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GNGraph: Selt-Organizing Maps for Autonomous
Aerial Vehicle Planning

Edwin Padl Herrera-Alarcon ¥, Massimo Satler

Abstract—The present letter tackles the problem of planning a
collision-free path in a known environment from a general point of
view. We address the problem by using an unsupervised learning
algorithm to generate a sparse graph representing the topological
structure of the environment and use it for planning paths in 3D
spaces. We propose GNGraph, an integrated solution combining
the Growing Neural Gas algorithm to generate the sparse graph, a
stop criterion to guarantee the graph’s connectivity and a collision
check to assess the edges and nodes validity. The proposed solution
has been tested on simulated and real environment maps, and com-
pared against a state-of-the-art graph planning algorithm among
other global planning methods.

Index Terms—Aerial systems: perception and autonomy, aerial
systems: applications, Al-based methods, autonomous vehicle
navigation, integrated planning and learning.

1. INTRODUCTION

ICRO Aerial Vehicle (MAV) exploration in cluttered
Mobstacle environments is a challenging problem that
demands obstacle detection and planning feasible trajectories in
real-time. On the other hand, map-based navigation is a problem
that relies on map learning, localization, and path planning.
Environment exploration and map-based navigation are two fun-
damental problems in robotics, which are profoundly related and
consequential. While the exploration in cluttered environments
is interested in enhancing the volumetric representation of the
surroundings, map-based navigation is keen to use the previously
obtained information for fast and secure planning among the
mapped space. From the solution to both problems, several civil
applications have been satisfied, like industrial inspection [1]-
[3], surveillance and object-oriented exploration [4], [5], 3D
surface building reconstruction [6], precision agriculture [7], to
mention a few.

In this letter, we depict a scenario where the MAV has
an exploration mission to build a map of the space where
it will operate, e.g., infrastructure inspection [2] or building
reconstruction [8] applications, and then reuse this map for fast

Manuscript received 24 February 2022; accepted 9 July 2022. Date of pub-
lication 1 August 2022; date of current version 9 August 2022. This letter was
recommended for publication by Associate Editor R. Liu and Editor A. Banerjee
upon evaluation of the reviewers’ comments. (Corresponding author: Edwin
Paiil Herrera-Alarcon.)

Edwin Pail Herrera-Alarc6n, Massimo Satler, and Carlo Alberto Avizzano
are with the Perceptual Robotics Laboratory at the IIM Institute, Department of
Excellence in Robotics and A.I., Scuola Superiore Sant’ Anna, 56100 Pisa, Italy
(e-mail: e.herreraalarcon @santannapisa.it; m.satler @sssup.it; carlo@sssup.it).

Marco Vannucci is with the ICT-COISP at the TeCIP Institute, Department of
Excellence in Robotics and A.I., Scuola Superiore Sant’ Anna, 56100 Pisa, Italy
(e-mail: m.vannucci@santannapisa.it).

Digital Object Identifier 10.1109/LRA.2022.3195192

, Marco Vannucci, and Carlo Alberto Avizzano

and efficient planning. Considering the movement versatility of
MAVs, they have the potential to reproduce a detailed volumetric
map of a scene in a relatively short time. However, their limited
flying autonomy demands necessary pit stops during a real-life
mission. Therefore, it is mandatory to return to the home station
and then return to continue its mission from the last checkpoint.

Werner et al. [9] presented how it is possible to model in a
simple formalism the essential notions of navigational knowl-
edge using route graphs. While, Collins et al. [10] evidenced
the benefits, both computationally and memory-efficient, of
describing the global map through a sparse topological graph.

Self-organizing Map (SOM) algorithms adapt their structure
to fit high-dimensional input data into a lower-dimensional
space while preserving the data’s topology. Because of these
essential features, SOM algorithms have been widely used for
data clustering and learning data distributions.

The proposed work focuses on creating a compact, low-
dimensional representation of 3D spaces through a sparse topo-
logical graph. The proposed solution exploits an unsupervised
Hebbian learning algorithm and is devised for a fast run-time
global planning query on low-computing power embedded sys-
tems typically used on MAVs.

The Growing Neural Gas (GNG) algorithm [11] uses graphs
as network structures, where each node has an associated weight
vector corresponding to the node’s position in the input space.
GNG is an unsupervised clustering algorithm that maps arbitrary
data used for training into a (often much) smaller set of clusters
preserving their original distribution and topology. These
features are fundamental in topology learning tasks since they
favor the generation of a higher number of clusters in the regions
of the domain where original data are denser (distribution
preservation) and a comparable spatial localization (topology
preservation). The main advantage of GNG over the SOM is that
this latter approach requires the a priori setting of the number of
clusters to be generated, which may affect the quality of the final
clusterization. With GNG, the number of clusters is continuously
updated and eventually grown until a user-defined upper limit.
Our method exploits the relationships established by the network
between nodes to generate the edges and the algorithm’s growing
characteristic to ensure a reduced dimensionality concerning
the input data. The proposed algorithm exploits a Euclidean
Signed Distance Field (ESDF) map of an environment to extract
its 3D Generalized Voronoi Diagram (GVD). Subsequently, the
diagram is pruned to generate a sparse graph that represents the
environment’s topology. The algorithm’s efficiency is evaluated
by analyzing the sparse graph and testing its performance for
planning purposes.

The contributions of this work are the following:

1) anovel approach based on an unsupervised learning algo-

rithm for the generation of a sparse graph representing the
topological skeleton of 3D spaces;
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2) the definition of a criterion to assess graph connectivity as
well as to be used for effectively stopping the iteration of
the learning algorithm;

3) a comparison against a state-of-the-art graph-based algo-
rithm and other global planning algorithms in simulated
and real environments.

The remaining of this work is organized as follows: Section II
provides an overview of different solutions used to extract the
topology of the scene for planning. In Section III, the problem
is stated and the proposed approach is described, while exper-
iments are depicted and analyzed in Section IV. Finally, Sec-
tion V summarizes the results and future project developments.

II. RELATED WORK

Map-based navigation involves three processes: map-
learning, localization, and path planning. Filliat et al. [12]
describe the map-learning and localization as interdependent
tasks in which building a map requires the position to be
estimated relative to the partial map learned until that moment,
while the localization requires the use of a feature map that
already exists. On the other side, path-planning is a relatively
independent process that takes place once the map has been
built and the system’s position estimated.

Thrun [13] evidenced the complexity between producing
highly-accurate maps and efficiently approaching the planning
problem afterward, proposing a method that integrates grid-
based mapping with topological mapping. His work applied
topological grid-based planning in ground robots, where he built
the topology of the map from the GVD, focusing on critical
points (points on the GVD that minimize local clearance) to
divide the map into separate regions.

Since then, several works have been improving the genera-
tion of GVDs for spatial representations and planning. Kalra
et al. [14] proposed the Dynamic Brushfire algorithm, which
uses path planning techniques to update the GVD when the
underlying environment changes or when new information con-
cerning the environment is received. Lau et al. [15] extended
this approach creating a one-voxel-thin GVD that better rep-
resented the topology of the underlying space while using the
Euclidean Distance Maps (DM) with low computational cost.
Kim et al. [16] followed the method proposed by Lau et al. [15]
for MAV planning to recreate a 2D GVD from ESDF to maintain
efficient planning computation under the assumption that flight
altitude would not change drastically. Also, Fang et al. [17] stuck
to an approach using 2D GVD complemented with 3D sampling
for MAV navigation.

More recently, Oleynikova et al. [18] [19] introduced an
approach to obtain the 3D GVD from ESDF and using it for
3D aerial vehicle planning. Their approach is based on Foskey
et al. [20], Simplified Medial Axis (§-SMA), for the calculation
of all points belonging to the medial axis (skeleton). This ap-
proach is used by Rosinol et al. [21] in the Kimera Project, a
spatial perception engine for scene representation, to extract the
topological graph of places. Each node samples the free space in
this project while the edges denote traversability among nodes.

In addition, fascinating work has been done related to the
generation of a sparse graph while exploring the environment.
Collins et al. [10] presented a memory-efficient map built from
the robot’s spatial history to generate a global knowledge of the
environment while exploring it. Even if this approach is highly
efficient, it learns only the topology of the space, limiting an
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exploration mission to obtain only feasible paths rather than a
volumetric representation of the environment. Similarly, Shah
et al. [22] built a topological map using observations obtained
from previously collected data for visual goal navigation.

Unsupervised learning methods have been used for differ-
ent tasks related to autonomous agents. Arleo et al. [23] used
unsupervised Hebbian learning to build a representation of the
environment while exploring it for localization. Their represen-
tation is a continuous 2D manifold from a high-dimensional
input space that combines idiothetic and allothetic information.
Best et al. [24] and Ma et al. [25] used it for perception and task
allocation in a multi-robot system to maximize data collection.
Moreover, several works have focused on using GNG while
exploring [26], [27]. However, just a few approaches used it
to describe the traversable space of an environment for naviga-
tion [28], [29].

III. PROPOSED APPROACH

The proposed method can be divided into three main steps
to generate a graph that can be used to plan at run-time on
the system. The first step consists in the computation of the
medial axis starting from the ESDF map of the environment. The
medial axis represents the set of points with the characteristic
of having more than one closest point to the collision boundary.
The calculation has been done following the approach proposed
by Oleynikova et al. [19].

Then, the self-adaptation phase is based on a competitive
learning algorithm to generate a raw graph from the points
previously evaluated. It is worth noting that, since the graph
is built using medial axis candidates from the ESDF, it will
encode the geometry of the scene. To stop the “self-organizing”
learning algorithm, we choose to analyze the spectrum of the
growing graph. Due to the characteristics of the Fiedler Value
(A2), it is a plausible criterion which is able to identify minimal
connectivity while assuring the generation of one component
graph. Connectivity in graph-based planning is essential because
no solution can be found if the starting and goal positions rely
on separate subgraphs.

Finally, a finishing phase to adapt the raw sparse graph to
a collision-free sparse graph taking into the account the drone
size.

A. Problem Description

Given a graph G = (V, E), where V' € R™ is a set of nodes
or vertices, and Fisaset {u, v} € V, called edges. The reduced
graph associated to G is the graph where no self-loops are al-
lowed as edges, E = {u,v} € V : u # v. In addition, for every
pair of nodes, there is at most one edge between them. Graphs
with these characteristics are often called simple graphs.

We consider two other characteristics for the graph: to be
undirected and connected. Undirected graphs are a type of graph
where no direction is associated with the edges, allowing to
traverse them in both directions. On the other hand, a graph is
connected, if for each pair of vertices {u, v} there is at least one
path that links them.

The problem addressed in this work refers to the generation
of a simple and connected undirected graph G = (V, E), which
represents the 3D topological skeleton of a map for planning.
In shape analysis, the topological skeleton is a thin version of
a shape equidistant to its boundaries. The skeleton relies on the
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collision-free space C'y ., of the explored volume V.., C R3.
Therefore, this graph is a subset of the collision-free space of an
explored volume, allowing fast and efficient planning.

B. Medial Axis Discretization

The medial axis of a shape is the set of all points having
more than one closest point on the object’s boundary. It is often
called the topological skeleton because it is a minimum-unit
wide skeleton of the shape, with the same topology as the original
object.

As previously mentioned, we used the method presented
in [19] to obtain a discretization of the free space. The map’s
discrete skeleton is built by iterating through the voxels that
belong to the ESDF to find ridges of an angle function. A point
belongs to the ridge if its 26-connectivity neighbours have parent
vectors with a minimum angle separation.

C. Delaunay Triangulation

Given a finite set of pointsin S' € R< called sites, the Voronoi
diagram is the partition of S into regions, where a region is
defined by all points closer to a specific site s € S than to any
other site. The dual of the Voronoi diagram, called Delaunay
triangulation, is a unique triangulation so that the circumsphere
of every triangle contains no sites in its interior. The Delaunay
triangulation is a technique for creating a mesh of continuous
and non-overlapping triangles from a discrete input set of points.

D. Competitive Hebbian Learning

Martinetz et al. [30] defined the induced Delaunay triangula-
tion as a Delaunay triangulation with data distribution P. Two
points are only connected if the common border of their Voronoi
polygons lies, at least partially, in a region where P(v) > 0,
where v denotes the input data whose pattern is aimed to be
learned.

Martinetz [31] introduced an approach, based on a Hebbian
Learning rule, to build a graph. Hebb’s rule [32] specifies how
much the weight of the connection between two units should
be increased or decreased in proportion to the product of their
activation due to a specific input. Martinetz [31] incorporated
this concept to generate lateral connections among units that are
initially unconnected. In this approach, competition is brought
in for the generation of lateral connections instead of among
units, such that only strong, repetitive connections remain.
Furthermore, it is demonstrated that CHL creates a connectivity
structure among units that corresponds to the Induced Delaunay
Triangulation if the distribution of the input set of points is
dense. Moreover, if the aforementioned input is dense on a
given manifold, the induced Delaunay triangulation preserves
the topology of the given manifold.

E. Growing Neural Gas Algorithm

Fritzke [11] presented the GNG algorithm as a method to
build Induced Delaunay Triangulation structures using a “Neural
Gas”-alike approach for vector quantization. However, opposite
to the Neural Gas algorithm [33] the method is incremental and
features constant parameters.

GNG uses a growing mechanism for gradual adaptation and
self-adjustment of its size, as it can be seen in Algorithm 1.
The growing neural network starts from a minimal number of
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Algorithm 1: Growing Neural Gas.

Initialize G by two nodes with random weight vectors
ce— 0, s« 10
¢ < Shuffled Medial Axis Candidates
ss+1
v, 11 < TWO_NEAREST_NODES()
foreach n in N, do
| Apy Any+1
end
INC_ERROR(c, s,v, ||w7, — £]|%)
Wy 0, + 6§ — )
Wy, < Wy, + en(g— wy,),¥n € N,
Create an edge between v and p
Ay 0
foreach a,b in all edges in map do
if Aa,b > AMAX then
Delete edge connecting a and b, also all nodes
w/o edges.

R-I- BN B N e

[ < e < = =
D R W R = S

17 end

18 end

19 if s = then

20 GNG_NEW_NODE
21 c+—c+1

22 s« 0

23 end

24 DEC_ALL_ERROR(S)
25 if Stopping Criterion Met then
26 | break

27 else

28 | Go to step 3

29 end

neurons state, which will increasingly adapt to the input data.
The adaptation process will continue until a stopping criterion
is reached.

Considering the configuration space C of the drone within
the map is divided into two disjoint sets: an open set Cyy e
containing the robot’s poses that do not intersect objects and
aclosed set {Cops = C\Cfree b The medial axis discretization is
a set of points distributed densely on Cy,... Hence, by applying
GNG to the medial axis, a resultant graph G is obtained, which
corresponds to a particular induced Delaunay triangulation,
where each edge lies inside the collision-free space. This graph
can be considered as a discrete, path preserving, representation
of Ctre where each node is associated with a weight, which
represents its position in the 3D space. Nevertheless, it does not
guarantee to be the exact 3D topological skeleton of the map.

FE. Spectral Graph Theory

Considering that GNG is an algorithm intended for clustering,
we define the stopping criteria to ensure the characteristics we
are looking for in the graph. Spectral graph theory studies the
properties of graphs through the eigenvalues and eigenvectors
of their associated matrices.

Definition 1: The Laplacian (L) of an undirected graph, with
n vertices, is a symmetric and positive semi-definite matrix.
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Therefore, its eigenvalues are real and non-negative.
1(G) € 22(G) < ... < Mn(G)

Every row and column of the Laplacian matrix adds up to zero
(L1 =0). In consequence, the first and smallest eigenvalue of
L is zero (A1 = 0).

Theorem 1: An undirected graph with n vertices has eigen-
values in the range 0 < A < n. The multiplicity of the zero
eigenvalue equals the number of subgraphs in the graph, and
the multiplicity of the eigenvalue n (A, = n) is equal to one
less than the number of subgraphs in the complementary graph.

Corollary 1.1: An undirected graph is connected if the null
space is 1-dimensional and spanned by the vector 1. Therefore,
Ao > 0 1if the graph is connected.

This eigenvalue is known as Fiedler Value, and it gives a cer-
tain level of the graph’s connectivity [34], [35]. The dimension
of the null space of the Laplacian, the algebraic multiplicity of
the eigenvalue zero, is the number of connected subgraphs of
the graph. Therefore, Fiedler’s value is a suitable stop criterion
for the Algorithm 1, which not only limits the time needed to
generate the graph but also guarantees the connectivity of a
unique connected graph.

Theorem 2: Given A € C™*" the eigenvalues are in the
union of the Gershgorin circles with center a;; and radius
ri =251 i i)

Considering a graph G is connected if its complementary
graph G is disconnected. By applying Gershgorin circles to
the Laplacian matrix, the real eigenvalues are inside the union
of the circles of radius r and positioned in center r, where r
are the values in the diagonal of the Laplacian d(G). dya.(G)
represents the greatest value in the diagonal.

Al(G) S )\Q(G) S e S )\n(G) S 2dmax(G)

Such inequality provides another superior bound for the
largest eigenvalue. Therefore, to avoid the continuous calcula-
tion of the Laplacian’s eigenvalues, while the number of vertices
is less than twice the maximum value in the Laplacian’s diagonal
n < 2dq4.(G) itis possible for A,, = n. In consequence, G will
have at least 2 subgraphs. Once the condition 1 > 2d,,4. (G)
is reached, it is not possible to guarantee anymore that the
complementary graph is disconnected. Hence, eigenvalues must
be calculated.

G. Graph Fitting

GNG does not consider any vehicle size constraints to create
the graph. Therefore, some of their vertices and edges may
not hold the specifics needed for collision-free planning. In
collision-free planning, a path is free if every robot’s configura-
tion within the path is in C¢,¢.. For this reason, a fitting phase
is needed before planning.

The fitting phase considers two checks: vertex check and
edge check, described within Algorithms 2 and 3 respectively.
Considering the ESDF of the map, we test whether the node is at
a distance greater than a suitably sized threshold that considers
the dimension of the drone. The drone is modeled as a sphere
of radius equal to threshold R, to improve the computation
for collision checks. If the position of the node is beyond the
radius, the following node is tested. If it is not, its position is
changed using the gradient of the ESDF and a magnitude relative
to the distance missing to satisfy the constraint. This process is
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Algorithm 2: Fix Vertices GNG Graph.

1 foreach u in V do

2 if getDIST (getWeight(u)) > Ry, then

3 | continue

4 else

5 0 < Ry, — get DIST (getWeight(u))

6 counter < ()

7 while get DIST (getWeight(u)) < Ry, &

counter < MAX_ITERATIONS do

8 m < getGRAD(getWeight(u)) + m
9 new_pos < newPOSITION (u,m,d)
10 if get DIST (new_pos) > Ry, then

11 ‘ updateW EIGHT S (u, new_pos)
12 else

13 ‘ counter < counter + 1

14 end

15 end

16 end
17 end

repeated until reaching the threshold constraint or exceeding a
maximum number of trials.

The edge analysis is accomplished by down-sampling the
edge connecting both vertices and testing whether the samples
respect the distance constraint to the closest obstacle. The fixing
process is analogous to vertex check if a collision is found,
but in addition, the starting edge is deleted. Then, the down-
sampled vertices are fixed, and new connections are generated.
In Fig. 1(a), we depict a collision-free path within an edge and,
in Fig. 1(b), the proposed solution in case of finding a collision.

H. Planning Algorithm

Our method uses a two-step search. First, we use a sample-
based method as Rapidly-Exploring Random Tree (RRT) to find
a path connecting the closest vertices of the graph to both the
start and the goal position. The RRT algorithm is run in areduced
space containing the previously stated points, such that the time
spent to find a possible solution is as short as possible.

The second step is on the graph path computation from the
starting vertex to the goal vertex, whose load is minimal because
graph vertices and edges are built in a k-D tree structure. This
two-step search is motivated by the fact that there is only one
graph, so there is going to be a solution to the global planning
problem once it is reached.

IV. EXPERIMENTS

We evaluated the functionality and the effectiveness of
the proposed approach in simulated environments' of a
collapsed building and collapsed station, and further on the
datasets® provided by Oleynikova et al. [19] collected in real
environments. For the simulated environment, the ESDF map
are computed using the framework described in our previous
work [5]. On the other hand, in the datasets the environment
map was already provided and in particular, we focused on the

Both environments are part of the Gazebo model database.
2[online]: https://www.github.com/ethz-asl/mav_voxblox_planning
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Algorithm 3: Fix Edges GNG Graph.
1 foreach u,v in F do

2 if getVERTEX_DIST(u,v) < Ry, then

3 | continue

4 else

5 foreach n in edge DOWNSAMPLE(u,v) do
6 if getDIST(n) > Ry, then

7 ‘ continue

8 else

9 ‘ addV ERTEX (vertex_to_fix,n)
10 end

11 end

12 if vertex_to_fix is not empty then

13 remove EDGE(u,v)

14 fizVERTICES (vertex_to_fix)

15 addEDGES (u,v,vertex_to_fix, F)
16 vertex_to_fiz + 0

17 end

18 end
19 end

maps collected using a Realsense RGB-D camera in this work.
All the environments are typical indoor/outdoor Search and
Rescue and Industrial scenarios.

Table I summarizes the value of the parameters used within
the experiments for both graph generation and path planning.

Several techniques have been proposed over the years to speed
up the GNG. Mainly, we applied a parameter that defines a
threshold for the minimum distance between the data sample
and the closest neuron for which the weights of a neuron will
not be updated. Moreover, we computed the eigenvalues of the
Laplacian every time a new node is generated. The rest of the
parameters follow the original GNG algorithm structure.

A. Comparison Criteria

The experiments are going to be analyzed in two dimensions.
First, analyzing the features of the graph and then, comparing
its performance in a planning problem.

1) Graph’s Connectivity: the algebraic connectivity gives
an overall picture of the connectivity of a graph and if it is
connected.

2) Graph’s Density: we define the density of a graph from
the relationship between its actual number of edges and the
maximum number of edges allowed. The graph’s density is a
metric value that can be used to define how sparse the graph is.
The graph’s density ranges from () to 1 where being closer to
Zero means sparsity.

2 2

E 2B
Mazpages(V) V][V -1

\%4 VIV -1
MaxEdges(V) = (' |> — M

Density(V,E) =

3) Graph’s Size: we define the graph’s size by analyzing the
diameter of the graph and the amount of memory required to
store the information in a file. The diameter of the graph is the
maximum distance between a pair of vertices.
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(a)

(b)

Fig. 1. Collision-free between two nodes connected by an edge. (a) Edge
down-sampling for sphere test. Green nodes satisfy the radius constraint. (b)
Collision detected, orange nodes do not respect the radius constraint. Point
displacement using environment gradient.

TABLE I
PARAMETERS USED FOR THE SPARSE GRAPH GENERATION AND PATH
PLANNING THROUGH ALL THE EXPERIMENTS

Parameter Notation Value
Drone’s Sphere Radius R 0.5m
Radius Threshold Rin 0.55m
Down-sampling Distance 0.55m
Starting Number of Nodes 2
Max. Age Between Nodes Anax 50
Iter. Before Add Neuron ¥ 50
L.R. Winner Neuron €p 0.2
L.R. Neurons Con. Winner €n 0.05
Stop Criteria - Fiedler’s Value Ao 0.025
Min. Distance for Update 0.5m

4) Graph Generation: time needed to generate the graph.

5) Planning: for planning, four key points are considered:
(i) the time spent finding a solution; (i) the success rate under
a series of experiments; (iii) the minimal distance between the
center of the sphere (drone) and the obstacle in case of collision;
(iv) the path length of the proposed solution.

B. Graph Generation Comparison

Starting from the map of the previously introduced environ-
ments, we computed the graph with the proposed solution and
with the method proposed by Oleynikova et al. [19] (skeleton).
Since the GNGraph method is based on the GNG algorithm
being an iterative non-deterministic algorithm, we generated
different graphs. In more detail, we created fifteen randomly gen-
erated graphs for each environment, whose results are reported
using their mean and standard deviation in Tables II and III.

Fig. 2(a) and (b) show the amount of time required to compute
the sparse graph for each dataset and the simulated environment,
respectively. Considering the Skeleton [19] method is determin-
istic, it is shown as a horizontal line.

The pipeline used by Oleynikova et al. [19] to generate the
graph is different from the one in this work. Their algorithm
first constructs a graph, which may contain several subgraphs,
and then attempts to reconnect disconnected subgraphs. Their
reconnection approach uses a two-step search: first, along with
the skeleton diagram, and later, in the traversable space of
the ESDF that attempts to hook subgraphs using close to
straight-line representations. Therefore, while their procedure is
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Time to Generate Sparse Graph Time to Generate Sparse Graph
+

= -

10!
[C_IGNGraph
—1(19]

Time [s]

10° ==
= 10!

[_IGNGraph

—19] i

Rubble

Machine Hall Shed C.Building C.Station

(a) Datasets (b) Simulated Environments

Fig. 2. Time Comparison between sparse graph generation.

much faster than the proposed algorithm, it does not guarantee
the graph’s connectivity.

In Table II, we summarized the features of the resultant
graphs. GNG can obtain a sparse graph with a reduced number of
components (vertices and edges), preserving the topology of the
environment. As shown in the table, the number of components,
the graph diameter, and its file size are smaller in the GNGraph
compared with the Oleynikova et al. [19] graph. Moreover, the
stopping criterion proposed in this work, on the one hand, assures
the graph’s connectivity. On the other hand, it significantly
compromises the time needed to generate the sparse graph, as
shown in Fig. 2, which increases with the number of vertices
and edges.

C. Global Planning Comparison

To evaluate the effectiveness of GNGraph for path computing
in a given environment, we compared its performance with
respect to Oleynikova et al. [19] and other planning methods,
i.e., RRT, RRT*, and Probabilistic Roadmap (PRM). We
randomly defined 100 planning tasks selecting the starting
and the goal position in R3. We computed the path planning
solution for all the methods and compared the planning time,
the path length, the success rate, and the collisions among the
path. Given the similarity in the obtained results, we show the
outcome of a representative environment for both the dataset
and the simulation environments.

Fig. 3 shows the computing time required for planning a path
and the path length given by the global planners in the Rubble
and the Collapsed Building environment, respectively. It can be
seen in Fig. 3(a) and (b) that the planning time of Oleynikova
et al. [19] and GNGraph algorithms share the same order of
magnitude thatis smaller than the others. More in detail, Fig. 3(c)
and (d), highlight the computing time required by Oleynikova
et al. [19] and GNGraph to plan the path on the graph and the
overall computational time which incorporates the required time
to find a path connecting the starting and goal points to the
graph. As expected GNGraph requires less time to compute a
graph planning because it has less number of components in
the graph. However, during the experimental tests, we identified
opposite behaviors regarding the computing time of these two
planning methods. In the simulated environments, GNGraph
resulted faster than Skeleton, whereas the contrary happened
in the dataset environments. The results are consequence of
the environment structure as well as of the chosen strategy to
connect starting and goal points to the sparse graph (A* search
for Skeleton and RRT for GNGraph). Dataset environments
present an enclosed structure where the free space has limits
on both sides. In this case, the A* algorithm manages to reach
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Fig. 3.  Global Planning Benchmark in the Rubble and Collapsed Building
environments. In these figures, a single graph of the proposed method is
randomly chosen to represent the behavior.

for a vertex faster than RRT. Hence, the overall planning time of
Skeleton is faster. On the contrary, the simulated environments
combine large open space volumes with enclosed zones, where
RRT finds a solution faster, and accordingly, GNGraph is faster.

By looking at the whole picture of the planning experiments,
it is possible to notice that RRT as a global planner has a
planning time that is nearly comparable to the medial-axis
graph-planning methods. RRT overcomes their timing results in
the simulated environments due to the combination of open and
closed space zones embedded in the environment’s geometry.
Nevertheless, RRT does not guarantee the path length to be
minimal, as shown in Fig. 3(e) and (f). On the other hand, RRT*
manages near-optimal path length solutions compromising the
time, while PRM obtains a good trade-off between planning time
and path length without overcoming the results from Skeleton
and GNGraph.

D. Results Discussion

Firstly, we analyze the resultant graphs generated by both
medial-axis graph-based methods. Noticing the density of the
graphs generated by both methods, they can be defined as sparse.
The time required by Oleynikova et al. [19] approach to generate
the resultant graph is less than the proposed method, but it does
not guarantee connectivity. Therefore, there are going to be areas
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TABLE II

HERRERA-ALARCON et al.: GNGRAPH: SELF-ORGANIZING MAPS FOR AUTONOMOUS AERIAL VEHICLE PLANNING

Environment  Algorithm  Subgraphs Vertices Edges Density Diameter File Size
Machine [19] 1 550 1096 7.26e~3 43 111.7kB
Hall GNGraph 1 68.67 4+ 9.66 82.67 +10.67 (3.63 £ 0.54)6_2 30.2 +3.10 8.554+ 1.13kB
Rubble [19] 1 443 801 8.18¢3 30 82.8kB
GNGraph 1 242.8 £17.32 415.47 £ 30.34 (1.49 £ 0.34)672 27.5+3.31 40.89+ 2.98kB
Shed [19] 3 821 1544 4.59e73 - 111.7kB
GNGraph 1 255.6 + 30.74 345.13 £ 51.33 (1.07£0.14)e"2  46.47 £ 6.99 35.81+ 5.07kB
Collapsed [19] 4 5332 9959 0.70e~3 — 1.0MB
Building GNGraph 1 1036.0 +£57.04  2611.53 +133.31  (4.94 + 0.26)6_3 26.07 £ 1.1 243.454+ 15.22kB
Collapsed [19] 2 4022 7523 9.3¢~4 — 761.87kB
Station GNGraph 1 430.47 £ 43.58 1140.4 £ 330.42 (1.16 £ 0.14)672 23.2+0.86 99.5+ 10.25kB
TABLE III

GLOBAL PLANNING COMPARISON ON EACH ENVIRONMENT

Environment  Algorithm  Success Rate  Min. Obs. Distance
RRT 1.00 -
RRT* 1.00 -
Machine [19] 0.89 0.476 4+ 0.020
Hall PRM 1.00 -
GNGraph  0.87 +0.057 0.477 £ 0.010
RRT 0.99 -
RRT* 0.99 -
Rubble [19] 0.86 0.477 £0.011
PRM 0.99 -
GNGraph 0.87 £0.02 0.421 +0.011
RRT 0.99 -
RRT* 0.96 -
Shed [19] 0.66 0.461 + 0.022
PRM 0.99 -
GNGraph  0.69+0.077 0.457 4+ 0.083
RRT 1.00 -
RRT* 1.00 -
Collapsed [19] 0.79 0.323 £0.124
Building PRM 1.00 -
GNGraph  0.93 +0.018 0.447 £ 0.069
RRT 0.98 -
RRT* 0.97 -
Collapsed [19] 0.89 0.467 £0.018
Station PRM 0.98 -
GNGraph  0.78 +0.047 0.399 £+ 0.195

that are not reachable. On the other hand, once the condition n >
2dn4.(G) is reached in our algorithm, using the Fiedler’s value
as stopping criterion is a computationally expensive process as
shown in Fig. 2. Moreover, even if the time needed to compute
the graph by the proposed solution is higher, it is not a problem
for the MAV planning capability since it is a one-time offline
process. For the MAV companion computer it is more suitable
to embed an optimized environment representation in terms of
memory allocation and computing process at run-time. Table II
shows the amount of memory required to store the resultant
graphs which are smaller for the proposed method.

Secondly, we analyze the success rate in planning a path in
the given environment. Table III shows the results to the path
planning problem for the global planning methods. GNGraph
maintains a high success rate which is comparable to the global
planner proposed by Oleynikova et al. [19] while considerably
reducing the size of the graph. In general, graph-based methods

can fail in finding a solution for two reasons: either the starting or
goal positions are not feasible with the graph (i.e., they cannot be
connected to the graph) or the resulting path is not collision-free.
In the latter case, the minimum obstacle distance column in
Table III points out the distance from the centre of the drone to
the colliding obstacle.

V. CONCLUSION

In this work, we presented GNGraph: a map-based general
method to build a low-dimensional topological graph of 3D
spaces, specifically designed for global path planning for MAVs.
The proposed solution is based on the GNG algorithm for
edge generation and vertex pruning. Furthermore, exploiting
spectral graph theory we proposed a criterion used to ensure
the graph’s connectivity as well as to stop the learning phase of
the unsupervised learning algorithm.

By applying the learning process to the medial axis candi-
dates, the resulting graph inherits the benefits from the medial
axis discretization as the robustness to point-cloud noise and
resolution, while significantly reducing the dimension of the
topological graph. Furthermore, we demonstrated that plan-
ning efficiency is comparable to state-of-the-art global planning
algorithms through experiments on simulated and real-world
environments. Results showed that the RRT algorithm is faster
than graph-based methods in open space-like environments due
to the capability to quickly sample in a void environment. On
the other hand, graph-based solutions overcome RRT in crowded
spaces due to the time spent by RRT in sampling collision-free
nodes, slowing down the entire solution.

Future work would include optimizing the computation of
the stopping criterion (Fiedler’s value) to decrease the time
required to generate the sparse graph in order to execute all
the process at run-time and hence extending our approach to
dynamic environments.
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