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Improving Localisation Accuracy using Submaps in warehouses

Daniel Adolfsson, Stephanie Lowry, and Henrik Andreasson

Abstract—This paper presents a method for localisation in Il. RELATED WORK
hybrid metric-topological maps built using only local infor- . . . L .
mation that is, only measurements that were captured by the ~ 1he focus of th's work lies in localisation in HMT
robot when it was in a nearby location. The motivation is that frameworks. There is a great deal of research on methods that

observations are typically range and viewpoint dependent and use an HMT structure [1]-[3]; however, to our knowledge
that a map a discrete map representation might not be able to  there is very limited amount of work that focus on how the

explain the full structure within a voxel. The localisation system . L -
uses a method to select submap based on how frequently and submaps could improve map descriptiveness and localization

where from each submap was updated. This allow the system accuracy. One exception can be found in [4] where an
to select the most descriptive submap, thereby improving the approach of clustering observation nodes using an sensory
localisation and increasing performance by up to 40%. based overlap criteria is presented to better assure that the
generated submaps are consistent; however, the evaluation
was done using visual inspection alone.

In the Atlas framework, new maps are added when the

A challenge in mapping is that objects may look differentocalization performance degrades [3]. Additionally, it uses
depending on where in the environment they were observédtechnique for selecting when to switch maps using a per-
from. This is especially true for discrete surface map reg@rmance metric based on how well the current observation
resentations when a single surface, distribution or featurts the different submaps. Finally, it is also common that
is not suf cient to explain the complete structure within amany mapping approaches utilizes the submap representation
voxel. In that case, the nal map has become general enou@lﬁ"y as an i.ntermediate step in order to obtain a global map
to reasonably explain the world from multiple view-points.fépresentation.
Fig.1 shows mapping of a wall between two parallel corridors
where the surface uncertainties are very high to explain the
wall from each side respectively, this is because both sidesIn this work we utilize the NDT-OM [5] framework, which
of the wall has to be explained by the same voxel. On theombines the NDT map representation with occupancy
other hand, a submap which uses local measurements is cgnd maps. The NDT-OM submap graph was created by
siderbly more speci ¢ as it only attempt to model the right-selecting the closest node for mapping. If the conditign
side wall surface. While this general discretisation probletm min =argmin d(s¢;m;) <) is not met, meaning

applies to most environments, it's more signi cant e.g. iyt there arel no submaps; at a distanced less then a
indoor intra-logistic environment where aisles generally arfhresholdly, from the sensos; a new submap is created

observed from two sides. where the origin is aligned with the sensor frame.

I. INTRODUCTION

[ll. METHOD

The localisation system is initially aligned with the ground
truth pose (available through a pre-installed comercial
re ector based system). The localisation is divided into
three steps: predict the incremental pose of the robot based
on wheel odometry, select the most descriptive map at the
sensor pose and perform scan-to-map registration using
. . ) ) NDT Distribution-to-Distribution (D2D) [6].
Fig. 1_: Zoom-in on a Cf_’”'df” which has been observed fro_m The map selection method based on distance as described
two sides of a wall. Discrete gaussian surface uncertaintieg e can be used in mapping and the localisation for map
are visualised in cyan. Left: global map with high uncertaintyg|acion. However, the technique do not necessarily return
and noise. Right: local map with origin on right side of wall-yne most descriptive map in that region as it has no notion of
where the map was previously updated from. Additionally,
this technique do not consider how frequently the maps
The authors are with the MRO lab of the AASS reserch centt@rabro ~ WEI€ updated which is especially important in dynamic
University, Sweden. E-maillaniel.adolfsson@oru.se environments where the map needs to be updated in order
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(KKS) project “Semantic Robots” and European Union's Horizon 2020, '

research and innovation programme under grant agreement No 7327@/ nd a map selection method which uses information of
(ILIAD). where from and how frequently each submap was updated



F|g 2: Examp|e of map selection using observation den5|[’§lg 3: Overview of the trajectories for the different data sets.
search. (Left) Sensor poses when red and blue maps wétgd and yellow depict the paths used for building the map
updated. The blue map has been updated more times a&ef performing the localisation evaluations respectively. The
which gives a higher density of blue poses. (Right) The blugarehouse set contain zig-zag navigation between the aisles.
and red squares are two local maps, located within a radius

2 |y of the robot (purple triangle). The majority of the

observations belong to the blue submap, which was more

densely updated in the region. Thus the blue map is selected

for localisation.

to select the most descriptive. We propose that submaps is
selected for localisation based on the density of the update
sources' locations in the vicinity of the robot's sensor, se

Fig. 2 Eig. 4: Localisation error with respect to distankg be-

tween submaps Left: warehouse dataset. Right: dairy.
A. Update source density search

We propose a method callegbdate source density search g g6 jikely that larger voxels need to represent multiple
to nd and select the most densely updated submap at @ taces

region. The prerequisite for the method is to store meta-
data during the mapping, speci cally we store tupfes= V. CONCLUSIONS AND FUTURE WORK

fmi; ;oix g of the local magm; that was updated from the  Tne results obtained show that improvement in localisation
sensor pose(which is the update soureg)at timet. The accuracy in can be obtained using a submap-representation
selection process is divided into 3 steps. see g 2 based on location-speci ¢ information. In the future we will
1) LetC =1fm; :d(p;;m;i) < 2 Ilwg. In other words, compare our selection method wittosest nodas well as a
C is the set of all map nodes such that the distancmethod which directly measure the overlap between scan and
between the estimated sensor pgseand the map adjecient submaps. We will also investigate map partitioning
node is less than 2 times the node distance. to group the observations to maximize the descriptiveness of
2) For all m; in C, calculate the distancél(p;0;) the local maps dependently on the environment.
(between the current sensor pose and the source of

the map updates; ). This is done for allj coupled REFERENCES
with m;. [1] J. L. Blanco, J. A. Fernndez-Madrigal, and J. Gonzlez, “Toward a
. . .~ uni ed bayesian approach to hybrid metric—topological slatEEE
3) Get all the tuplesS; corresponding to then | Cj Transactions on Roboticsol. 24, no. 2, pp. 259-270, April 2008.

smallest distances, where n is a constant set to @] M. Bosse, P. Newman, J. Leonard, M. Soika, W. Feiten, and S. Teller,

Calculate the histogram for the occurances ofrall “An atlas framework for scalable mapping,” 2003 IEEE International
. . . . Conference on Robotics and Automation (Cat. No.O3CH37421) 2,
in S, the most frequent submap in the histogram is Sept 2003, pp. 18991906 vol.2.

the output. [3] M. Bosse, P. Newman, J. Leonard, and S. Teller, “Simultaneous
localization and map building in large-scale cyclic environments using
the atlas framework,The International Journal of Robotics Resegrch
vol. 23, no. 12, pp. 1113-1139, 2004.

The method was evaluated on a forklift equipped Wit|'£4] J. L. Blanco, J. Gonzlez-Jimnez, and J.-A. Fernndez-Madrigal, “Consis-
tent observation grouping for generating metric-topological maps that

a 3d range sensor (Velodyne 32), navigating manually in  improves robot localization,” ifProc. of the Int. Conf. on Robotics and

a warehouse and autonomously in a production dairy site, Automation (ICRA)02 2006, pp. 818 — 823.

see g 3. The absolute trajectory error wrt. the distanc! J- P- Saarinen, H. Andreasson, T. Stoyanov, and A. J. Lilienthal, "3d
. . . normal distributions transform occupancy maps: An ef cient representa-

between nodeky, is shown in g 4. As the distance between  tjon for mapping in dynamic environmentsthe International Journal

nodes is reduced, (or the number of nodes are increased), of Robotics Researct2013.

the error decrease. This is because the submaps are updded: Stovanov. M. Magnusson, H. Andreasson, and A. J. Lilienthal, “Fast

. . and accurate scan registration through minimization of the distance

by more local observations. When the resolution of the pewween compact 3D NDT representatiorije International Journal

map discretisation is increased, (meaning that the voxels of Robotics Researgivol. 31, no. 12, pp. 1377-1393, 2012.

size is increased), the impact on localisation accuracy using

submaps is higher compared to global maps. This is because

IV. EVALUATION



