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in 3D environment, comprising; generating a segment map in which the position and
orientation of the object can be estimated, and localizing the object within said segment
map, comprising the steps of: a. segmenting one point cloud or each point cloud from
a plurality of point clouds into a plurality of segments pertaining to different elements
or structures of the 3D environment, b. extracting a descriptor for each segment of said
plurality of segments, and c. comparing the descriptors and locations of the plurality of
segments of said one point cloud or each point cloud with the descriptors and locations
of segments of said segment map in order to estimate the position and orientation of the
object. Said one point cloud is generated from a single 3D scan of one 3D scanner, or
said each point cloud is generated from a single 3D scan of respective 3D scanner of
a plurality of 3D scanners, wherein the plurality of single 3D scans is collected during
the same period of time.
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Method and system for performing localization of an object in a 3D
environment

Field of the invention

[0001] The present invention concerns a method for performing
localization of an object in a 3D environment. The invention also concerns a
system comprising one 3D scanner for generating a point cloud from a single
3D scan of the 3D scanner or a plurality of 3D scanners for generating a
plurality of point clouds from a single 3D scan of respective plurality of 3D
scanners acquired at the same time, and a computing device configured to

execute an algorithm to perform the method.

Description of related art

[0002] For autonomous mobile robots, it is crucial that at all times during
operation, they have an accurate estimate of where they are with respect to
their surroundings. This is a prerequisite to perform tasks such as navigation,
obstacle avoidance or in order to interact with the environment. In robotics,

localization can happen on two levels: locally and globally.

[0003] Local motion estimation usually starts off with a known initial
position and rotation (called pose) of the robot. After a movement of the
robot, the estimate of the current pose is then updated by taking advantage
of sensor measurements. This can for example be done by counting the
revolutions of the robot’s wheels or by measuring the change of perspective
in images taken at the initial position and at the new position. Local motion
estimation thus deals with tracking the pose of a robot given an initial
estimate. In many modern systems, besides tracking the pose, also a 3D map
of the environment is built incrementally, which helps the robot to orient
itself in larger spaces, especially relevant for tasks like navigation. An
example here would be a delivery robot that needs to find its way from the

vendor to the doorstep of your home.



10

15

20

25

WO 2020/194079 PCT/IB2020/051779

[0004] As aforementioned, an initial pose estimate is required for
initializing the local motion estimation process. This can be obtained by a
type of technique called global localization. Given a 3D map, which has
previously been built using a local motion estimation algorithm, and one set
of current sensor measurements (e.g. images, LiDAR scans, etc), global
localization deals with identifying where the robot currently is in the map -
without having any prior information about the robots whereabouts. This is
especially challenging when using GPS is not an option. Global localization
also helps to reorient a robot which has got lost due to some erroneous
computations. Even in modern local localization systems this may still happen
regularly. Finally, global localization helps map building algorithms to create

more accurate 3D maps through a technique called loop closure detection.

[0005] Global localization in LIDAR data is challenging and different
approaches to solving the problem exist. A flowchart of a segment-based
global localization algorithm according to the prior art is illustrated in Figure
1. This algorithm takes as input a sequence of scans of a 3D LiDAR scanner
and first integrates them in one larger and dense point cloud. A sparse LiDAR
measurement and a dense point cloud according to the prior art are

respectively illustrated in Figure 2.

[0006] In a second step, the dense point clouds are segmented into
clusters, called segments. Usually a segment represents a set of points which
are close in space and belong to one or multiple objects or structures in the
environment. Some typical example segments obtained by methods of the
prior art can be found in Figure 3. The image shows two segments per
column, resulting from scanning the same objects during two different visits
of the place. The segments depicted in Figure 3 stem from walls, trees and

vehicles.

[0007] In a next step, these segments are then described statistically by

extracting geometric properties either using hand-crafted methods or using
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artificial intelligence. The result is called a descriptor and is a compact list of
floating-point values. The global map then consists of a collection of multiple
segment descriptors together with their corresponding locations in the

map.

[0008] If one then wants to globally localize a new LiDAR scan in such a
map, one again extracts segments from a query point cloud and describes
them with the same procedure as for map construction. In a next step, the
descriptors of the query segments are compared with those in the map. If
multiple segments with similar descriptors are found, these are called
matches. It is then verified, whether the matched segments in the map have
a similar geometric configuration as the query segments. If this is true, a
global localization is detected and the pose of the robot with respect to the

map can be computed from the matched segment configuration.

[0009] All segment-based global localization algorithms according to the
prior art include and rely on a specific step: they all use and require LiDAR
data from multiple successive scans, usually between 10 and 50 scans. The
data are integrated in order to build a dense 3D point cloud of the local
environment, which then results in dense segments. This is a disadvantage
when operating autonomous robots, as these would need to navigate
through an unknown environment for several meters in order to integrate
the dense point cloud representation necessary for the localization
algorithm to work. This exploration task can be time consuming and is

potentially dangerous if performed autonomously.

[0010] It is an aim of the present invention to obviate or mitigate at least

some of the above-mentioned disadvantages.

[0011] More particularly, the aim of the present invention is to provide a
method suitable for performing localization in a 3D environment not only of

a moving object but also a static object without having to move a scanner
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such as a LiDAR sensor, whereby a map given data from the scanner and local
pose estimates from an arbitrary local motion estimation algorithm can be
build, and whereby the pose of the scanner within the previously computed

map can be determined.

Brief summary of the invention

[0012] According to the invention, these aims are achieved by means of a
method for performing localization of an object in 3D environment,
comprising: generating a segment map in which the position and orientation
of the object can be estimated, and localizing the object within said segment
map, comprising the steps of: a. segmenting one point cloud or each point
cloud from a plurality of point clouds into a plurality of segments
pertaining to different elements or structures of the 3D environment, b.
extracting a descriptor for each segment of said plurality of segments, and c.
comparing the descriptors and locations of the plurality of segments of said
one point cloud or each point cloud with the descriptors and locations of
segments of said segment map in order to estimate the position and
orientation of the object. Said one point cloud is generated from a single 3D
scan of one 3D scanner, or said each point cloud is generated from a single
3D scan of respective 3D scanner of a plurality of 3D scanners, wherein the

plurality of single 3D scans is collected during the same period of time.

[0013] In an embodiment, generating the segment map comprises:

i) segmenting a plurality of point clouds, wherein each point cloud is
generated from a single 3D scan of respective plurality of 3D scanners located
at different places of the environment, and wherein each point cloud is
segmented into segments separately from the other point clouds,

ii) extracting descriptor for each of the segments resulting from the
segmentation of each of said plurality of point clouds, and

iii) associating each of said segments with a portion of the 3D

environment.
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[0014] In an embodiment, the point cloud segmented under step a. is a
sparse point cloud.
[0015] In an embodiment, segments within the segment map which have

similar descriptors and which are in a similar location are marked as

duplicates.

[0016] In an embodiment, segments marked as duplicate are removed

from the segment map and just one of them is kept.

[0017] In an embodiment, the segments marked as duplicate are merged

into one new descriptor and one new segment location.

[0018] In an embodiment, the step of segmentation of the point cloud
under step a. is achieved as a function of local geometrical properties in said

point cloud.

[0019] In an embodiment, before step a. said point cloud is projected into
a range image. Segmentation of the point cloud under step a. is performed

on the range image.

[0020] In an embodiment, the segmentation is based on depth

differences between neighbouring points in the range image.

[0021] In an embodiment, a neural network is used for extracting

descriptor for each segment of said plurality of segments under step b.

[0022] In an embodiment, segments are fed into the neural network

aligned with the direction of gravity.

[0023] In an embodiment, the neural network is trained with a triplet loss

with batch hard negative mining.
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[0024] In an embodiment, the neural network is trained with images of
elements or structures of the environment together with segments. Each of
said images is fed to the neural network together with the segment derived

from the element or structure of the corresponding image.

[0025] In an embodiment, the neural network comprises a first, a second
and a third sub-network. The first sub-network is configured to extract an
intermediary descriptor of the segment. The second sub-network is
configured to extract an intermediary descriptor of the image. The third sub-
network is configured to fuse the two aforementioned intermediary

descriptors into one fused descriptor.

[0026] In an embodiment, the estimation of the position and orientation
of the object under said step c. is obtained by computing the similarity
between two given descriptors. The similarity is preferably computed with a
Minkowski distance between the two given descriptors, or with a metric

derived from said distance.

[0027] In an embodiment, descriptor and location of segments, obtained
from segmentation of one or more point clouds which had been generated
from a single scan of one or multiple 3D scanners before said point cloud
under step a. was generated, are used together with descriptor and location
of segments obtained from the segmentation of said point cloud under step

a. when estimating the position of the object under step c.

[0028] In an embodiment, said one or multiple 3D scanners are multi-

channel LiDAR scanners.

[0029] In an embodiment, the object is an autonomous or semi-

autonomous robot.
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[0030] Another aspect of the invention relates to asystem for performing
localization of an object in a 3D environment, comprising one or 3D scanners
for generating a point cloud from a single scan and a plurality of point clouds
from multiple scans, and a computing device configured to execute an

algorithm to perform the method as described above.

[0031] Another aspect of the invention relates to a computer readable
storage medium having recorded thereon a computer program. The

computer program is configured to perform the method as described above.

Brief Description of the Drawings

[0032] The invention will be better understood with the aid of the
description of embodiments given by way of examples and illustrated by the

figures, in which:

- Figure 1 shows a flowchart of a segment-based global localization

algorithm according to the prior art;

- Figure 2 shows a dense point cloud map which is used to extract

dense segments according to the prior art;

- Figure 3 shows examples of dense segments obtained by methods

of the prior art;

- Figure 4 shows a sparse LiIDAR measurement of a sequence of

scans of a 3D LiDAR scanner as used in an embodiment;

- Figure 5 shows a flowchart of a segment-based global localization

algorithm according to an embodiment;

- Figure 6shows a point cloud resulting from a 64-beam Velodyne

LiDAR scanner;
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- Figure 7 shows a point cloud from the same place of Figure 7, but

showing only 16-beams of the LiDAR scan;

- Figure 8 shows a schematic representation of segmentation
algorithm configured to compute the angle B for every pair of neighbouring

points in a range image according to an embodiment;

- Figure 9 shows an image of a segmented LiDAR scan from the Kitti

dataset using only 16 LiDAR beams according to an embodiment;

- Figure 10 shows a schematic representation of a structure of the

neural network used for descriptor extraction according to an embodiment;

- Figure 11 shows a matrix containing the obtained ground truth

correspondences in the training data according to an embodiment;

- Figure 12 shows segments resulting from point cloud
segmentation are projected onto camera image which has overlap with the

field of view of the LiDAR sensor according to an embodiment, and

- Figure 13 shows a neural network used for fusing point cloud and

image data into a combined descriptor according to an embodiment.

Detailed Description of possible embodiments of the Invention

[0033] According to an embodiment of the invention, there is provided a
method for performing localization of an object, such as an autonomous or
semi-autonomous robot, in 3D environment using a 3D LiDAR sensor that
can perform global localization using only one single LIDAR scan

measurement, i.e. one-shot localization, as shown in Figure 5.

[0034] The one-shot localization method brings major improvements over

current state-of-the-art solutions which rely on the accumulation or
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integration of multiple LIiDAR scans taken at different times and from
different positions. The resulting segments are dense. The one-shot
localization method makes it possible to perform global localization without
any movement of the robot or the sensor and works with the sparse
segments resulting from single scans of a scanner such as a LIDAR sensor. This
is a clear advantage over systems where the robot has to move or where the
lidar is actuated as the moving parts can break, wear-out and increase the

systems costs.

[0035] Furthermore, the geometric properties of the said dense segments
highly depend on the travelled trajectory during the accumulation process.
Thus, the extracted descriptors are strongly trajectory dependent which
limits the robustness against changes in point of view. Additionally, the
accumulation of sparse LIDAR data in dense point clouds relies on accurate
motion estimation which is subject to inaccuracies resulting from inherently
noisy sensor measurements. In practice, the resulting dense segments are
often fuzzy, which in turn lead to descriptors with deteriorated quality. Since
the one-shot localization method does not accumulate point clouds, the
descriptors are not affected by erroneous motion estimates and thus result
in more reliable matching. Moreover, segmenting sparse point clouds
requires less computational power which supports the use of the global
localization algorithm on resource constrained platforms. These
characteristics directly lead to better localization performances over

standard dense segment matching approaches.

[0036] The one-shot localization method according to an embodiment is
shown Figure 5. The method takes as input a sparse point cloud of a single
LiDAR scan. The point cloud is first segmented and the resulting segments
are described using a neural network. The segment descriptors are matched
against the segment map represented as a database. Candidate matches
undergo a geometrical consistency test and may result in a global

localization.
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Segmentation

[0037] The task of segmentation is to partition a given point cloud into
smaller subsets with each ideally containing non-overlapping, information-
rich structures of the environment. Instead of accumulating LiDAR data from
multiple scans, taken at different times and from different positions, into a
local dense point cloud according to the prior art, only a single scan is used
for performing localization against the map. This implies that measurements
of objects and structures in an environment are almost surely only partial,
since structures are measured only from one perspective. When additionally
dealing with sparse LiDAR data from Velodyne-like sensors, such as the VLP-
16, which has only 16 scan lines, segmentation becomes a challenging task.
A comparison between a 64-beam and a 16-beam LiDAR scan can be seen in

Figures 6 and 7 respectively.

[0038] Euclidean distance or curvature-based approaches as used by Dubé
et al. [1] often fail when confronting such sparse data, since distances
between points of two different scan lines are usually large and point
normals may thus be unreliable. The specific reading pattern of the sensor

would significantly affect the segmentation if not addressed explicitly.

[0039] For this reason, the segmentation approach presented by
Bogoslavskyi and Stachniss [2] is leveraged. The algorithm works directly on
the range image and employs a simple geometrical strategy to separate
structures in the point cloud which expose strong discontinuity in depth.

Ground removal is applied before segmentation for improved performance.

[0040] Let B be the angle between the line connecting the 3D points
corresponding to two neighbouring pixels in the range image, and the range
image normal. A schematic of the definition can be seen in Figure 8. 8 is
computed for every pair of neighbouring pixels in the range image.

Segmentation then can be casted as solving the problem of connected
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components, with the separation threshold simply being a threshold on the
angle B. Taking advantage of knowledge about the structure of point clouds
produced by Velodyne-like sensors, all operations can be executed on the
range image only. This is based on the fact that g can be computed from the
depth and the known constant angle between two neighbouring pixels,
which is either the angle between two LiDAR scan lines or between two

LiDAR measurements within a scan line.

[0041] Ground removal is based on the assumption that the ground is a
plane-like, close to horizontal structure in the lower part of the range image.
Executing segmentation directly on the range image has the positive effect
of considerably reducing computation times compared with methods
working on 3D data, which have to deal with expensive nearest-neighbour
search for thousands of points. An example of a segmented LiDAR scan can

be seen in Figure 9.

Segment Description

[0042] The objective of the segment description is to perform
dimensionality reduction on the incoming point cloud segments,
compressing them to a vector of floating point numbers. In experiments, 64
proved to be a good size for the embedding. The compression is performed
such that the L2 distance between similar segment point clouds is small, and
large for segments with dissimilar structures. This principle allows taking
advantage of efficient tree-based search methods to identify the nearest

neighbours of segments in descriptor space.

[0043] The description is performed by an artificial neural network based
on 3D convolutions, max pooling and dense layers. This architecture was first
presented by Dubé et al. [3] and is similar to what is used in the algorithm
disclosed herein. Prior to being fed into the neural network, point cloud

segments are centred and aligned according to their principal component
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normal to the direction of gravity and fit into a voxel grid. Since point clouds
are processed from a single scan in contrast to data accumulated from
multiple scans, the network was retrained on the sparse data. Recent
advances in metric learning have been taken advantage of implementing the
popular triplet loss for training the network. This is a difference to prior art

by Dubé et al. [3] which relies on a class-based loss function instead.

Neural Network Training

[0044] The details regarding the training are described thereafter. A
schematic representation of a structure of the neural network used for

descriptor extraction is shown in Figure 10.

Training Data Generation

[0045] The training data is generated from the publicly available datasets
Kitti [4] and NCLT [5]. For the generation of ground truth correspondences,
the LiDAR data is first segmented with the approach described above. Two
segments s; and s> are then marked as matches if their centroids are within

a distance of 3m and if their 3D convex hulls fulfil the following condition:

Volume({Conuv(s,) N Conv(sa))

Volume(Conuv(sy) U Conu(sa)) =P
The value p = 0.3 was found to produce good segment correspondences
while avoiding being too strict. Pairs of segments which fulfill the above
criteria, are called matches from here on. For the Kitti dataset, odometry
sequence 05 and 06 are used for training and sequence 00 for testing. In the
case of the NCLT dataset, the largely overlapping recordings from the dates
2012-11-17 and 2012-03-25 were used.
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[0046] The work by Dubé et al. [3] uses a class-based approach for
training, which fits well the domain of segments resulting from fusing
multiple LIDAR scans. In the one-shot localization method disclosed therein,
this approach is less appropriate. One may consider the case of a set of
segments resulting from moving along a long wall. In the one-shot case, the
limited range of the LiDAR sensor will produce a set of consecutive segments
which likely have considerable overlap, while segments stemming from the

beginning of the wall will not overlap with those from the end of the wall.

[0047] If one were to choose the class-based approach here, one would
face the challenge of determining which of the segments still belong to the
same class and which don’t. Is has been therefore opted for storing a list of
all pairs of segments which fulfils the criterium defined in equation 3.1. This
information can be stored efficiently in a sparse matrix, where the columns
and rows represent indices in increasing order, which also provides fast access
to the matches of a given segment. An example of such a match matrix can

be seen in Figure 11.

Loss Function

[0048] The triplet loss, originally developed for the computation of face
image embeddings [6], is a method for metric learning which has gained
considerable popularity for the application of visual place recognition [7], [8]
and is implemented for the task of finding embeddings for 3D point cloud

segments.

[0049] The triplet loss is defined as follows. Let f(x) represent the
embedding - R® — RY which brings an n-dimensional input x into a d-
dimensional feature space. Given an input x?, usually called anchor, a positive
sample x? and a negative sample x" are selected. In the present case, this
would respectively be a segment matching the anchor and one not matching

it. The triplet loss follows the objective of maximising the distance between



10

15

20

WO 2020/194079 PCT/IB2020/051779
14

negative samples and minimizing the distance between positive samples. It

is thus formulated as follows:
Liripier = 1@ = f@)lla = 1) = F@")la +m]

[0050] The parameter m is the separation margin and defines the
minimum difference between the positive and negative samples required for

zero loss. The operator >s J+ denotes the hinge loss defined as:
2]y = max(0, z)

The loss being minimized for a batch of N triplets then results in:

A‘T\'F

Lyoten = Y [17(2) = F@)lle = 1 (5) = Fai)lla +m)

$==()

[0051] A crucial element in triplet training is an appropriate strategy for
hard-negative mining, which has been shown to improve performance and
convergence rates [6], [9], [10], [11]. Among the different approaches
presented in the past, a strategy called batch hard [9] was opted for its ease
of implementation and its good balance between finding challenging hard
samples without becoming too sensitive to false labelling. Its functional

principle is as follows:

Every batch passed through the neural networks contains P samples from K
classes. In the one-shot localization disclosed herein, a class is referred to as
a set of segments which are all matching with each other according to
Equation 3.1. Every element in the batch has thus P - 1 positives and P = (K -
1) negatives. For every element in the batch, the hardest positive and hardest
negative from within the batch is selected to form a triplet. In contrast to

finding hard negatives and positives in the entire dataset, this method avoids
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overfitting to a few very hard or falsely labelled samples. With appropriate
values for P and K, challenging samples can be easily found within the batch.

In the present case, P =4 and K = 16 proved to provide a good balance.
Segment Matching

[0052] For global localization one first needs to build a map in which the
robot pose can be estimated. In the case of the presented work, building the
map comes down to segmenting the scans obtained from the traversal of an
environment and storing the corresponding segment descriptors and their
centroids with respect to some map coordinate fame. It is assumed that the
computation of these coordinates is roughly globally consistent and can be
achieved through estimating the pose of the LiDAR frame throughout the

data recording.

[0053] Since sequential LiDAR scans are not accumulated, many
duplicates may be generated in the database if the LIiDAR data contains
stationary structures, i.e. when the resulting point clouds do not change
significantly between scans. In order to avoid this, a filtering step is executed
after describing all map segments. Duplicate entries which result from
segments which are close in both descriptor and physical space are discarded.
Finally, the segment descriptors are stored in a k-d tree structure to allow

efficient nearest neighbour search.

[0054] Given a query LiDAR scan, the scan is segmented and the resulting
segments are described as outlined above. For every segment in the scan, its
k nearest neighbours in descriptor space are retrieved from the map. For
each of the k nearest database descriptors dg, the L2 distance to the query

segment descriptor dq is computed and a threshold is applied:

|ldq - ddll <= dmaa:
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The segments passing this threshold are considered candidate matches and

are passed on to the next section of the pipeline.
Geometrical Consistency Test

[0055] The implementation of the geometrical consistency test follows
closely the graph formulation approach presented by Dub’e et al. [12]. Let a
match between a segment in the query scan and a segment in the map be
represented as a vertex in a graph. An edge then connects two vertices, if
the underlying segments have their centroids at a similar distance in both
the map and the query scan. Such a distance is called similar if two 3D

centroids ¢; and ¢ fulfil the following:
ler —eafle <7

[0056] Where r is a threshold called resolution. Experiments showed that
r = 0.4m is loose enough to tolerate instabilities of segment centroids due to
partial observations and tight enough to mostly avoid false positive matches.
The problem of recognizing a place then comes down to finding the
maximum clique in the resulting graph and checking whether its size is
greater than a threshold n € N > 3. Experiments showed that n = 5 is a
reasonable minimal clique size for many environments. Since the problem of
computing the maximum clique has exponential worst-case time complexity,
graph pruning is executed to keep the graph at a manageable size. For this
purpose, edges are discarded if the underlying segments are at a larger

distance than the maximum distance between segments in the query scan.

[0057] If a maximum clique of size larger than n is found, a place
recognition is triggered and the relative pose between the centroids of the
matched segments in the map and the query scan is computed. This problem
is casted as finding the similarity transform between two point sets, to which

Umeyama [13] offers a robust algorithm, implemented in the PCL library [14].
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This final step allows us to estimate the 6 DOF pose of a robot in a map
without any prior information on its pose and b using a single LiDAR scan

only.

[0058] A method to enhance a point cloud segment with visual
information is described thereafter. Figure 12 shows a possible integration

into a global localization framework.

Image Patch Extraction

[0059] In order to extract visual information of the environment for a
given segment, it is required that a camera sensor has significant overlap
with the field of view of the LiDAR sensor. Once an incoming point cloud has
been segmented, the resulting segments are then projected onto the camera
image. This process requires the camera sensor to be extrinsically calibrated
with respect to the LiDAR sensor. Following this, the bounding box of the
projection is computed and the corresponding part of the image is extracted.
The resulting image patch represents the visual appearance of the
corresponding segment and serves to increase the performance of the

segment descriptor.

LiDAR-Vision Fusion

[0060] This section describes the neural network used to extract a
descriptor of a segment point cloud and its corresponding image patch. For
describing the image patch, the neural network NetVLAD [15] is used. It is a
neural network architecture which has shown promising results for visual
global localization and produces a global descriptor of an image. It passes an
incoming image through a deep convolutional network based on VGG-16
followed by a so called NetVLAD layer. The latter aggregates the features

coming from the convolutional network into learned clusters and produces
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a single 4096x1 descriptor of the image. An optional PCA-based

dimensionality reduction may be applied.

[0061] A detailed schema of the neural network structure used for
computing a multi-modal descriptor of the segment and the image is shown
in Figure 13. NetVLAD is used such that the image patch is first rescaled to a
size of 140x140 and then fed into the network. The resulting descriptor is
concatenated with the flattened output of the segment descriptor network.
In this case, the segment descriptor network is a pruned version of the one
presented in Figure 10. Instead of passing the output of the 3D convolutional
layers into dense layers directly, the flattened output is first concatenated
with the image descriptor resulting from NetVLAD. These concatenated
intermediate descriptors are then passed through dense layers which finally

result in the fused, condensed multi-modal descriptor.
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Claims

1. Method for performing localization of an object in 3D environment,
comprising:

- generating a segment map in which the position and orientation of
the object can be estimated,

- localizing the object within said segment map, comprising the steps
of:

a. segmenting one point cloud or each point cloud from a plurality
of point clouds into a plurality of segments pertaining to different
elements or structures of the 3D environment,

b. extracting a descriptor for each segment of said plurality of
segments, and

¢. comparing the descriptors and locations of the plurality of
segments of said one point cloud or each point cloud with the descriptors
and locations of segments of said segment map in order to estimate the
position and orientation of the object,

characterized in that

said one point cloud is generated from a single 3D scan of one 3D
scanner, or

said each point cloud is generated from a single 3D scan of respective
3D scanner of a plurality of 3D scanners, wherein the plurality of single 3D

scans is collected during the same period of time.

2. Method according to claim 1, wherein generating the segment map
comprises:

i) segmenting a plurality of point clouds, wherein each point cloud is
generated from a single 3D scan of respective plurality of 3D scanners located
at different places of the environment, and wherein each point cloud is
segmented into segments separately from the other point clouds,

ii) extracting descriptor for each of the segments resulting from the

segmentation of each of said plurality of point clouds, and
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iii) associating each of said segments with a portion of the 3D

environment.

3. Method according to any preceding claim, wherein the point cloud

segmented under step a. is a sparse point cloud.

4. Method according to any preceding claim, wherein segments within
the segment map which have similar descriptors and which are in a similar

location are marked as duplicates.

5. Method according to the preceding claim, wherein segments marked
as duplicate are removed from the segment map and just one of them is

kept.

6. Method according to claim 4, wherein the segments marked as
duplicate are merged into one new descriptor and one new segment

location.

7. Method according to any preceding claim, wherein the step of
segmentation of the point cloud under step a. is achieved as a function of

local geometrical properties in said point cloud.

8. Method according to any preceding claim, wherein before step a. said
point cloud is projected into a range image, segmentation of the point cloud

under step a. being performed on said range image.

9. Method according to the preceding claim, wherein said segmentation
is based on depth differences between neighbouring points in the range

image.

10. Method according to any preceding claim, wherein a neural network
is used for extracting descriptor for each segment of said plurality of

segments under step b.
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11. Method according to the preceding claim, wherein segments are fed

into the neural network aligned with the direction of gravity.

12. Method according to claim 10 or 11, wherein the neural network is

trained with a triplet loss with batch hard negative mining.

13. Method according to any of claims 10 to 12, wherein the neural
network is trained with images of elements or structures of the environment
together with segments, each of said images being fed to the neural network
together with the segment derived from the element or structure of the

corresponding image.

14. The method according to any of claims 10 to 13, wherein the neural
network comprises a first, a second and a third sub-network, the first sub-
network being configured to extract an intermediary descriptor of the
segment, the second sub-network being configured to extract an
intermediary descriptor of the image, and the third sub-network being
configured to fuse the two aforementioned intermediary descriptors into

one fused descriptor.

15.  Method according to any preceding claim, wherein the estimation of
the position and orientation of the object under said step c. is obtained by
computing the similarity between two given descriptors, and wherein said
similarity is preferably computed with a Minkowski distance between said

two given descriptors, or with a metric derived from said distance.

16. Method according to any preceding claim, wherein descriptor and
location of segments, obtained from segmentation of one or more point
clouds which had been generated from a single scan of one or multiple 3D
scanners before said point cloud under step a. was generated, are used

together with descriptor and location of segments obtained from the
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segmentation of said point cloud under step a. when estimating the

position of the object under step c.

17. Method according to any preceding claim, wherein said one or

multiple 3D scanners are multi-channel LiDAR scanners.

18. Method according to any preceding claims, wherein the object is an

autonomous or semi-autonomous robot.

19. System for performing localization of an object in a 3D environment,
comprising one or 3D scanners for generating a point cloud from a single
scan and a plurality of point clouds from multiple scans, and a computing
device configured to execute an algorithm to perform the method according

to any preceding claim.

20. A computer readable storage medium having recorded thereon a
computer program, the computer program configured to perform the

method according to any of claims 1 to 18.
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