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Abstract

In this paper we suggest a Simultaneous Localization and Mapping (SLAM) algorithm for Autonomous Mobile Robots (AMRs) which have
LiDAR (light detection and ranging) type planar sensors with low sampling rate, e.g., less than 1 Hz. The proposed method uses 2-dimensional
point clouds for its internal occupancy map representation and applies Point Set Registration (PSR) algorithms for mapping and localization.
The approach is validated on both synthetic and real-world data. The results demonstrate that the proposed method is efficient, even when the
observations are imprecise as well as the difference between consecutive measurements is high in terms of position and orientation.
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1. Introduction

As the digital transformation of manufacturing gains mo-
mentum, building on the unprecedented progress of information
and communication technologies, more and more emphasis is
placed on the applications of advanced robotics, as one of the
driving forces behind the fourth industrial revolution [7].

Several authors have argued that open networks of dynamic
and reconfigurable cyber-physical systems of cooperative au-
tonomous entities mean the future of manufacturing and logis-
tics [3, 4]. These approaches have many advantages, such as
increased reliability, robustness, performance, adaptiveness and
flexibility, as well as reduced costs. On the other hand, such dis-
tributed approaches introduce several challenges which should
be addressed. These include, for example, decentralized infor-
mation, decision myopia, security and confidentiality, network
stability, local autonomy, and communication overload [4].

Autonomous Mobile Robots (AMRs) constitute [8] an im-
portant part of the aforementioned (cooperative) autonomous
cyber-physical systems paradigm and they play a crucial role in
developing complex, adaptive, distributed logistic systems.

One of the fundamental problems for AMRs is to accurately
sense their environment and effectively navigate inside of it,

in order to reach a given goal. Simultaneous Localization and
Mapping (SLAM) methods [2, 9] formulate a part of this prob-
lem as a continuous iteration of sensing the environment, build-
ing an internal representation of it and providing an accurate
position and orientation of the robot inside of it. The first part is
achieved through sensor measurements, which are transformed
and merged together into an occupancy map. Simultaneously,
any new measurement is matched against the map to derive the
current location and orientation of the robot in the environment.

Although there are many solutions to the SLAM problem,
ranging from (extended) Kálmán and particle filters and expec-
tation maximization (EM) algorithms to various multi-robot so-
lutions [2], their applicability can highly depend on the sensor
type/accuracy and the environment itself. Furthermore there can
also be other limiting factors like the balance between the sam-
pling rate of the sensor and the speed of the agent. The moti-
vation of this paper is to present a solution for cases, where the
sampling rate of the measurement sensor is very low (less than
one per second) and therefore the consecutive measurements
can highly differ from each other with little overlap.

One of the direct motivations of our research came from
the Industry 4.0 Robot Laboratory of SZTAKI (Institute for
Computer Science and Control) located at the Széchenyi István
University, Győr, Hungary. The laboratory has roughly 200 m2
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Fig. 1. (a) one of the AMRs with markers for the current visual localization; and (b) the experimental robot laboratory with ceiling-mounted cameras.

floor area with several robots, including AMRs equipped with
2D LiDAR (light detection and ranging) sensors. The main pur-
pose of this laboratory is to support the research connected to
human-machine interaction and provide an experimental setup
for developments such as the one presented in this article.

The current localization of the AMRs is based on ceiling-
mounted cameras which detect markers placed on the top of the
AMRs, see Fig. 1. This approach has several drawbacks, such
as: it can only be applied indoors, where the ceiling is accessible
to install cameras, and the markers on the top of the AMRs limit
what kind of equipment can be mounted on the vehicles. More-
over, relying on an external system for localization reduces the
autonomy and the robustness of the logistic system.

The core idea is that a low-cost LiDAR based internal so-
lution could provide an alternative to the expensive and restric-
tive camera-based external positioning system, especially, since
such LiDAR sensors are already available on the AMRs for
safety guarantees. That is, the AMRs are equipped with SICK
sensors, whose primary function is proximity sensing: they en-
sure the vehicles against crashing into obstacles. These SICK
planar LiDAR sensors can be queried, but only at a low sam-
pling rate. The fine control of the robot movements could then
be based on the combination of the low-frequency position es-
timates of a suitable SLAM algorithm and the high-frequency
relative position estimates coming from a wheel odometry.

The LiDAR measurements of the AMRs are made at every
direction within a 270° viewing angle with a step size of 0.5°.
The obtained distance data have 1 cm accuracy and are obtained
at a low, less than 1 Hz, sampling rate. Each AMR has two such
LiDARs at the opposite sides of the vehicle, but even one sensor
is enough to obtain efficient mapping and localization.

The main aim of the paper is to suggest a SLAM algorithm
which can work with data where the consecutive measurements
can be considerably different as a result of the potentially sig-
nificantly changed position and orientation of the AMR.

The structure of the paper is as follows: in Section 2 we
present the proposed SLAM algorithm, in Section 3 we discuss
the tests and validations, and Section 4 concludes the paper.

2. The Proposed SLAM Algorithm

The proposed SLAM algorithm takes point cloud measure-
ments (LiDAR) and also uses point clouds for the internal oc-
cupancy map representation. Therefore, this solution relies on
multiple Point Set Registration (PSR) methods for calculating
the optimal rigid transformation at any given point. Further-
more, different strategies were implemented to deal with the
relative and absolute localization of the AMR and also to pro-
vide backup solutions, in case a strategy fails to localize the
vehicle. As the algorithm incorporates multiple PSR methods,
we need to introduce an error metric for measuring their perfor-
mance in terms of accuracy. Formally, we apply

epsr(X,Y, ε)
.
= mean

{
dmin(x) : x ∈ X ∧ dmin(x) < ε

}
,

dmin(x) .
= min

y∈Y
‖ x − y ‖2

(1)

Eq. (1) defines the epsr registration error function, which takes
X,Y ⊂ R2 finite 2-dimensional point sets, calculates the dis-
tance to the closest point in Y from each point of X and averages
these distances only if they are below an ε > 0 threshold. In the
tests cases, presented in Section 3, we always set ε = 1 (meter).
This error metrics works especially well if X is a transformed
subset of Y , which is practically consistent with X being the
measurement and Y being the map, because those points in Y
that are not represented in X are ignored in the error calculation.

Furthermore, we introduce the shiftr function defined as

shiftr(h) .
= S r · h

S r
.
=


(si, j = 1), if j = i + r
(si, j = 1), if j = i + r − n
(si, j = 0), otherwise

(2)

where h ∈ Rn and S r ∈ Rn×n. This function shifts the compo-
nents of a h vector by r positions in a circular manner.

The following sections may use the pose and rigid transfor-
mation expressions interchangeably as they represent the same
thing in our context: a translation and rotation together.
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2.1. Subcomponents

As it was mentioned, multiple PSR methods were utilized in
the proposed algorithm in order to obtain accurate rigid trans-
formations between any new sensor measurement and the inter-
nal occupancy map. The applied PSR methods are as follows:

• Iterative Closest Point (ICP) [1]

• Coherent Point Drift (CPD) [5]

• Relative Directional Neighbour Matching (RDNM)

ICP is a well-known and reliable PSR algorithm with many
variants and applications. Rusinkiewicz and Levoy made a
comprehensive summary on the different ICP variants, catego-
rizing them based on what method they use in the six general
stages of ICP [6]. This algorithm performs an iterative registra-
tion, where an iteration typically consists of (a) finding the clos-
est point in the target point set for each point of the source point
set and (b) solving the least-square problem minimizing the dis-
tance between the corresponding point pairs. Consequently, this
algorithm works best if the two pint sets are sufficiently close
to each other in terms of position and orientation.

CPD is a newer PSR method, which does not require one-
to-one correspondence between the points for determining
the rigid transformation between the point clouds, but uses a
probabilistic approach instead. It fits Gaussian Mixture Model
(GMM) centroids (representing the first point set) to the data
(the second point set) by maximizing the likelihood. This algo-
rithm inherently handles outliers and noise better compared to
direct correspondence methods like ICP. However, as we found
out in our experiments, the performance of CPD is not sufficient
in cases, where the two point sets do not represent the same en-
tity, e.g. one of them is a sufficiently small subset of the other.

We developed another PSR method, called RDNM, specif-
ically to give a quick and rough estimate of the rigid transfor-
mation between the measurement and map point clouds. It has
two major assumptions about the two input point clouds: a) it
assumes that one of the point clouds is a subset of the other and
b) it expects the point clouds to be LiDAR-like measurements
(the singular measurement has a central vantage point and the
map was built from such individual measurements); making it
less robust compared to general registration methods like ICP
and CPD. However, this specialization helps to improve the ef-
ficiency as most of the PSR methods handle subsets poorly.

The operation of Relative Directional Neighbour Matching
is detailed in pseudocode 1. The RDN procedure takes X ⊂ R2

2-dimensional finite point cloud, c ∈ R2 viewpoint, α section
size and ε threshold, and returns h ∈ R2π/α. First, X is divided
into α sized sections Xα as seen from c, then for each Xα section
the distance dmin between the closest point and c is determined,
and finally the mean distance hi is calculated form each points
of Xα, where the distance to c is between dmin and dmin + ε.

The RDNM procedure takes X,Y ⊂ R2 finite point clouds,
P ⊂ R2 candidate positions and the α and ε parameters which
are directly forwarded to the RDN procedure calls, and returns
TRDNM rigid transformation, that transforms X onto Y with min-

Algorithm 1 Relative Directional Neighbour Matching
1: procedure RDN(X, c, α, ε)
2: for all i ∈ {0, α, 2α..2π} do
3: Xα ← {x ∈ X : arctan xy − cy/xx − cx ∈ [i, i + α)}
4: dmin ← minx∈Xα‖x − c‖
5: Dα,ε ← {‖x− c‖ : x ∈ Xα ∧‖x− c‖ ∈ [dmin, dmin + ε)}
6: hi ← mean(Dα,ε)
7: end for
8: return h
9: end procedure

10:
11: procedure RDNM(X,Y, P, α, ε)
12: TRDNM ← I
13: hX ← RDN(X, 0, α, ε)
14: for all p ∈ P do
15: hY,p ← RDN(Y, p, α, ε)
16: rp ← argminr∈{0,α,2α..2π}‖hX − shiftr(hY,p)‖
17: end for
18: pRDNM ← argminp∈P‖hX − shiftrp (hY,p)‖
19: TRDNM(x)← Rrp (x) + pRDNM

20: return TRDNM

21: end procedure

Algorithm 2 SLAM absolute localization strategy
1: procedure SLAMabsolute(X,Y, emax)
2: Tabs ← I
3: Pabs ← generate global grid points in map
4: TRDNM ← RDNM(X,Y, Pabs)
5: TICP ← ICP(X,Y,TRNDM)
6: if epsr(TICP(X),Y) < emax then
7: Tabs ← TICP

8: end if
9: return Tabs

10: end procedure

imal ePS R(TRDNM(X),Y, 1) registration error. First the RDN met-
ric is calculated for X viewed from the 0 vector, then each can-
didate point in P is evaluated, which consists of calculating the
RDN metric viewed from the candidate position and finding
the rp rotation value where ‖hX − shiftrp (hY,p)‖ is minimal (the
shiftr function corresponds to a rotation, as each component of
hX and hY,p is calculated from the points in a specific direction).

2.2. Absolute Localization

There are situations when the vehicle needs to position it-
self inside its internal map without the knowledge of its pre-
vious position. This could be due to emergency shutdowns or
other reasons and it is known in the literature as the “kidnapped
robot” problem. The proposed algorithm would deal with this
problem by using a global version of the RDNM, where the
candidate positions are generated along gridpoints of the inter-
nal map. This approach could be further improved in various
ways, such as limiting the number of gridpoints based on an es-
timated position and obstacles, or iteratively refining the grid.
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Algorithm 3 SLAM relative localization strategy
1: procedure SLAMrelative(X,Y, emax)
2: Trel ← I
3: Prel ← generate local grid points in map
4: TRDNM ← ANDM(X,Y, Prel)
5: TICP ← ICP(X,Y,TANDM)
6: if epsr(TICP(X),Y) < emax then
7: Trel ← TICP

8: else
9: TCPD ← CPD(X,Y)

10: TICP ← ICP(X,Y,TCPD)
11: if epsr(TICP(X),Y) < emax then
12: Trel ← TICP

13: else
14: Tabs ← SLAMabsolute(X,Y, emax)
15: if epsr(Tabs(X),Y) < emax then
16: Trel ← Tabs

17: end if
18: end if
19: end if
20: return Trel

21: end procedure

Pseudocode 2 presents the absolute localization method. The
S LAMabsolute procedure takes X,Y ⊂ R2 2-dimensional fi-
nite point clouds and emax error threshold, and returns Tabs rigid
transformation. It first generates a set of global candidate points
Pabs using a fix sized grid covering the Y point cloud which is
the internal map of the AMR (some additional filtering can be
done to remove points where the AMR would not fit), then uses
the RDNM algorithm to find the rough pose of the AMR, and
finally it uses the ICP algorithm to provide an exact transfor-
mation and if epsr(TICP(X),Y) is less then the predefined emax,
the algorithm successfully terminates. Here, the ICP procedure
(and the CPD procedure in the next section) takes a third argu-
ment, which is an initial guess for the transformation.

2.3. Relative Localization

The main aim of any SLAM algorithm is to continuously
update the position of the vehicle and its internal map, which
is achieved through incremental sensor measurements and their
integration into the map representation. The proposed algorithm
utilizes multiple strategies starting with the quickest one and
moving toward slower, more robust methods after each regis-
tration failure. Naturally the last resort should always be the ab-
solute localization approach presented in the previous section.

The relative localization scenario is presented in pseudocode
3. The S LAMrelative procedure takes X,Y ⊂ R2 2-dimensional
finite point clouds and emax error threshold, and returns Trel

rigid transformation. This procedure incorporates three regis-
tration strategies, each of them activated only if the previous
one has failed (the registration error is more than the prede-
fined emax error threshold). The first (fast) strategy is the pri-
mary method, which uses the RDNM algorithm with locally
generated candidate points Prel (around the assumed position

Fig. 2. virtual map of the AMR control software showing the laboratory layout.

of the AMR, e.g. 6 points in a 0.3 meter radius in our current
implementation), then uses the ICP algorithm to provide an ex-
act transformation. The second strategy uses CPD for a rough
registration and finishes with ICP for the exact transformation
(similarly to the first strategy). Finally if the first two strategies
have both failed, then the S LAMabsolute procedure is called
(detailed in the previous section) as a last resort solution. This
operation order assures that the registration will be fast in most
of the cases, but it will still produce a result in the problematic
cases (at the cost of computational time).

3. Validation

In this section we present two validation cases which test the
relative and absolute localization capabilities of the proposed
SLAM algorithm. Both cases simulate the laboratory environ-
ment where the AMR will have to navigate in real life. This area
has a fixed layout, where the bigger obstacles (e.g., machinery,
tables) are static and small obstacles (e.g., chairs, people) could
randomly appear or change position. In the relative localization
cases the area was unknown, while in the absolute localization
cases the area was known (it used the map built during relative
localization). In both cases the AMR moved relatively slowly,
around 0.3 m/s, due to some limitations of the measurement re-
trieving process, and the sampling rate was about 0.5 Hz.

3.1. Synthetic Data

During synthetic validation, we utilized an AMR control
software, which models accurate differential drive vehicle dy-
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Fig. 3. internal occupancy maps for synthetic data with different Gaussian noise levels: from left to right σ was set to 0.0, 0.1, 0.2 and 0.3, respectively.

namics. It can be used to navigate the vehicle inside the labo-
ratory. The control software can fully simulate the vehicle and
take sensor measurements in the virtual environment, as well,
so we connected it to the implemented solution and simulated
the SLAM procedure by taking measurements in every few sec-
onds, updating the map and calculating the exact position.

The basic layout of the laboratory can be seen in Fig 2, which
is the main display of the control software. This map is ideal
and noise-free, hence, we could simulate different noise lev-
els of the sensor measurements in our tests. The virtual AMR
was given a predefined path for mapping the environment, and
made about 85 measurements from start to finish (note that with
higher noise levels the path took a little bit longer to complete
resulting in a few more additional measurements).

Fig 3 illustrates the internal map built by the proposed
SLAM approach with the 4 different noise levels. The blue dots
represent the contour of the obstacles and the green dots repre-
sent the path of the AMR. On each level, a Gaussian noise was
added to both x and y coordinates of the virtual measurements
simulating the inaccuracy of the sensor. The σ (deviation) pa-
rameter of the Gauss distribution was set to 0, 0.1, 0.2 and 0.3
for the 4 noise levels, respectively. As we can see, the higher
the noise level is, the more unreliable the map becomes and
the AMR has less confidence about its location. At the high-
est level, the path of the vehicle becomes jagged (as if it was
“drunk”). Still, the algorithm managed to complete the map
each time, even when the vehicle lost its position multiple times
in a row (at the highest noise level we can see a gap at the cen-
ter left side in the path of the AMR). We can also see that the
shape of the map remains intact as the noise increases, which
indicates that the algorithm is robust w.r.t. various noise levels.

The results of the experiments using synthetic data are sum-
marized in Table 1. It presents the averages (mean) and the stan-
dard deviations (std) of the registration errors (as defined in Eq.
1) calculated for each noise level in the relative and absolute lo-
calization cases. Additionally, we defined a success rate for the
absolute localization case, which shows how many times the
algorithm managed to find the location of the AMR out of the
10 predefined setups, based on an expert diagnosis. What we
did is checking each absolute localization setup manually (by
visual inspection) and we only considered one a success if the
measurement point cloud matched to the internal map perfectly.

This was needed because the registration error does not always
indicate sufficiently that a registration is correct, especially with
higher noise levels. At the first two noise levels the absolute lo-
calization was perfect, while on the third level one, and on the
forth level two (out of ten) localizations were unsuccessful.

3.2. Real Data

In the second validation scenario we created two distinct
datasets from real LiDAR sensor measurements done by the
AMR in the robot laboratory. Both datasets correspond to a gen-
eral mapping scenario, where the AMR explores the laboratory
along a predefined path, taking measurements typically every
2-3 seconds. The resulting series of measurement point sets,
dataset A and B, consist of 83 and 69 samples, respectively.
For each measurement, the assumed AMR position and orien-
tation is stored, as well, which provides the starting point for
the relative localization in each SLAM iteration. We simulated
the vehicle movement and measurements based on this data and

Table 1. Relative and absolute localization registration errors on synthetic data.

Relative Case Absolute Case

mean std mean std succes
(meter) (m) (m) (m) rate

σ=0.0 0.029 0.021 0.018 0.006 100.0%
σ=0.1 0.046 0.017 0.036 0.004 100.0%
σ=0.2 0.061 0.023 0.066 0.048 90.0%
σ=0.3 0.088 0.034 0.079 0.038 80.0%

Table 2. Relative and absolute localization registration errors on real data.

Dataset A Dataset B

mean std succes mean std succes
(meter) (m) rate (m) (m) rate

Relative Initial 0.190 0.125 - 0.208 0.146 -
Case Final 0.042 0.021 - 0.044 0.020 -

Absolute
Case

g=0.2 0.037 0.019 98.6% 0.051 0.057 94.0%
g=0.5 0.039 0.025 97.1% 0.053 0.059 90.4%
g=0.8 0.044 0.034 92.8% 0.065 0.075 84.3%
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Fig. 4. internal occupancy map of the SLAM algorithm using real data.

created two test scenarios: building the internal map (relative lo-
calization) from one dataset and registering the measurements
of the other dataset in the built map (absolute localization).

A partial internal map is shown in Fig. 4 taken during the
operation of the SLAM algorithm. The blue dots represent the
map, the green dots represent the AMR path and the red dots
represent the actual measurements being registered. We can see
that the map has some artefacts and additional noise compared
to the synthetic maps seen in Fig. 3. This is expected in a real
life condition with different materials influencing the sensor,
various cables and other obstacles being present and even mov-
ing elements like people walking in the laboratory.

The results of the real validation case are summarized in Ta-
ble 2. It presents the averages (mean) and the standard devi-
ations (std) of the registration errors and the succes rate, just
like in the synthetic case earlier. Additionally, we listed the ini-
tial (based on the assumed vehicle position) and final error aver-
ages (after the registration) for the relative localization, show-
ing around 80% decrease after registration. Moreover, for the
absolute localization case, we configured the RDNM algorithm
with three grid resolution settings, g was set to 0.2, 0.5 and 0.8
meters. This means that the P input point set of the RDNM
algorithm was constructed from the vertices of a g sized grid
covering the map. We can see that the smaller the grid resolu-
tion is, the better the success rate of the localization is, however
this also requires more computational resources. We found that
0.5 meter is a sweet spot for accuracy and time requirements.

4. Conclusions

In this paper we proposed a new Simultaneous Localization
and Mapping (SLAM) approach for scenarios where the dif-
ference between consecutive measurements is high in terms of

position and orientation. Such scenario arises, e.g., if the Au-
tonomous Mobile Robot (AMR) is equipped with a LiDAR
(light detection and ranging) type planar sensor having a low
sampling rate. We introduced an effective Point Set Registration
(PSR) method, called Relative Directional Neighbour Matching
(RDNM), designed for this problem, more precisely, to perform
an initial rough registration at the start of each SLAM iteration.

We have validated the proposed SLAM method through two
test cases: one using synthetic data and another one based on
real LiDAR sensor measurements. The results showed that the
proposed method is effective in the relative localization (map-
ping) scenario, even when the consecutive measurements are
noisy and/or are relatively far away from each other. The sug-
gested algorithm performed well in the absolute localization
case, as well, even though there were some cases where it was
not able to find the correct absolute location of the vehicle.

Based on our results, we can define a clear path for moving
forward in our research. We would like to extend our valida-
tion with a real world scenario in which the AMR directly uses
the algorithm for its navigation. Furthermore, we would like to
add extensive simulated testing scenarios, where the method is
evaluated in (randomized) algorithmically generated maps hav-
ing various sizes and using sensors with different noise levels.
Finally, we would like to make detailed comparisons with other
SLAM solutions in our experimental robot laboratory setting.
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