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ABSTRACT Efficient representation and querying of railway networks are crucial for autonomous rail-
way systems and digital infrastructure management. This paper introduces VEctorial Railway NEtwork
(VERNE), an interpretable data structure and algorithm that integrates vector-based spatial partitioning
with a railway-specific topological framework to enhance network representation and navigation. VERNE
is designed to optimize query efficiency, reduce memory footprint, and ensure scalability for real-time
applications. Its internal mechanism results from a comparative performance analysis between a k-d tree,
an STRtree and two custom algorithms, highlighting trade-offs in computational efficiency and memory
overhead. The proposed approach is validated using datasets from both the French and Swedish railway
networks, demonstrating its effectiveness in real-world scenarios. The results indicate that VERNE provides
a robust and scalable solution for railway infrastructure modeling, offering improvements in localization
speed and computational efficiency. Another advantage is that it inherently manipulates atomic elements
which can contain any information relevant to directly perform navigation onboard an autonomous robot.
This work contributes to the advancement of railway digitalization by providing a structured methodology
for spatial data processing in autonomous railway systems.

INDEX TERMS Autonomous railway systems, navigation, railway networks, spatial data structures.

I. INTRODUCTION
The traditional characteristics of the railway industry, such
as large-scale machinery and complex maintenance processes
similar to those found in heavy industries, are currently un-
dergoing significant transformation. In response to emerging
challenges including climate change, resource scarcity, budget
constraints, increased maintenance demands with constant re-
sources, rising performance expectations, and others, there is
a growing interest in adopting lighter and more flexible tools
for maintenance purposes. Recent initiatives have focused
on exploring the potential of smaller, autonomous robots for
railway infrastructure maintenance, both within Europe and
globally. Potential applications of these technologies include
railway infrastructure inspection, data collection, and actual
maintenance operations [1], [2], [3].

The FP3-IAM4RAIL1 project explores the application of
inspection and intervention robots for railway infrastructure
maintenance. A crucial aspect in the deployment of such
robots, regardless of their tasks, is their ability to precisely
localize themselves on the infrastructure [4]. Although ad-
vances in high-precision Global Navigation Satellite System
(GNSS) receivers and correction processes such as real-time
kinematic (RTK) may suggest that this requirement can be
readily met, unfortunately the conditions necessary for en-
suring centimetric geolocation accuracy cannot consistently
be satisfied across every point on the railway network, even
if tunnels are excluded [5]. Absolute localization can be
supplemented with relative odometry sources (e.g., LiDAR

1https://rail-research.europa.eu/rail-projects/fp3-iam4rail/
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FIGURE 1. Initial localization scenario. The black lines represent the
railway tracks, the blue dot indicates the true location and the red dot
represents the center of the GNSS localization, with its uncertainty region
indicated by a transparent red circle. (a) The yellow dot results from the
projection of the GNSS position on the closest track. The green dots
denote projections on two other candidate tracks. (b) The yellow line
denotes all possible positions if there is only one candidate track.

SLAM), but typical uncertainties cannot always guarantee
unambiguous positioning, especially near parallel tracks and
junctions. For the rest of this paper, the simpler example of
the GNSS will be used for illustration purposes, as well as
a circular uncertainty area. Regardless of the source of lo-
calization, better positioning can be achieved by leveraging
knowledge of the infrastructure on which the robot operates.
In off-road applications, robots can potentially localize them-
selves anywhere on Earth. Conversely, in rail-based scenarios,
the robot’s movement is guided and necessarily confined to
a track. Consequently, the localization issue is effectively
simplified to an almost one-dimensional problem, provided
that a single track exists within a large area (exceeding the
precision limitations of geolocation). However, if branching
tracks are present in the vicinity, the localization challenge
becomes multidimensional.

The problem can be decomposed into two distinct sub-
problems occurring at different stages of the robot’s operation.
The first sub-problem arises during the initial localization
process or if a temporary loss of reference causes the need
for a re-localization. Once a GNSS fix is acquired, the robot’s
position on the Earth’s surface is determined. However, if the
GNSS localization accuracy is suboptimal, it is not recom-
mended to project the returned position on the closest railway
track. As a matter of fact, it could erroneously be associated
with an incorrect track, as illustrated in Fig. 1(a). At this
stage, it is risky to settle on a single, potentially inaccurate
position. Instead, it is essential to consider all positions that
are physically possible according to the uncertainty area of
the localization. In the rest of this paper, such positions will
be called “candidate positions” to indicate that they are all
plausible. Moreover, the assumption is made that the robot
cannot be located outside of a given circular uncertainty area.

The second sub-problem concerns the accumulation and
exploitation of localization hypotheses over time. Consider
a simple scenario where the robot is traveling on a single
track, far from any junctions. In the absence of knowledge
regarding the track’s geometry, localization’s region of un-
certainty is distributed in two dimensions over the earth’s

FIGURE 2. Localization hypotheses at the approach of a junction J at t = t0

(a) and at t = t0 + �t (b). The yellow and green lines show all possible
positions along the two candidate tracks.

surface. However, by incorporating the geometry of the track,
this uncertainty is reduced to one dimension along the track’s
curvilinear abscissa, as illustrated in Fig. 1(b).

As the robot approaches a junction, knowledge of the
robot’s previous localization and of the junction’s state can be
exploited. Unlike most road intersections, railway junctions
are unidirectional. If approaching J from T1, the robot can
only move onto T3. Thus, if the robot has previously been lo-
calized on track T1 (as shown in Fig. 2(a)), as long as J has not
been crossed and no reversal of direction has been detected,
the localization hypothesis on T2 (represented by the green
segment) can be ruled out, even if it appears most likely based
on GNSS uncertainty (Fig. 2(b)). While these considerations
guided the design choices presented in this paper, it should
be noted that the exploitation of these candidate positions is
outside the scope of this paper and is more relevant to the field
of map matching [6], [7].

Here are a few other elements taken into consideration
during the exploration of potential data structures. While the
operational modalities for these robots have yet to be fully
determined, it is plausible that robots will deviate from tradi-
tional rail traffic patterns. Therefore, an ideal data structure
should be able to model all possible changes of direction
between tracks. Additionally, it would be an advantage to
minimize the amount of external information required by the
robot to localize itself during its missions. Indeed, waiting for
such data would increase the localization latency and com-
plicate the task of the personnel responsible for operating
these robots. Likewise, it would be convenient to communi-
cate the waypoint positions of a mission solely in geographic
coordinates within a chosen terrestrial reference frame, with-
out necessitating line, track, section references, or kilometer
point designations. As a side note, stored information on the
network’s geometry can be exploited in various ways. For
example, if the radius of curvature is known for the cur-
rent robot’s location, obstacle detection can be done within
a portion of a toroid aligned with the track’s radius, instead
of using a shorter naive rectangular cuboid in front of the
robot.

The primary focus of this study is directed toward factors
influencing the robot’s behavior during mission execution,
while the preparatory stages, such as e.g., map generation, are
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considered of secondary importance. This distinction is cru-
cial for the comparative assessment of solution performance,
as the time required for setting up the data structures (pre-
processing of the network’s descriptive information) is less
significant than the time taken to determine the robot’s initial
location during runtime.

The main contributions of this work can be summarized as
follows:
� This paper presents VERNE, a comprehensive frame-

work including a memory-efficient data structure capa-
ble of representing railway topology and a fast query
algorithm. The ultimate goal is to facilitate robust and
efficient localization of robots operating on railway
environments by leveraging a structured and scalable
representation.

� Limitations of publicly accessible datasets, such as that
of the French railway network [8] are presented (see
Section III).

� Generic STRtree and k-d tree are implemented, along
with two custom alternatives. Their differences are dis-
cussed from a theoretical point of view (see Section IV).
The custom approaches were specifically designed to
solve the problems described in this introduction.

� The custom data structures and query methods are val-
idated with a reference tool widely used for the query
of spatial data, which is used to generate the ground
truth for the French and Swedish railway networks
(Section V).

� Finally, the data structures are compared with each other,
and different trade-offs are discussed (Section VI).

In this paper, atoms refer to indivisible groups of consecu-
tive segments forming a continuous path. They are separated
from other atoms by railroad junctions, or exist as isolated
units with two dead ends. An atom can contain additional
descriptive information related to its track. The terms segment
and bounding box (oriented or non-oriented) are used in
accordance with their standard geometric definitions.

II. RELATED WORK
The localization of rail vehicles has been the subject of sev-
eral studies with various objectives and constraints. Most of
them use data from a digital map but do not indicate the
data structures involved nor the algorithms used to query
them. Examples of works exploiting track maps are detailed
in [9], [10], [11] and [12]. Many of them rely on multiple track
hypotheses [13], [14], [15], [16], notably to handle junctions,
but do not clarify how these hypotheses are fetched from the
map.

A. DESCRIPTIVE DIGITAL RAILWAY MODELS
Research has been conducted to invent information-rich
models representing railway networks and their fea-
tures [17], [18], [19], [20], [21]. The RailTopoModel [22] is
a logical object model created to standardize the representa-
tion of railway infrastructure. Relations between elements of
the network are modeled via a node-edge diagram. Elements

can be aggregated into larger, high-level units. A network
element can be associated with different positioning systems,
relative or absolute. In practice, this standard is implemented
with the RailML [23] data exchange format, based on XML.
Another example of a tool using RailML is the railway plan-
ning software OpenTrack [24] capable of simulating complex
networks. However, it is not meant to be used for real-time
navigation.

While powerful to describe railway infrastructures, these
abstract models are not accompanied with instructions on how
to actually implement them into a software data structure and
perform queries on them. In addition, it is unclear if such
models can be stored and exploited on board a robot with
constrained resources. To fill these gaps, the goal of this work
is to provide a well-defined data structure tailored for railway
applications and guarantee a memory and speed efficiency
suitable for real-time mobile robotics applications. In this
study, different spatial data structures are considered to make
an informed decision. The focus is not on the development
of a novel modeling paradigm. VERNE is only equipped
with enough descriptive capabilities to enable autonomous
localization and navigation. Nevertheless, thanks to the use of
“atoms”, VERNE is intrinsically designed to work for railway,
making it an ideal foundation for future integration to more
complex models if needed.

B. SPATIAL DATA STRUCTURES
Spatial data structures facilitate the projection of georefer-
enced localization measurements, whose inaccuracies may
place them outside of railway tracks, into realistic positions
along the rails. These structures are designed to address two
primary challenges: efficient storage and retrieval of spatial
data, and rapid processing of spatial queries, such as range
searches and nearest neighbor searches. By organizing spatial
data to exploit the inherent spatial relationships between ob-
jects, these structures enable quick access and analysis. The
primary focus in this context is runtime performance, rather
than the transformation of the raw data into the data structure.

There are numerous spatial data structures, each possessing
distinct characteristics, advantages, and limitations. Common
types include: Quadtree and Octree, which are hierarchi-
cal tree structures employed for the partitioning of two- and
three-dimensional spaces, respectively [25], [26]. A k-d tree
(k-dimensional tree) is a binary tree structure designed to
partition k-dimensional space. It is particularly effective in
low-dimensional spaces [27], [28], [29]. An R-tree is a hier-
archical tree structure optimized for indexing spatial objects
in multidimensional space. R-trees efficiently handle range
queries and spatial joins by organizing objects into bounding
rectangles [30], [31]. An M-tree is a metric tree structure
tailored for similarity search in metric spaces. M-trees are
well-suited for applications such as content-based retrieval
and multimedia databases [32], [33]. Spatial hashing is a
grid-based method that divides a space into a grid of cells. It is
particularly efficient for spatial indexing applications in com-
puter graphics and collision detection [34], [35]. A Voronoi
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diagram is built by partitioning a space into regions, based
on proximity to a given set of points. Voronoi diagrams are
particularly useful for nearest neighbor searches and proxim-
ity analysis [36], [37].

These spatial data structures present various trade-offs re-
garding query performance and their suitability for different
types of spatial data. The selection of an appropriate spatial
data structure is influenced by factors such as the character-
istics of the data, the types of queries to be executed, and
the performance requirements of the specific application. As
spatial data become increasingly complex and voluminous,
ongoing research and advancements in spatial data structures
remain essential for facilitating efficient spatial data manage-
ment and analysis [38].

Voronoi diagrams are commonly employed for partitioning
space into regions defined by proximity to a given set of
points. Similarly, the k-d tree serves as a space-partitioning
data structure that is well-suited for point-based data. How-
ever, the data considered in this context consist of sets of
segments (or polylines), necessitating certain adaptations to
utilize these structures effectively. According to Vermeulen
et al. [39], the query performance of the k-d tree generally
surpasses that of the Voronoi diagram. Additionally, it is
important to highlight that the k-d tree is more extensively
documented compared to the Voronoi diagram, despite the
latter’s longer history.

M-trees and R-trees are analogous data structures. M-trees
are constructed using a metric space (e.g., Euclidean distance)
and rely on the triangle inequality.2 In contrast, R-trees are
built upon the minimal bounding boxes of nearby objects.
Several R-trees variants have been developed (R+-tree, R∗-
tree, X-tree, etc.) [40], [41], notably to be more efficient for
data that has to be updated often, via insertion for instance.
It is essential to note that in the context of railway, network
evolutions occur rarely, so the focus is on the query speed at
run time.

Beyond the classic algorithms described above, the last
decade has experienced a growing interest in learned in-
dex structures [42], [43], some of them are specifically
designed for spatial data and can show competitive query
speeds [44], [45], [46]. However, due to the high safety re-
quirements present in the railway industry, to facilitate the
deployment of VERNE this study focuses on fully inter-
pretable and explainable approaches not based on machine
learning. Nevertheless, it is a promising field that should con-
tinue to be explored. Furthermore, it should be noted that
parts of the literature working on multi-dimensional indexes
choose to develop hardware-specific optimizations for modern
technologies [47], but a more general approach was adopted.

C. GRAPH AS A TOPOLOGICAL SPACE
To have the ability to predict future candidate positions based
on the robot’s previous location, the data structure needs to

2For any triangle, the sum of the lengths of any two sides must be greater
than or equal to the length of the remaining side.

store the topological relationships between various elements
of the network, which involves a fundamental application of
graph theory.

Typically, transport networks are visualized spatially, from
an overhead perspective, where intersections are represented
as vertices and roads as edges. However, Gharaee and col-
leagues [48] suggest that an alternative representation can
be beneficial: modeling roads as vertices and intersections as
edges. This inversion provides distinct advantages in specific
analytical contexts, see further discussion in Section IV.

III. DATA
A. DESCRIPTION
The first dataset utilized in this study is derived from the
publicly available SNCF Réseau open data resource [8]. It
comprehensively represents the entire French railway net-
work. The data are provided in GeoJSON3 format, where
the network is encoded as a FeatureCollection comprising
122, 507 features for a total network length of 48, 625 km.

A Feature comprises three primary elements: its type
(Feature), its geometry, and its properties. The geometry
consists of a sequence of segments that discretize the track
axis, with spacing managed to minimize chord effects. The
segment endpoints are specified using the WGS844 coordinate
system.

The GeoJSON includes 21 properties, which represent var-
ious details. These properties encompass the name and code
of the track, a codification specific to SNCF Réseau’s infor-
mation system (referred to as the GAIA code), the code and
label of the line, and the track direction (whether the track
is aligned, in a left-hand curve, or in a right-hand curve).
Additionally, properties include the radius of curvature, the
section rank, the starting and ending PK (kilometric points),
and the coordinates of these points in both the WGS84 and
Lambert-935 reference systems. Latitude and longitude values
for the starting point, end point, and midpoint of each section
are also provided, grouped in pairs.

The segmented geometry defines the elementary size of
each Feature. This segmentation becomes evident when tran-
sitioning from a straight section of track to a curved section;
each change necessitates a new Feature. Similarly, if a left-
hand curve with a radius of 500 meters changes to a left-hand
curve with a different radius (e.g., 724 meters), a new Feature
is created.

To assess the reproducibility of VERNE, a second dataset
was studied. It is a representation of the Swedish railway
network, stored in the GeoPackage6 format, provided by the
Swedish Transport Administration [49]. Its structure is similar
to that of the French dataset, but it is using the projected coor-
dinate system SWEREF99 TM.7 At the time of collection, the

3https://geojson.org/
4https://epsg.io/4326
5https://epsg.io/2154
6https://www.geopackage.org/
7https://epsg.io/3006
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dataset is made of 48, 738 features for a total network length
of 18, 246 km.

B. LIMITATIONS OF THE DATA
The description of paths using simple geometric elements,
such as straight lines and circular arcs, offers valuable op-
portunities for point localization relative to these elements:
the distance from a point to a straight line, as well as the
distance to a circular arc, can be efficiently calculated. How-
ever, a qualitative analysis of the curve radii indicates that
this piece of information cannot be reliably used. Approxi-
mately 1.5% of the database lacks radius information, or the
available radius values are inconsistent with the coordinates
in the geometry of the Feature (e.g., cases where the radius
is less than half the distance between the entry and exit points
of the curve). Consequently, only the points included in the
geometry of each Feature are utilized in this study. Should
the quality of this layout data improve in the future, these
additional geometric elements could be further exploited.

Finally, the use of the WGS84 coordinate system (instead
of Lambert-93) to describe section geometries may raise con-
cerns regarding long-term positional stability. However, this
limitation is well-recognized among users of georeferenced
data.

IV. DATA STRUCTURES
To reiterate, the two operational sub-problems are defined as
follows:

1) Determine on which track segments the robot may be
located at startup time t0.

2) Determine the segments on which the robot may be lo-
cated at time t = t0 +�t , given knowledge of segments
it could have previously been on.

Both sub-problems can be solved with the same functional-
ity: the comprehensive identification of all candidate railway
segments where the robot can be located on, given a geo-
graphic position and its uncertainty.

It is necessary to note a modification in the fundamental
unit that will be used to represent the railway network. In
the SNCF Réseau open data GeoJSON, this unit is charac-
terized by its homogeneity in terms of curvature. The primary
interest lies in identifying changes in direction, particularly
at junctions. Therefore, the individual GeoJSON features can
be merged as long as no junctions are encountered. Through
this process, the original 122,507 features are consolidated
into 22,507 groups of segments, referred to as “atoms” in this
document.

In essence, an ideal spatial query has to return a minimal set
of atoms in order to simplify future refinements. Importantly,
that set of atoms should be a superset of the atoms truly
overlapping with the uncertainty disk around the measured
position, to guarantee that the real track under the robot is
always considered. On the other hand, it is acceptable to have
irrelevant atoms in the superset if it allows for higher query
speed.

By construction, as long as the robot has not reached one
of the endpoints of an atom, it is constrained to follow its
current path. At each endpoint, an atom is either uncon-
nected or connected to at least two other atoms. However,
this does not necessarily imply that the robot has multiple
paths available at each endpoint. For instance, in the case of a
diverging junction, the robot may be limited to following only
a single path (see Fig. 2 and the accompanying explanation
below). To produce a consistent model of railway junction,
an undirected graph representation appears appropriate, with
the dual graph method documented in the literature [50], [51].
In conventional models for road transportation networks, in-
tersections are typically represented as vertices, while the
road segments connecting these intersections are represented
as edges. However, due to the asymmetric nature of railway
intersections—depending on whether they are approached
from an incoming or outgoing direction—this model requires
adaptation. In the proposed model, intersections are repre-
sented as edges, while the segments of track (referred to here
as “atoms”) between these intersections are treated as vertices.
This adjustment captures the unidirectional flow characteris-
tics specific to railway networks.

Take an example similar to the one shown in Fig. 2 to
illustrate the modeling process. Consider now the example
of the network segment illustrated in Fig. 3(a).8 In Fig. 3(b),
the vertices represent junctions, while the edges denote the
atoms connecting these junctions. Each atom is traversable by
the robot in both directions, which may differ from the travel
directions used in commercial train operations. At this stage,
it is assumed that the robots will operate under specific traffic
rules, with exclusive track occupancy.

This representation implies that travel from J1 to J5 via J2
is possible using only edges A1 and A5. However, such a
maneuver is feasible only by including A2. A robot starting
at A1 must traverse J2 to reach A2, at which point it must
stop and execute a maneuver. After adjusting the turnout, the
robot can reverse, re-entering J2 and proceeding from A2 to
A5. Although the edges are bidirectional, an oriented graph
with mono-directional edges would not adequately represent
the full range of maneuvering options.

In Fig. 3(a), the vertices correspond to atoms, and the edges
denote junctions where paths intersect. This configuration ac-
curately reflects all possible movements: transitions between
A1 and A2, between A2 and A5, and vice versa, but not
directly from A1 to A5, for example. Should movement re-
strictions be required in the future to reflect operational rules,
a directed graph model could be considered.

To sum up this notion of atom, its minimum characteristics
are:
� an identifier;
� an ordered list of the identifiers of the points composing

its path;

8In this diagram, junctions J1, J3, J4, and J6 are shown incompletely to
simplify the graph, with other atoms connecting these points omitted.
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FIGURE 3. Representation of network junctions (blue) and atoms (red) as vertices in an undirected graph model. (a) Real topology of the network.
(b) Graph model with junctions represented as vertices. (c) Graph model with atoms represented as vertices.

� a list of the links with neighboring atoms (this link is
not purely geometrical, but reflects the possibility of a
rail vehicle moving from one to the other, as discussed
above). These links make the atoms the vertices of an
undirected graph.

To expand the use of the data structure, it would also be
possible to add properties that go far beyond pure geometric
description (content of infrastructure assets such as catenary
poles, bridges, level crossings, etc. or even speed limitation,
semantic description of the environment, etc.).

Now that the elementary characteristics of an atom have
been presented, the data structure used to store them must
also be discussed, along with its query algorithm. In fact,
it is only in conjunction with a search algorithm that the
data structure can achieve its intended function: finding the
network segments on which the robot is likely to find itself,
based on its geo-referenced position and a given uncertainty.

A. THE k-D TREE WITH DISTANCE QUERY
To evaluate this approach in the context of railway spatial
data, the first reference used is the k-d tree, which is a
well-established data structure in the field of geospatial data
management. The most relevant query type in this context is
a search for points located within a circular area (Distance
Query or DQ). Returned point indexes would then have to be
mapped to the atoms they belong to.

The k-d tree is particularly fast for low dimensional spatial
data, but a generic implementation stores geographic points
and can only be queried on them. This is a strong limitation
when handling segments made of points that can be far apart
from each other, especially for parts of the network that are
mainly straight. The intrinsic accuracy of GNSS without RTK
correction generally results in a positional uncertainty of sev-
eral meters. When conducting a DQ within a radius of similar
magnitude, it is likely that, in many instances, no geographic
points will be found within that distance. In fact, only 10%
of the segments used to model the French network are shorter
than 10 meters (see Fig. 4). Although 70% of the segments
are 50 meters or shorter, a search radius of over 200 meters
would be required to encompass 99% of the segments. The
longest segment spans nearly 5700 meters (and 4100 meters
for the Swedish network). Consequently, using a search ra-
dius based on the GNSS precision is inadequate. To prevent
the risk of missing a potential match between the center of

FIGURE 4. Cumulative distribution of track segment lengths (French and
Swedish networks).

the GNSS-derived position and a segment, it is necessary to
employ a search radius slightly longer than half the length of
the longest segment.

B. THE STRTREE WITH DISTANCE QUERY
The second reference used in this study is the STRtree, a
query-only R-tree spatial index created using the Sort-Tile-
Recursive (STR) [52] algorithm. As an R-tree, the STRtree
is capable of indexing geometries more complex than points
by delimitating them with a bounding box. This is benefi-
cial when handling atoms whose geometries are a series of
segments (Linestring). This avoids the need for any external
mapping variable. Finally, the STRtree has a native distance
query which can be applied to search for geometries overlap-
ping with a circulars area around a point, making it a strong
candidate for VERNE.

C. THE k-D TREE LR WITH CONTAINING ATOMS QUERY
Likewise, instead of naively using points, a data structure
exploiting the smallest non-oriented bounding box enclosing
each atom is proposed. The k-d tree LR (or “kLR”) is built
by iteratively dividing the geographical area, similar to the
approach used in the construction of a k-d tree. This partition-
ing is achieved through a division based on nodes, where the
plane is split alternately along the y-axis and x-axis at each
consecutive node. The centers of the bounding boxes indicate
if an atom ought to be associated with the left or right side of
a partitioning node.
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FIGURE 5. Example of network partitioning in an undirected graph using
bounding boxes for atoms. This illustration shows the spatial division of
atoms (A1, A2, A3) into bounding boxes based on nodes, where each box
is alternately split along the x-axis and y-axis to aid in localizing the robot
within the network.

During the search process, at the level of any node, the
query point may fall either to the left, to the right, or simul-
taneously within both left-right regions, as explained below.
This makes it possible to handle the extensive overlaps that
exist on the atoms’ bounding boxes.

This approach represents a departure from the standard
k-d tree construction, where partitioning is performed without
overlapping uncertainty zones. The name kLR comes from
using Left and Right limits.

In Fig. 5, three atoms (A1, A2, and A3) are shown within
the region to be partitioned along the y-axis. Atom A1 and
Atom A3 are primarily located below the node, whereas Atom
A2 is predominantly positioned above the node. However,
a single ordinate value at the node is insufficient as a strict
threshold for partitioning. This can be illustrated through re-
ductio ad absurdum: Assuming that the exact coordinates of a
search point are known, it would be incorrectly excluded from
A1 and A3 if its ordinate were only slightly higher than that
of the node. Nevertheless, as long as the ordinate lies between
the levels indicated by the mixed dot-dash line and the red line
in Fig. 5, the point may indeed belong to all three atoms.

Using a single threshold is insufficient to partition the re-
gions effectively. Instead, two thresholds are required. The
first threshold can be defined as the smallest ordinate (or
abscissa, if the partitioning occurs along the x-axis) of the
bounding boxes whose center ordinate (or abscissa) is greater
than that of the node. The second threshold can be defined as
the largest ordinate (or abscissa) of the bounding boxes whose
center ordinate (or abscissa) is less than or equal to the node
ordinate.

This method ensures that all possible correspondences be-
tween a point and an atom are identified; however, it may
lead to traversing certain branches of the tree structure un-
necessarily. From a computational perspective, these branches
can be traversed in parallel across multiple threads. While
this parallelization does not reduce the overall computational

FIGURE 6. Containing Atom Query (CAQ) flowchart.

Algorithm 1: Search Status Function.
Input: Results
Output: True if the search is done, False otherwise
Function SEARCH_STATUS(Results):
1: for each (Key, Value) in Results do
2: if Value is None then
3: return False
4: return True

Algorithm 2: kLR Node Check Function.
Input: Node, Point, Margin, Results
Output: Results
Function kLR_NODE_CHECK(Node, Point, Margin,
Results):

1: if Node is not a terminal branch then
2: if Node.axis is x-axis then
3: coordinateValue← Point.Abscissa
4: else �axis is y-axis
5: coordinateValue← Point.Ordinate
6: if coordinateValue - Margin ≤ LeftLimit then
7: ADD (10 × Node.Key + 1, None) to Results
8: if coordinateValue + Margin ≥ RightLimit then
9: ADD (10 × Node.Key + 2, None) to Results

10: else �Node is a terminal branch
11: B2← GET Bounding Box of Node.Atom
12: if Point is in B2 considering Margin then
13: ADD (Node.Key, Node.Atom) to Results

load, it can still improve query execution speed by allowing
concurrent processing.

The outcome of the query algorithm depends on whether
the given point of interest can be contained in the bound-
ing box of an atom or not. This is reflected in the name
of the search method: Containing Atoms Query (CAQ). The
flowchart of a CAQ is presented in fig. 6.

The pseudo-code for this query is outlined as follows. The
results are stored in a stack data structure, where each element
in the stack consists of a key-value pair. In Algorithm 1, a
function is implemented to monitor the status of the search. It
returns a Boolean value True if the search is complete and
False otherwise.

Here, a node is defined by a key, an axis, left and right
limits, and an index associated with a linked atom. It should
be noted that instead of storing the atoms associated with the
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node, it was chosen to compute beforehand and store directly
the value of the limits from the bounding boxes of these atoms.
If the node is not a terminal branch of the search tree, left and
right limits are set appropriately and the index of its linked
atom is None. Otherwise, the index of its linked atom is
properly set and can be used to check if the point is within
its bounding box. Although the axis could be inferred from
other attributes of the node, such as its identifier, a minimal
memory compromise was made by storing the axis informa-
tion explicitly to optimize execution speed.

The root node of the tree is assigned a key of zero. For
subsequent nodes, the key is represented as a sequence of 1 s
and 2 s, where each step deeper in the tree increases the length
of the key by one element. A value of 1 indicates movement
to the left branch, while a value of 2 indicates movement to
the right branch.

The node-level query function is described in Algorithm 2.
Its purpose is to determines whether the progression should
terminate at the current node or continue by extending to one
or both of the child nodes of the current node. This function
requires certain elements to be passed by reference to ensure
that at least the Results variable is updated during execu-
tion.

If the node is a terminal node, it does not further divide the
space into two new subsets but instead contains a reference to
a single linked atom. This atom exists within the space “de-
limited by the node”; however, it does not necessarily occupy
the entire region. Therefore, it is necessary to check whether
the search point is contained within the atom’s bounding box.
While this does not confirm that the point belongs to the atom
itself, it provides a necessary condition.

If the node is not a terminal node, the abscissa or ordinate of
the search point (depending on the node’s axis) is compared
against the left and right limits. If the search point is below
the left limit, the search must continue in the left child node.
Conversely, if the search point is beyond the right limit, the
search must proceed with the right child node. These condi-
tions are evaluated independently, as a point may lie within
the uncertainty zone between the two limits. When either or
both conditions are met, the indexes of the corresponding
child nodes are appended to the results list. The index of each
child node is derived from the index of the parent node by
multiplying the parent node index by 10, then adding 1 for the
left child node and 2 for the right child node. Alternatively,
Morton code could be used.

As long as the SearchStatus function returns a Boolean
value of False upon analyzing the Results structure, this
structure should be considered as “in progress” and not yet
complete. After completion, the Results structure should be
regarded as a list of candidate atoms, which can be further
refined.

Algorithm 3 outlines the query progression throughout the
entire tree. For this implementation, the atom characteristics
are expanded beyond the minimal configuration previously
described. Specifically, an atom includes an index, an ordered
list of point indices that define its path through a sequence

Algorithm 3: kLR Containing Atom Query.
Input: Point, Margin
Output: Results
Function kLR_CAQ(Point, Margin):
1: Initialize Results with (0, None)
2: while SEARCH_STATUS(Results) is False do
3: Get (Node Key, Node Value) from the first

element of Results and remove it
4: if Node Value is None then
5: kLR_NODE_CHECK(Node Key, Point, Margin,

Results)
6: else
7: Add (Node Key, Node Value) to Results

of segments, its bounding box (defined by the coordinates
of its center, width, and height), and a list of indices for
atoms connected at each extremity. Upon completion of this
function, the Results variable will contain a list of pairs. In
each pair, the second element represents the index of an atom
whose bounding box encompasses the search point.

To initiate a query, the structure holding the candidate re-
sults is initialized with the pair (0, None). Here, 0 represents
the key of the root node. The second element of the pair will
later be assigned the identifier of the atom that may contain
the search point. This identifier can only be determined if the
query reaches a terminal node within a branch.

Subsequently, as long as not all candidate results have been
inspected—indicated by the SearchStatus function returning
False—the same sequence of operations is performed itera-
tively. The first pair in the Results structure is retrieved and
removed from the structure. If this pair has not been validated
in a prior stage, i.e., if no match with an atom has been found,
its data is processed by the NodeQuery function. Conversely,
if a match has been confirmed, the pair is appended back to
the end of the Results structure.

This procedure yields a refined list of candidate atoms
that may contain the search point. The query result can then
be finalized by calculating the shortest distance between the
segments of each candidate atom and the search point. If,
for a given atom, this minimum distance exceeds the GNSS
accuracy (potentially adjusted by a correction factor), the hy-
pothesis should be rejected. Otherwise, the hypothesis can be
retained as valid.

D. R-TREE OB2 WITH CONTAINER ATOMS QUERY
To mitigate the overlapping effect described in the previous
section, an alternative approach was developed inspired by
the R-tree structure. However, rather than employing stan-
dard axis-aligned bounding boxes, oriented bounding boxes
are used, hence the name R-tree OB2 (or “rOB2”). This
modification reduces the area of each bounding element, en-
abling a more precise determination of whether a search point
belongs to a specific atom. Despite this increased discrimi-
nation capability, the enclosing element remains sufficiently

8 VOLUME 7, 2026



FIGURE 7. Hierarchical tree structure used to organize spatial zones. The
root node (0) branches into four sub-zones, labeled B0 through B3, which
continue subdividing in subsequent levels.

Algorithm 4: rOB2 Containing Atom Query.
Input: Point, Margin
Output: Results
Function rOB2_CAQ(Point, Margin):
1: Initialize Results with {}
2: for n from 1 to 4 do
3: ADD (n, None) to Results
4: while SEARCH_STATUS(Results) is False do
5: Get (Node Key, Node Value) from the first

element of Results and remove it
6: if Node Value is None then
7: ROB2_NODE_CHECK(Node Key, Point,

Margin, Results)
8: else
9: Add (Node Key, Node Value) to Results

straightforward to allow efficient computation, ensuring that
the process of verifying point containment remains both sim-
ple and fast.

To segment the space consistently, each level of the tree
structure is divided into a predetermined number of zones,
distributing the atoms within each parent zone accordingly.
This hierarchical decomposition is not designed to create sub-
regions with identical surface areas but rather to ensure that
each region contains an equal number of atoms. For this im-
plementation, four zones per level were selected, as illustrated
in Fig. 7.

Given that there are approximately 22, 500 atoms, an 8-
level tree is sufficient to ensure that each terminal node
contains precisely one atom. However, a shallower tree struc-
ture may also be feasible, albeit less precise. For instance, in
this implementation, a 6-level tree was selected. Each zone is
defined by its oriented bounding box and, at the deepest level
of the tree, by a list of the atoms it contains.

The query is carried out as described in Algorithm 4. It
relies on a check at node level described in Algorithm 5 The
query methodology is different from the one used in a kLR,
but the goal is the same, so the name Containing Atoms Query
(CAQ) was chosen.

As implied by its designation, a terminal branch does not
possess any daughter branches. Instead, it maintains a list of
the atoms that it encompasses. By selecting a sufficiently deep
tree structure, the size of these lists can be constrained to

Algorithm 5: rOB2 Node Check Function.
Input: Node, Point, Margin, Results
Output: Results
Function ROB2_NODE_CHECK(Node, Point, Margin,
Results):

1: OB2← GET Oriented Bounding Box of Node
2: if Point is in OB2 considering Margin then
3: if Node is not a terminal branch then
4: for n from 0 to 3 do
5: ChildKey← 10 × Node.Key + n + 1
6: ADD (ChildKey, None) to Results
7: else �Node is a terminal branch
8: ADD (Node.Key, Node.Atom) to Results

include only a small number of atoms. This enables a more
efficient evaluation of whether the search point lies within
the bounding boxes of the atoms contained in the terminal
branch. If the search point is found within a bounding box,
the corresponding atom identifier is appended to the list of
results.

As with the query function presented in the previous chap-
ter, the query result can be further refined, for example by
projecting the search point on the segments of the candidate
atoms.

V. SIMULATIONS
A. DATA PREPROCESSING
Before it can be used to create the data structures, the raw
data needs to be preprocessed. In the scope of this study, a
non-exhaustive preprocessing is performed. Tracks looping
on themselves, railway turntable or wheelhouses are removed
from the raw dataset. Also, a minority of the raw data is
encoded with a different format than the rest and is ignored for
being unphysical or because they would require heavy manual
work to transform into the expected format. A more advanced
preprocessing should be done to cover all corner cases before
deployment. At the end of this cleaning process, about 0.1%
of the total network length is removed for France, and about
0.02% for Sweden.

Thereafter, the cleaned data is interpolated according to dif-
ferent maximum segment lengths, as will be discussed below.
Finally, the interpolated data are converted into variants of the
four competing data structures. Importantly, the conversion
from the cleaned data to a data structure based on atoms has
been verified to preserve the full length of the cleaned network
data it aims to represent.

B. VALIDATION PROTOCOL
In order to validate both the data structures and the query
algorithms, a well-established standard library is used as a
reference, namely GeoPandas.9 It is given the cleaned raw
data for both France and Sweden.

9https://geopandas.org/
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In this validation step, the speed of query is not considered.
The goal is to verify that no information is lost when creating
and exploiting the data structure. All track segments should be
stored and associated with their corresponding atom.

The reference is used to check that, for a given target point,
the algorithm outputs at least all atoms which have segments
that overlap with the uncertainty disk around the target point.
As discussed earlier, the algorithms are not designed to pro-
duce the exact set of possible atoms. They are made to quickly
generate a reduced set guaranteed to include the one the robot
is actually located on, but potentially including several that
are irrelevant. Here is an explanation of the testing protocol
for each dataset.

The first step is to generated test points on the tracks of
the rail network, and to add a 2D Gaussian noise of standard
deviation 1 m, such that most points end up at a maximum
distance of 3 m from the rails. The choice of this distribution
is based on a typical GNSS position uncertainty. All points
present in the cleaned and non-interpolated data serve as the
starting base for the test points. Three random test points are
produced around each of them. Additionally, extra points are
created every 10 meters within all segments long enough, for
a total of 8,272,078 test points over the French network and
2,631,185 over the Swedish one.

The second step is as follows: For each test point, the
GeoPandas function “geopandas.GeoSeries.distance” is used
to get all segments that overlap with a disk of radius 3 m
centered on the point. A similar query is performed for the
CAQ algorithms, also configured with a radius of 3 m. Then,
a check is performed such that all segments found by GeoPan-
das must be included in one of the candidate atoms returned
for that point.

C. PERFORMANCE EVALUATION METHOD
The performance of the four proposed solutions is evaluated
on the following metrics for both datasets:
� The “duration” of the query.
� The “number of superfluous atoms” included in the

query output, i.e., the number of returned atoms that do
not truly overlap with the uncertainty disk.

� The “memory usage”, i.e., the storage of the data struc-
ture, plus any extra memory allocated during the query.

The duration of the query is a key performance indica-
tor (KPI) to inform on the computational cost of each data
structure and their associated query. A short computation
time would allow an inexpensive real-time processing of
incoming position estimations, whether they originate from
lower-frequency sources like GNSS (typically 1–10 Hz) or
from higher-rate visual-inertial SLAM systems. On the ma-
chines used for these comparisons, the operating system has
complete control over process scheduling. Therefore, it was
ensured that other demanding processes did not overload the
CPU cores. In Python, the function time.perf_counter() is
used. Only the duration of the query function was evaluated.
It does not include the time taken to create the data structure.
Also, no multithreading was used to explore branches of the

trees. The comparison was conducted on a Unix-like operating
system with an AMD EPYC 9354 processor.

The number of superfluous atoms gives an idea of how
much work will be needed to further refine the generated
superset of possible atoms the robot could be on. If a method
were to be faster than the other, but with a significantly worst
precision, it could be difficult to conclude the superiority of
one over the other. Indeed, the saved computation time during
the query phase could be offset by a negative effect on the
speed of the refinement phase, because atoms outside the
uncertainty disk will have to be unnecessarily processed.

The final metric, memory usage, ensures that the memory
required to use the “map” remains within acceptable limits to
prevent RAM saturation. This consideration is vital to main-
tain overall system stability and performance.

During evaluation, the four algorithms are compared based
on the same random subset of the test points used for val-
idation. 100,000 points are drawn, and measurements are
repeated 100 times for each, in order to reduce variance on
the estimated query duration.

When querying the k-d tree, the minimum required search
radius for its distance query based on points (DQ) is chosen
based on the currently considered data interpolation. For ex-
ample, a search radius of 2850 meters is needed when no
interpolation is performed on the French dataset since its
longest segment is around 5700 meters, but it is possible to
reduce it to 15 meters by interpolating all segments longer
than 30 meters. For the other three methods, a search radius
of 3 m is used to be coherent with the distribution of the test
points.

The algorithms are implemented using Python 3.12.10.
For the k-d tree, the KDTree class from the scipy library
(version 1.16) was utilized rather than implementing the algo-
rithm from scratch. Similarly, the STRtree from the shapely
library is used (version 2.1.1). Importantly, the kLR data struc-
ture and its CAQ query algorithm are formatted into a Numpy
array (version 1.26.4) and optimized via the Numba Just-in-
Time (JIT) compiler [53] (version 0.61.2). This aims to make
a fairer comparison between this custom implementation and
the well-established C-optimized open source libraries. On the
other hand, the rOB2 method was not optimized and a native
Python implementation was kept.

VI. RESULTS AND DISCUSSION
A. VALIDATION OF kLR AND rOB2

All of the 8, 272, 078 and 2, 631, 185 test points used for the
French and Swedish network respectively resulted in a comple
te superset of true candidate atoms, accomplishing a recall of
100%. Therefore, both algorithms are fully validated on these
cleaned datasets.

B. COMPARISON OF THE ALGORITHMS PERFORMANCE
Fig. 8 and Fig. 9 illustrate the main trade-offs that need to
be done when considering the four methods proposed here.
The numbers written next to all measurement points indicate
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FIGURE 8. Efficiency comparison for different interpolations (France). Bars
show median and quartiles.

FIGURE 9. Efficiency comparison for different interpolations (Sweden).
Bars show median and quartiles.

the maximum segment length in the interpolated cleaned raw
data which is used to build each data structure.

For navigation purposes, data structures are queried to fetch
the segments of a track, so it is always needed to store the
geographic points in memory. To do so, atoms are stored with
their respective Linestring geometries in a GeoDataFrame
from the GeoPandas Python library. Interestingly, the total
memory cost is overwhelmingly affected by the number of
atoms rather than the number of points. This phenomenon
is clearly visible when comparing Fig. 8 and Fig. 9. In fact,
the French network is represented by more points than the
Swedish network (1, 098, 279 against 270, 419) but because it
is made of fewer atoms (22, 450 against 26, 542), its memory
footprint is smaller overall.

To allow the use of a generic k-d tree, an additional variable
must be stored: a mapping between points found by the query
and their respective atom. This extra overhead justifies the

stronger sensitivity of the k-d tree with regard to the total
number of points in the dataset. On the contrary, for other
methods using bounding boxes the actual resolution of the
segments does not matter, and their queries are able to directly
return the indexes of plausible containing atoms. This relaxed
coupling between memory requirements and query speed is a
valuable characteristics. It would make VERNE a scalable and
memory-efficient solution ready to be deployed on embedded
systems for real-world applications where data resolution can
vary and disk space is a limiting factor.

The STRtree is the most memory-efficient, with a negligi-
ble overhead induced by its bounding-box indexing. On the
other hand, the “kLR with CAQ” has a slightly more expen-
sive indexing, using not only bounding boxes but also left and
right limits, but achieves the shortest query duration.

The k-d tree can reach shorter query durations than the
STRtree when using a high resolution interpolation, but it
comes at the cost of a steep increase in memory consumption.

The “rOB2 with CAQ” algorithm does not stand out among
the evaluated methods. Its reliance on oriented bounding
boxes introduces additional computational steps during each
iteration of the search, as outlined below:
� Calculation of a two-component vector based on the

coordinates of the search point and the center of the
oriented bounding box;

� Computation of a transformation matrix (a 2× 2 matrix
involving trigonometric cosine and sine functions);

� Multiplication of the transformation matrix with the pre-
viously computed vector;

� Comparison of the resulting values against the width and
height of the oriented bounding box.

In contrast, the other solutions require only the equiva-
lent of the final comparison step. Potential optimizations are
available. For example, instead of storing the rotation angle,
the transformation matrix could be precomputed and stored,
thereby reducing computational complexity. However, even
with such optimizations, the “rOB2 with CAQ” algorithm
could remain inherently slower than the most efficient solution
identified in this study.

To compare beyond the query speed and memory consump-
tion, Fig. 10 and Fig. 11 provide statistics on the number of
superfluous atoms produced by each approach. Algorithms
using bounding boxes offer the same precision for any inter-
polation (except negligible variations due to some randomness
during their construction from the interpolated data points).
Thus, for these queries, precision statistics are calculated and
plotted once from the pool of all measurements collected
across different interpolations.

When considering interpolations with a resolution no better
than 30 meters, the “rOB2 with CAQ” algorithm produces the
smallest number of superfluous atoms on average. In 90% of
the test cases, the algorithm returns no more than two, and in
99% of the cases, at most five are generated. This superior-
ity is explained by the use of oriented bounding boxes, able
to better differentiate atoms between each other, especially
when they are close to one another. Although its performance
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FIGURE 10. Cumulative distribution of the number of superfluous atoms
returned by different methods (France).

FIGURE 11. Cumulative distribution of the number of superfluous atoms
returned by different methods (Sweden).

could be further enhanced by increasing the depth of the tree
(e.g., from six to eight levels), this adjustment would extend
query times. The “kLR with CAQ” and STRtree algorithms
also deliver a satisfactory precision. Since they both use
non-oriented bounding boxes, it is logical that they converge
toward the same boxes/atoms at the end of the query process.
Again, the k-d tree with DQ could achieve the best precision
with a more memory-expensive interpolation.

Overall, the proposed kLR data structure and its query
algorithm—dividing space alternately along the x-axis and
y-axis with overlapping regions—demonstrate the best effec-
tiveness when applied to a real-world dataset. This approach
satisfies industrial requirements and highlights the potential of
spatial division strategies in practical applications. Therefore,
it shall be used as the inner mechanism for VERNE. Nev-
ertheless, for applications where memory constraints prevail,
the use of a traditional STRtree can be advised, at the cost of
a non negligible increase in query time.

C. LIMITATIONS
The presented simulations demonstrate that for a given set of
atoms and a given uncertainty disk, VERNE will consistently
find a superset containing all plausible atoms. In this study, an
extensive but partial preprocessing has been used to convert

real track segments into atoms, and a complete one is achiev-
able given enough resources. Despite this, precautions should
be taken before real-world deployment.

First, all parts of the networks where the robot is expected
to travel should be represented in VERNE. Missing track
segments would be impossible to reach with an autonomous
navigation system, and they could prevent the robot to travel
from one atom to another, despite the existence of rails
connecting them. However, this issue can be detected early,
during the robot path generation phase.

Another risk to consider during operations is that junctions
may not always be set in the position expected by the path
planning algorithm. To catch such failure, VERNE can be
used to monitor if the robot is progressing correctly along the
desired atom route. Consequently, the robot’s behavior can
be adapted (e.g. reducing speed at times of uncertainty) and
recovery behaviors can be implemented as soon as a trajectory
error is detected (e.g. returning to the last known correct posi-
tion within a given time limit) thus ensuring safe movement.
Similar strategies are relevant if VERNE is created from an
incorrect dataset containing segments that do not exist in the
real track network. Such data would result in the erroneous
generation of unrealistic paths. As the robot moves along the
real, physical track, significant deviation from the planned
trajectory will be observed, and action can be taken.

It is also necessary to take into account uncertainties in the
geographic coordinates of the segments stored in any digi-
tal map used for localization. For instance, an error of two
meters with a 90% confidence interval has been empirically
observed by engineers working with the Swedish dataset. The
optimization of the query margin would require more infor-
mation on the inaccuracy of public datasets, unavailable for
the time being. On another note, most odometry sources have
a more complex uncertainty area than a disk, which would
need specific analyses.

Lastly, when deploying robots using a digital map such as
VERNE, operators should be ready to intervene if the initial
localization of the robot cannot be resolved automatically, for
example if the margins used or the current sensors’ inaccura-
cies prevent a non-ambiguous localization between multiple
atoms upon startup.

VII. CONCLUSIONS AND FUTURE WORK
This paper presents VERNE, a comprehensive framework
aiming to format raw geographic data into a fast, memory-
efficient, practical and customizable data structure capable of
representing railway topology. Both its data structure and its
query algorithm are provided. The ultimate goal is to facil-
itate robust and efficient localization of robots operating on
railway environments by leveraging a structured and scalable
representation.

This study demonstrates that, thanks to a spatial data struc-
ture based on a simple topological representation, VERNE
can effectively address the problem of querying candidate
atoms with a performance level suitable for high-frequency
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onboard computation. The proposed structure is both visualiz-
able and interpretable, ensuring comprehensibility for human
operators. This includes properties such as limits in terms of
abscissa and ordinate, bounding box positions, and sizes.

Through an extensive comparison between two common
spatial data structures and two custom ones, the internal
mechanism of VERNE results from a compromise between
memory size and query speed. In any case, VERNE does not
rely on fine-grained interpolation or intensive preprocessing,
and delivers strong performance in terms of precision.

While the scalability of VERNE has been demonstrated
between the Swedish and French networks, the non-trivial re-
lation between total memory size and network characteristics
(e.g., length, complexity and resolution) could be subject to
further investigations on a wider variety of countries.

Limited efforts have been made here to optimize overlaps
between bounding boxes, particularly when using the rOB2

structure. This remains an area of interest for future studies
and could provide valuable insights into improving the per-
formance of that spatial data structures.

As mentioned above, more comprehensive description
models exist but lack a deployment-ready spatial data struc-
ture. It could be investigated how VERNE can be combined
with them to benefit from advanced description capabilities
as well as memory-efficient and fast queries. For example,
offering a conversion service (import/export) between RailML
and VERNE could contribute positively to scaling up the
solution. The translation of the VERNE framework into an
open-source tool is a clear objective that would significantly
benefit the field. Intensive work is currently being carried out
on the remaining non-trivial task of creating a user-friendly
build system with comprehensive documentation.

To further evaluate its robustness and performance in op-
erational scenarios, VERNE will be integrated into a robotic
platform and tested under real-world conditions.
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