection with the Area Graph, that grows towards 1 the
more points are on lines of the same orientation.

In detail, we are constructing a histogram with line orien-
tations of the Area Graph as bins (5° interval = 36 bins) and
incrementing it for every point matching with these lines (see
Fig. [7). Note, that this step is easy for us to do, because we
have the polygon-based Area Graph map representation - do-
ing this on grid maps or in point clouds would be much harder.
The corridoness value is then defined as: Cor = Nyu00 /N,
with N, as the number of points on the most populated bin
and N, as the total number of entries. In the stereotypical
example of a normal room, half of the sensor points would
fall on walls of one orientation, and the other half on walls
perpendicular to the first orientation, resulting in a corridoress
value Cor = 0.5, while a scan that only sees one straight wall
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would get the value Cor = 1.0.

We then define a downsample rate R, that will be used
only on points from the clutter free point set that are matched
with lines of the maximum bin:

if 0 < Cor <0.5

. (10)
if 0.5 <Cor<1

Reor = {1
10 x Cor — 4

In typical environments there will be no downsampling,
since the downsample rate R.,., only raises above 1 if there
is a dominant orientation. Our experiments will show the
effectiveness of our corridorness downsampling.

A really nice feature of our approach is, that it is using
the orientation of the polygon segments of the Area Graph
that are matched with a sensor scan. We thus do not need
to perform line detection on the LiDAR scan, which could
be imprecise and slow. Another approach could be to add
semantic information into the Area Graph of how “corridor-
ness” an area is. But our approach is preferable, since it uses
the actual intersection of LiDAR scans with the map, and
thus inherently considers the actual information encoded in
the scan, which may be affected, for example, by a heavily
cluttered environment or the maximum range of the sensor. As
long as the initial guess places the robot in the correct area,
our corridorness downsampling works well, since it mainly
relies on the information in the map, which is assumed to be
correct.

IV. EXPERIMENTS

We test our algorithm in two stages: (1) by utilizing indi-
vidual LiDAR frames to evaluate the global localization, and
(2) by testing the pose tracking outcome against ground truth
poses. Additionally, we perform three ablation studies on the
pose tracking: (I) for the weight function, (II) the usage of
semantic information about passages and (III) the corridoness
downsampling. Furthermore, we compare our approach with
AMCL using a detailed grid map, a grid map generated from
the Area Graph and AMCL without odometry. Finally, we
perform a comparison of our approach against the localization
of a fully fledged 3D SLAM algorithm.

A. Datasets and Implementation

We collected two datasets, Seq01 and Seq02, of very
cluttered rooms and long corridors, as shown in Fig. [§] For the
corridorness experiment we select a subsequence of SeqO1 that
concentrates on corridors (Fig. [[0). The 3D point clouds are
captured with a Hesai PandarQT 64 line LiDAR with a vertical
field of view (fov) of more than 104° and 360° horizontal
fov, running at 10Hz. The datasets, osmAG and ground truth
paths are available onlineﬂ A video of global localization and
pose tracking with Seq01 is provided alongside this paper. The
source code of our algorithm will be published as open source
at a later point as part of the complete osmAG navigation
stack. Our algorithm is implemented in C++ and integrated
with ROS. We performed all tests on a laptop with an Intel
Core 15-9300H CPU @ 2.40GHz and 24GB RAM. We use

Uhttps://robotics.shanghaitech.edu.cn/datasets/osm AGlocalization

Fig. 8. Test environments: (a) Seq0l: Our cluttered lab; (b) Seq0l: Long
corridor; (c) Seq02: Office area; (d) Seq02: Another long corridor

LIO-SAM’s [10] trajectory as our ground truth, as LOAM is
generally accepted to be a very accurate SLAM algorithm [26]],
and LIO-SAM is more accurate than our comparison LeGO-
LOAM in indoor environments [27].

B. Global Localization Experiment

In Section [[II-D] we introduced four scoring functions for
global localization, which we test for 507 different poses,
each with an associated 3D LiDAR point cloud. This data
was taken from SeqOl and Seq02 at one second intervals. As
outlined in Section [[II-D} we sample pose guesses around a
WiFi localization initial position. In our experiment we add
a random error of max 0.25m to the true position (as per
our ground truth) and sample with 6m radius with a step size
of 0.5m and an angular resolution of 2°, leading to approx.
80 000 pose guesses.

Firstly, we select which guess score equation leads to the
best localization results by checking the success rate of each.
Table[l|shows the results when requiring less than 10° rotation
error and 0.5m (1.0m) translation error. We observed that
all maximum translation guesses also fall within our rotation
bracket.

We see that both S; and S5 exhibit a similar success rate,
with approximately 80% of the frames successfully finding
g, within a 0.5m error and a success rate > 98% for a still
good error of max 1m. The average computation time for each
LiDAR scan’s global localization is about 88 seconds.

TABLE 1
COMPARISON OF DIFFERENT SCORE FUNCTIONS

Translation & Rotation
Success Rate

Rotation
Success Rate

Score max 10° error max 0.5m (1.0m) error
Function
Seq01  Seq02 Seq01 Seq02
S1 0.97 0.99 0.81 (0.98) 0.91 (0.99)
Sa 0.96 0.98 0.80 (0.94)  0.88 (0.96)
S3 0.97 1.0 0.81 (0.97) 0.92 (0.99)
S4 0.77 0.85 0.51 (0.68)  0.60 (0.66)

C. Pose Tracking Experiments

The results of our pose tracking experiments are summa-
rized in Table [llin terms of run time and maximum and RMSE
(Root Mean Squared Error) of ATE (Absolute Trajectory
Error). ATE is calculated using evo against the ground
truth poses as provided by LIO-SAM. Fig. 9| depicts the
trajectory errors of both sequences.


https://robotics.shanghaitech.edu.cn/datasets/osmAGlocalization

TABLE II
POSE TRACKING PERFORMANCE COMPARISON

Method Environment RuFm'l%me ATE Max[m] ATE RMSE[m]
Seq01  Seq02  Seq01  Seq02
Ours 0.55 0.40 0.14 0.19
No Corridorness DS 0.47 0.46 0.15 0.21
Our Method No Weight Function for ICP Whole Loop 12.5 0.65 / 0.17 /
All Passages Open 0.56 0.57 0.14 0.20
All Passages Close / / / /
With Occupancy Map 0.38 0.47 0.11 0.25
AMCL With Area Graph Whole Loop 17.2 0.68 0.47 0.21 0.2
Only Point Cloud / / / /
LeGO-LOAM No IMU Whole Loop 71.0 0.39 0.25 0.093 0.10
Corridorness DS . 0.31 0.45 0.10 0.12
Our Method No Corridorness DS Corridor 125 039 050 012 015
APE w.r.t. translation part (m) APE w.r.t. translation part (m) 2) Comparlson Wlth LeGO LOAM We alSO Compared our
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Fig. 9. Absolute Pose Error (APE) of Seq01 (left) and Seq02.

1) Comparison with AMCL: AMCL is a widely use 2D
LiDAR localization solution using occupancy grid maps and
odometry, which may include IMU estimates. Actually, to
give AMCL the best opportunity to perform very well, we
utilize LIO-SAM [10]’s IMU odometry as the odometry
source for the AMCL prediction phase, which offers superior
accuracy compared to other odometry methods. Firstly, we
test the AMCL performance with a 2D grid map generated
by gmapping from the same dataset. Secondly, we provide
AMCL with a rendered grid map version of the Area Graph.
The third AMCL experiment uses no LIO-SAM odometry to
highlight how well our approach works even though it does
not utilize any odometry. Instead, the odometry estimates for
AMCL are provided using the ROS (Robot operating system)
package ’laser_scan_matcher’. The experiment has the same
result when using gmapped and Area Graph map: fail.

In Table [[] AMCL demonstrates a slight performance advan-
tage over our method when using the gmapping grid map. We
believe that this is mainly due to the fact that all the clutter
is in the map and thus provides valid data for the scan for
map matching, as well as due to the excellent odometry data.
Running AMCL with the rendered Area Graph performs worse
than our approach. Still, its results are not too bad, which again
may be partly attributed to the odometry data. Using AMCL
with the ’laser_scan_matcher’ loses localization rapidly.

LOAM, which yielded better results. However, it should be
noted that LeGO-LOAM consumes more time. Additionally,
since it does not have a pure localization mode, it is not really
suitable for a navigation stack in which we need drift-free,
longterm localization in a given map.

3) Ablation Studies: Table [lIf also shows ablation studies.
First, we evaluate the effect of the corridorness downsampling.
Especially the experiment in the corridor environment demon-
strates superior performance when utilizing the corridorness
score to downsample the point cloud, as depicted in Fig. [T0]

Next, we run our algorithm with ICP where all weights
are fixed to 1 ("No Weight Function for ICP”), showing that
the weight function is needed to further improve localization
performance by filtering clutter and error points. Without it
Seq02 even fails.

Finally, we show the importance of utilizing the semantic
information in the Area Graph about doors (passages) and
transparent material (also marked as passages in our experi-
ments - later we will introduce a dedicated semantic tag for it).
The results show that considering all doors open all the time
has slightly worse results than our approach, which adapts to
both cases. Treating all doors as closed is not working at all,
especially when being close to a door.

(a) APE w.r.t. translation part (m) (b)
(with SE(3) Umeyama alignment)
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Fig. 10. Comparison with and without corridorness socring, (a) Pose tracking
without corridorness scoring, large error in corridors compared to (b); (b) Pose
tracking with corridorness scoring with less error inside corridors.



V. CONCLUSION AND DISCUSSION

This paper presents robust lifelong indoor LiDAR global
localization and pose tracking using the hierarchical, semantic
topometric Open Street Map Area Graph map representation.
One key aspect of our algorithm is the clutter removal subsam-
pling of the 3D LiDAR point clouds and subsequent matching
with the Area Graph. We calculate score values of several
thousand pose guesses around the WiFi initial guess, whose
maximum then determines the global localization. Our pose
tracking employs a weighted point to line ICP, where the
weights come from a special function that further improves
the robustness. A corridorness downsampling further improves
ICP performance in corridor-like environments.

Our experiments and ablation studies show the excellent
performance of our localization approach. Relying on very
sparse, abstract and small map data, we successfully solve the
kidnapped robot problem with the help of WiFi localization
and can perform accurate and robust pose tracking, without
the need for IMU nor odometry data. Given this good per-
formance, we feel that it is not necessary to incorporate our
methods into a Monte Carlo Localization approach. We show
that our method is not affected by clutter in the environment,
but instead localizes against architectural features such as walls
and doors, and thus claims to be a lifelong localization method.
We use semantic information (doors, transparent material) and
line orientation for corridorness detection to further improve
the robustness of our approach. The initial global localization
is relatively slow (88 seconds), but we hope to improve this
speed through implementation and algorithm improvements in
the future. The pose tracking takes 12.5ms per frame, faster
than the algorithms we compared against, also thanks to the
sparse map representation. We are working on integrating
this Area Graph localization into our Area Graph navigation
stack to enable autonomy for mobile robots in campus-scale
environments.

Our approach is relying on the dense, 360 degree LiDAR
data our sensor provides. Even though RGBD sensors are
providing dense point clouds, they wouldn’t work with our
algorithm, as they only see one wall or corner, which is not
sufficient for our approach. Older LiDAR sensors such as the
Velodyne Puck have fewer number of beams and narrower
vertical fields of view and would often not be able to see wall
points. But LiDAR technology has developed tremendously in
recent years, delivering more dense data with greater field of
view and falling sensor prices, so our approach is now very
feasible for practical autonomous robots.
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