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Abstract

Achieving autonomous navigation of robots can open doors to many applications. Boston Dy-
namics has developed the Spot robot to enable robust, safe, and agile movement over many types of
terrain. However, Spot’s navigation is only semi-autonomous — it needs an operator to create the path
that the robot can then repeat on its own. This navigation method is not adaptive as it requires the
operator to repeat the initialization step should Spot need to take another path. In a very dynamic and
changing environment such as a construction site, this can become a problem. Indeed, it is necessary
to change very regularly the predefined paths to maintain efficiency in the navigation, if not to avoid
the robot to be lost. In addition, Spot doesn’t have a solution for mapping environments in a precise

way and the methods available today for that purpose are slow and cumbersome.

To improve the navigation and the possible applications of Spot (e.g., mapping, monitoring),
we have developed a Simultaneous Localization and Mapping (SLAM) algorithm based on a graph
optimization technique. It effectively uses the point clouds features received from the Spot’s LiDAR
and detects loop-closures in the robot’s path to allow precise localization. This enables the mapping
of the robot’s environment in a precise and real-time way. In addition, we have also developed a
path-planning algorithm based on an improvement of A*: Jump Point Search. A filtering method of
the computed path has also been built to transform the output of the navigation into an efficient set

of instructions for the robot.

Tests carried out on Spot in buildings demonstrate the effectiveness of the proposed solutions.
Environments can be precisely reconstructed and the robot can navigate autonomously inside them.

The need for an operator to construct predefined paths that Spot can take is removed.
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Introduction

The autonomous movement of robots enables nowadays many applications; we all have seen viral
videos of robots performing tasks that are usually done by humans. Robots can also be used to
perform mapping of environments that are hazardous to humans, inspect industrial areas, or monitor
the progress of buildings under construction. In this context, robots need to be mobile and robust to

changing environments.

The Spot quadruped robot developed by Boston Dynamics offers mobility, robustness, safety, and
agility on many types of terrain. The Belgian Building Research Institute (BBRI) has procured a
Spot robot with the objective to explore its potential applications in the building construction do-
main. Spot’s navigation is semi-autonomous, meaning that the robot can only follow paths predefined
by an operator. This thesis aims to develop a more autonomous navigation and a better mapping
ability. More precisely, the objective is to allow Spot to move from point A to point B without any
prior information about its environment. This is achieved in two parts: Firstly, through a Simulta-
neous Localization and Mapping (SLAM) algorithm that allows Spot to locate itself in an unknown
environment and map it accurately; secondly, a navigation algorithm that directs Spot intelligently to
its target. The proposed solutions allow Spot to move autonomously through real-time information

processing.

A possible application can be found in the context of monitoring the progress of a building under
construction. Solutions already exist to map the environment using fixed laser towers. However, their
usage is cumbersome and time-consuming. Our solution could provide an alternative that is both

easier to deploy and faster in map creation.



Chapter 1
Spot

1.1 General description

Spot is a mobile quadruped robot with 12 degrees of freedom, 3 per leg [I]. A visual description taken
from the Spot SDK provided by Boston Dynamics is shown in Fig. Its dimensions are: 1100 mm
long, 500 mm wide and 840 mm high when standing. Its net weight is 32.5 kg without payload. Its
maximum speed is 1.6 m/s. Spot is capable of straddling obstacles with a maximum height of 30 cm.
The time of use of the battery in activity is approximately 90 min. Moreover, it is possible to attach

to Spot one or two payloads, with a total mass of a maximum of 14kg.

PAYLOAD PORT
(x2)

KNEE

Figure 1.1: Visual representation of the main characteristics of Spot [2].



1.2 Communication with Spot

To communicate with Spot, there are several solutions, depending on the application. The different
possibilities are listed below [1]:

e Communication connected peer-to-peer : It is possible to connect to Spot physically
through its RJ-45 port, through the DB-25 port of the payload or an RJ-45 port connected
to the GXP payload.

e Spot as Wifi access point : Customers can connect to Spot via Wi-Fi, with Spot directly as

an access point. This allows for a wireless connection, with a limited range.

e Spot as a Wifi client : Spot can connect to a shared Wifi, which the client can also connect
to communicate with the robot. This increases the range of a direct Wifi connection. However,

care must be taken in dead zones where the WiFi connection is weak or non-existent.

e Custom communications : Other communication solutions also exist, such as mobile data.

These solutions increase the possibilities offered by the previous solutions.

1.2.1 gRPC

gRPC is an application layer protocol that is used by much of the Spot API [3]. With gRPC, a
client application can call a function on a server application, even if the two applications are coded in
different languages. This protocol was chosen by Boston Dynamics for Spot because of the security

and performance it offers, with compatibility with a large number of programming languages.

gRPC offers the possibility to create services that will use Remote Procedure Calls (RPC) to
transmit data. This means that we will define a service, with its methods that can be called as well
as its parameters and the type of response that it returns. On one side we have the server that
implements an interface that will manage the client calls, and on the other side a client, potentially
coded in another language, that has a version of the interface with the same functions, and that it can

call. Fig. provides a visual explanation.
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gRPC Server Ruby Client

C++ Service

Tog,
0 Hesponse(s)

Android-Java Client

Figure 1.2: Visual description of a gPRC use case. Here, a C++ server communicates with a Ruby
and Android-Java clients through Proto requests and responses.[3]

In the example shown in following piece of code [4], a service is defined in a .proto file. The
services use the Protocol Buffer data structure and the arguments given to the Remote Procedure
Call are the Protocol buffers messages. These are also defined in a .proto file and are structured as
messages that contain a series of variables. These variables consist of a type, a name and an associated

value. In the example, HelloRequest and HelloReply are protocol buffers messages.

// The greeter service definition.
service Greeter {
// Sends a greeting
rpc SayHello (HelloRequest) returns (HelloReply) {}

// The request message containing the user’s name.
message HelloRequest {

string name = 1;

// The response message containing the greetings
message HelloReply {
string message = 1;

An example with Spot is the following: the API has an authentication service which is the following:

service AuthService {
rpc GetAuthToken (GetAuthTokenRequest) returns (GetAuthTokenResponse) {}
}



Here, the RPC is GetToken, and its function is to check the username and password, and it returns a
token if it is valid. GetAuthTokenRequest and GetAuthTokenResponse messages are Protocol Buffer

messages. For example, GetAuthTokenRequest is defined as :

| message GetAuthTokenRequest {

// Common request header.

3 RequestHeader header = 1;

4 // Username to authenticate with. Must be set if password is set.
5 string username = 2;

6 // Password to authenticate with. Not necessary if token is set.

7 string password = 3;
8 // Token to authenticate with. Can be used in place of the password, to re-mint a
token.

9 string token = 4;

Then, we can use this service with a python function of the API :

1 def auth(self, username, password, app_token=None, **kwargs):

2 """Authenticate to the robot with a username/password combo.

1 Args:

5 username: username on the robot.

6 password: password for the username on the robot.

7 app_token: Deprecated. Only include for robots with old software.

8 kwargs: extra arguments for controlling RPC details.

10 Returns:

11 User token from the server as a string.

13 Raises:
14 InvalidLoginError: If username and/or password are not valid.
W
16 req = _build_auth_request (username, password, app_token)
17 return self.call(self._stub.GetAuthToken, req, _token_from_response,
_error_from_response,

18 **xkwargs)

_build_auth_request () creates a message GetAuthTokenRequest that is sent by RPC to the AuthService

that returns a GetAuthTokenResponse message.



1.3 Services

1.3.1 Stereo cameras

Spot is equipped with 5 stereo cameras [1], capable of rendering a black and white image with a
range of 360°. It is also possible to calculate an image with depth information through mathematical
operations on the images returned by the stereo cameras. An example of the depth estimation is shown
in Fig. The data given by the cameras can be returned in different formats (JPEG, RLE, RAW)
depending on the application.

Figure 1.3: Example of images taken from one of the front cameras of Spot. The image on the top is
the estimated depth computed by Spot.

Finally, the developer cannot retrieve the result of a single camera, only the result of the recon-

structed images can be used.

1.3.2 Robot State

Spot keeps track of different frames to help it describe itself and the objects around it [5] . Everything

is represented using a frame. As an example, a frame is used to represent the body of the robot as



shown in Fig. The spatial relationships between the frames are defined as transformations that
are described using a translation vector [x,y, z] and a rotation quaternion [z, y, z, w]. The translation
vector is the difference between the origin of the two frames and the rotation quaternion is the difference
between the axis orientations. As an example, these transformations between frames can be used to

know the location of sensors on Spot or to compute the position and orientation of Spot.

Figure 1.4: The frame representing the body of the robot. It is centered at the geometric center of
the front and rear hips, and the geometric center of the side legs. The x-axis is directed towards the
front of the robot and the z-axis towards the top [5].

Spot keeps track of multiple frames and here are some of the most important ones:

The "odom” and ”vision” frames are inertial frames, or reference frames, that estimate the

fixed location and orientation of where the robot boots up.

The "body” frame represent Spot’s body.

The sensors frames represent the sensors.

The object frames are associated with objects detected by Spot.

The transformations between the frames are computed by Spot and are updated at every time
step. As they can be related to each other, they are kept inside a tree structure and can be obtained
at any time. The transformations can either be static or dynamic. A transformation is static when
its two frames remain in the same place relative to each other. For example, this is the case for the

transformations between the "body” frame and the sensors frames as every sensor is fixed on Spot.



The transformations that change with time are dynamic. As an example, the transformation between

an object frame and the "body” frame might change when the object is moved with respect to Spot.

The most important transformations are the transformation that relates the position and orien-
tation of Spot to its boot-up place, which is the world origin. These are the transformation between
the "odom” or the ”visual” frame and the "body” frame. Both are updated as the robot moves but
they use different techniques to update the transformation. The transformation between the ”odom”
frame and the "body” frame is computed using the kinematics of the robot and is commonly called
odometry. The transformation between the ”vision” frame and the "body” frame uses the cameras
on top of the kinematics to refine the movement estimation. They can be used to track the overall

displacement of Spot.

Transformations can also be represented using homogenous coordinates [6]. Homogenous coor-
dinates represent a 3D space in a 4D space to ease computations of translations and rotations. A
point [z,y, z]T is represented as [z,y, z,1]7. This system is useful because it allows for computing a

translation and a rotation with a single matrix:

R t
T_<0 1), (1.1)

where R € R3*3 is a 3D rotation matrix and ¢ = [t,,t,,t.]7 the translation vector.

This representation of the transformation is also useful to change the reference frame of an object.
If an object A is represented in the "body” frame with the transformation matrix 74,4y 4 and we have
the transformation Todom—body between the "body” frame and the "odom” frame, then the object A

can be expressed in the "odom” frame using the matrix multiplication Togom—a = Todom—body Tbody— A-

Sometimes, it is needed to invert a transformation. It can be done using the formula:

R} —R—1t>

Tpsa = T/?LB = ( 0 1

where R and t are the original rotation matrix and translation vector of the transformation.

1.3.3 LiDAR

Spot is equipped with a LiDAR provided by the autonomy payload. A LiDAR is a sensor that measures
distances to nearby objects and terrain. It estimates the distances by firing a laser in a direction and
by measuring the time needed for the light to reflect on the surface and travel back to the sensor. The
distance to the nearest object in the direction of the laser can easily be computed with the formula

d= %t, where ¢ is the speed of light and ¢ is the time measured. As the LiDAR uses its own light



source it doesn’t need a good lighting conditions to work properly. It can even work in the dark.

The LiDAR sensors usually don’t fire the laser in a single direction but the laser is rotated to be
able to estimate the ranges in several directions. The LiDARs are also not limited to a single laser
and can be equipped with multiple ones arranged perpendicularly to the plane of rotation. This allows
the estimations of the distances to not be limited to a plane. Each laser is called a channel. Fig. |[1.5

represent a LIDAR with 8 channels which are represented in blue.

Figure 1.5: Schema of a LiDAR.

Using the distance and the direction of each beam, we can compute the points where the light
reflections append. This becomes a set of 3D points also called a point cloud. An example of the point
cloud of a room is visualized in Fig. Most of the time it is in this format that the data from the
LiDAR is handled.

Spot’s LiDAR is a Velodyne VLP-16 with 16 channels [7]. Its vertical field of view is 30° (from
—15° to 15°) and its horizontal field of view is 360°. Its vertical angular resolution is 2° and its
horizontal angular resolution depends on its rotation rate but ranges from 0.1° to 0.4°. Its rotation
rate can be set from 5 Hz to 20 Hz. The LiDAR can measure a distance of up to 100m with an accuracy
of +- 3em.



Figure 1.6: Point cloud of a room acquired from the LiDAR mounted on Spot.

One problem with mounting a LiDAR on a moving robot is that some distortion can appear in
the point clouds if it is taken when the robot is moving. This is because the point cloud capture is
not instantaneous. As the LiDAR is moving, ranges are not taken from the same center and thus the
measurements are not consistent. Fortunately, the robot corrects this distortion using its estimated
displacement during the capture. The idea is to use Spot’s IMU (Intertial Measurement Unit) velocity

estimate and the acquisition time of each point to estimate and correct the deformation of each point.

1.3.4 Local grids

Spot can locally map its environment at a range of 3.84 m represented as a 128 x 128 grid, thanks
to its various cameras and sensors [1]. The robot then creates, at each instance of time, a local grid

around him. This grid can be of different types:

e Terrain : The robot evaluates its environment and classifies it according to its height. Each cell

of the grid will have a value corresponding to its height.

e Terrain-valid : Grid that can be combined with the Terrain type grid, and adds a filter to

eliminate invalid estimates, i.e. non-sense values.

e Intensity : The values in each cell are mapped to a gray value. This type of map can then be

used to colour and represent the grid visually.

e Obstacle distance : Local grid where the values of each cell correspond to the respective

distance to the nearest obstacle.

10



e No-step : Local grid that determines where the robot can move, depending on the distance to

obstacles and their height. An example of a no-step grid is shown in Fig.

Figure 1.7: Example of a no-step local grid acquired with Spot. Spot is represented in yellow. The
red cells represent places where the robot cannot walk on.

1.3.5 World objects

Spot can recognize certain objects thanks to its various sensors [1]. These can be of different types
such as stairs, a door handle, April Tag or even objects that a developer can add. Spot detects these
objects and stores a certain amount of information depending on the object in question. However,
they share common information, such as a human-readable name, a time of detection or a frame that

locates them in the environment and with respect to Spot.

Currently, the most widely used detectable object is the AprilTag [§]. It is used to locate accurately
because it represents a known reference in the environment. An example of AprilTag is shown in
Fig. Spot can use the information that the detection of an April Tag offers him concerning his

localization to locate himself precisely in the environment.

Figure 1.8: Example of AprilTag detectable by Spot [9].
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1.3.6 GraphNav

The Spot SDK provided by Boston Dynamics provides APIs that allow the customer to implement
several autonomous navigation behaviours for Spot [I]. The set of mapping, localization and movement
services of Spot is called GraphNav. The robot is controllable via a tablet, and a client can use an
Auto-Walk function to implement a path that can be executed by Spot automatically. The path that
the robot must take must first be done manually by the client for Spot to save the map and the path
it must take. Then, this saved data is used by Spot to locate itself and repeat the predefined path

autonomously. When Spot is on a prerecorded path, it can be given missions to perform.

For Spot, the environment is represented as a graph, with nodes and edges connecting them. The
nodes are called waypoints. Fig. represents this structure.

Figure 1.9: Representation of the environment as a graph of waypoints and edges [10].

Waypoints are locations in the environment where Spot records data locally. At each waypoint,
the robot will use the sensors it has (stereo cameras, LIDAR, ...) to record information around it. It
is therefore important to have as much information as possible to locate the robot. A neutral location
will not offer much information and therefore the localization will be less accurate. The ideal is to have
an AprilTag for a maximum of information. A waypoint is created automatically every two meters, or

manually by the operator.

The edges link the waypoints together and contain information about the transformations between
the waypoints (position, orientation). In addition, edges also contain data about the environment
between waypoints. For example, if 2 waypoints are separated by a staircase, then the edge will
contain information about the staircase, as shown in Fig. The robot then knows the behaviour

it has to adopt when it goes from waypoint A to waypoint B.

12



ISOMETRIC VIEW TOP VIEW

Figure 1.10: The edges contain data describing the topology of the route between two waypoints, as
staircases [10].

When the robot is going to use a stored map, it must first find its way around the map. It is then
important to give the robot a piece of location information at its initialization, thanks to an AprilTag
for example, as shown in Fig. [I.1I] This AprilTag must of course be present in the registered map
to give Spot a transformation between its current location and the location of the nearest waypoint.
It is also possible to manually give a transformation between its position and a waypoint. After this
initialization, the robot will continue to locate itself in relation to the different waypoints thanks to

the information given by its sensors.

13



Figure 1.11: At initialization, Spot must find its way in the environment. The solution offered by the
AprilTag system is robust and efficient [10].

As said before, for Spot the environment is represented by a graph, with waypoints and edges.
The topology of this graph can be diverse, with a simple chain structure, a tree structure or even loops,

as shown in Fig. [1.12

Chains

Branches/
Trees

Figure 1.12: The different toplogies that the graph representing the world for Spot can have [10].

The loop structure is interesting because when the robot makes a path and returns to a place
it has already passed, it is important for Spot to build a loop to know that there is another path

to a waypoint in that loop. This concept is called loop-closure. The value of loop-closure can be

14



explained by the following example: if Spot travels 100 meters before returning to its starting point,
it is interesting to know that it can reach its end point without having to travel the 100 meters
again. The loop closures are closed only with the use of the relative position estimations, no external

measurements are used.

Finally, Spot can sometimes get lost. It will inform the operator that it is lost and stop all
manoeuvres. It must then be initialized again by the operator because it cannot get out of its lost

condition alone.

1.4 Why Spot has to be augmented ?

In its current state, Spot faces limitations when the environment is dynamic. Indeed, the robot is
capable of following predefined paths but needs an operator each time it needs to change these paths.
In a context such as construction, where the environment evolves rapidly, the possibilities offered by
Spot are limited. It is therefore interesting to develop new solutions to facilitate the creation of new
paths and thus increase the robot’s autonomy. In addition, the robot’s ability to create maps is quite
limited. The maps created by Spot are made to allow the robot to move around and not to accurately
map a complex environment. On the one hand, precise mapping of a potentially unknown environment
is necessary to locate and understand where Spot should evolve. On the other hand, moving from a
new point A to a new point B in a more autonomous way, i.e. without the need for an operator, is
an improvement offering possibilities in many applications. These two parts are complementary and

together constitute a more autonomous navigation of Spot that we will develop in the next chapters.
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Chapter 2

Simultaneous Localization and

Mapping

Our goal is to create a precise map of an environment and localize Spot within it to autonomously
navigate the robot through the environment. These are two common problems in robotics, the local-
ization and the mapping problems. The first one is the problem of estimating the robot’s pose, position
and orientation, while the second is to create a map of the environment in which the robot is mov-
ing. In this context, the two must be solved simultaneously, which is also known as the Simultaneous

Localization and Mapping (SLAM) problem.

While this problem is easy to describe, it is challenging to solve. A map is usually used to estimate
the robot’s pose, and the poses are often needed to build an accurate map [11]. While some solutions
have been found for specific environments, it is still an open research problem. As you can imagine,
finding a robust and general solution can open doors to many different new applications. They range
from autonomous driving to autonomous exploration of dangerous environments. So, it is commonly

considered one of the most significant problems in the autonomous mobile robot field [12].

This chapter will first define more formally the SLAM problem. It will then explore its character-
istics and the different approaches used to solve it. Finally, it will explain the chosen technique given

the context.
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2.1 Definition of the SLAM problem

As explained before, the SLAM problem can be defined as the problem of constructing a map of an

unknown environment while simultaneously localizing a robot within it using imperfect sensors.

2.1.1 Formal definition

More formally the problem can be defined using a probabilistic approach [12]. Let denote x; the
position and orientation, pose, of the robot at time ¢ and zg.r = {xo,z1, Z2,..., 27} the set of poses,

the path, from time 0 to time T'. Here, xg is the known initial position of the robot.

The robot can give some information about its displacement. Let u; be the displacement of the
robot between time ¢t — 1 and ¢, this quantity is also called the odometry [12]. It can be calculated
in many different ways but it is often calculated by integrating inertial measurements. The sequence
ur.r = {u1,ug,...,ur} describes the overall displacement of the robot. If the odometry was perfect,
then there would be no challenge in finding the robot’s position as the initial position is known. But
in reality, the odometry is noisy, and the error in the poses estimated from it will increase with the
length of the trajectory [12].

Let us define m as the true map of the environment. The robot can sense this environment
through sensors e.g. LiDARs, cameras, .... The measurement of the environment got from the
sensors can be defined as z;. As for the odometry, the sequence of measurements can be defined as
z1.7 = {#1,22,...,2r}. While the measurements are less noisy than the odometry, there are still some
uncertainties. For example, there is noise in the camera images or the reflection of lasers can cause
wrong estimations of the LiDAR’s ranges. And it is because of the uncertainties in the measurements
and the odometries that the SLAM problem is hard.

The SLAM problem becomes the problem to recover the true map m and the sequence of poses
xo.7 from the set of measurements z;.7 and the odometries u;.7. This is equivalent to estimating the

posterior of the posterior probability distribution
p(w1.0,m | urT, 217, To)- (2.1)

In other word, it is finding the x1.7 and m that maximize this probability. This formulation, is called
full SLAM [12] as it recovers the full path of the robot.

If recovering the last pose is enough then it becomes the online SLAM [12] problem and can be

described as estimating the posterior of

p(IT,m | ul:TazlzTax0)~ (22)
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2.1.2 SLAM properties

The description of the SLAM problem done above is still a general one. There exist many different
versions of this problem that depend on the type of map, the type of measurements, or the properties
of the environment. Therefore, before exploring the different ways this problem can be solved, the

version of the SLAM problem we have to solve must be detailed.

The environment can either be static or dynamic. A dynamic environment can change over time
as opposed to a static one. Ideally, the algorithm must be able to handle dynamic environments but
this makes the problem much harder as dynamic objects must be detected and processed accordingly.

So for now, the environment will be assumed as a static one.

The map can either be described using a feature-based representation or a volumetric represen-
tation [12]. The first one uses features, also called landmarks, extracted from the measurements of
the environment to represent the map. This type of representation is quite sparse as the map is rep-
resented using only a few specific aspects of the environment. The second representation, also called
dense representation, describes the map with the highest resolution possible. In this application, it
would be preferable if the map could be used afterward to extract data on the construction site. This
limits it to be a volumetric map as a feature-based one is quite abstract. An example of a volumetric

map is shown in Fig.

Figure 2.1: Example of a volumetric map of two floors with a staircase. The map is a concatenation
of many point clouds retrieved from the LiDAR of Spot and assembled using a SLAM algorithm.

For autonomous navigation, the robot must be able to update the map and give a pose estimate
in real-time during the robot exploration. This will limit the computational time possible for the

computation of the map.
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2.2 SLAM approaches

There are a lot of different solutions to the SLAM problem but most of them can be categorized
into two categories, the filtering and the smoothing techniques [I3]. The filtering approach models
the problem using the online formulation where they estimate a state composed of the current
robot’s pose and the map. Most of the solutions that follow this technique use either a Kalman filter
or a particle filter [13]. The smoothing approach uses the full formulation of the problem as
they estimate the full path of the robot using all the acquired measurements. Usually, the smoothing

solutions use a Graph-based optimization approach [13].

This section will introduce the three methods cited and expose the specific aspects that helped us

choose the Graph-based methods over the other ones.

2.2.1 Kalman filters

The Kalman filter is a technique that is used to estimate a variable, a state, that can’t be measured
directly. The main idea is to estimate the current state of the system by fusing multiple measurements
that are linked to it [14].

The Kalman filter is a recursive algorithm that alternates between two steps, the prediction steps
and then the update step. It starts with an initial estimation of the state. Then the predict step
updates the previous state estimation with a state transition model to predict what the current state
is. During the update step, the algorithm compares the measurements received and the current state
using an observation model and updates the state estimation to better match the measurements. On
top of that, the Kalman filter uses the known uncertainty of each measurement to put more weight on

the more certain ones.

This principle is visualized in Fig. using a simple example in one dimension that uses only one
measurement [I1]. In this example, the state is the position of the robot along a single dimension. At
first, the filter has an initial estimation of the position of the robot and its uncertainty (in red). When
the robot moves to the right, the prediction step updates the estimation and the uncertainty of the
position (in orange) using the state estimation model. As this is not a perfect model, the uncertainty
increases. Then a sensor gets a position measurement and its associated uncertainty (in blue) and the

update step corrects the position estimation and obtains a better value for the position (in green).
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Figure 2.2: Example of the Kalman filter in one dimension with one measurement. The filter
estimates the position of a robot in a single direction. The Kalman filter estimates a final position (in
green) by fusing the measurements (in blue) and the predicted position (in orange). [11]

In the regular Kalman filters, the state estimation and observation models are both linear but
in some applications, like for the SLAM problem, non-linear assumptions are needed [11]. To resolve
this issue some variants of the Kalman filter were developed. The most used variant is the Extended

Kalman filter which was the first technique used to solve the SLAM problem and the most influential
one [12].

In the SLAM problem, the state of the filter is the pose of the robot and the map as they are the
variables that need to be estimated. Unfortunately, it is more adapted to feature-based maps as it is
a finite list of landmarks. While it can be modified to work with dense maps there are other methods

more suited for this application.
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2.2.2 Particle filters

The particle filter is another well-known state estimation technique. The principle is to represent the
state of a system as a set of possible hypotheses, or particles [15]. At the start, a set of particles is
drawn randomly. Then when the state changes the particles can be modified according to the estimated
change and keep only the particles that are the most consistent with the measurements. Finally, some
other particles can be generated according to the distribution of the particles kept so that the right
number of particles is reached. As one can expect, the more particles used the better the estimation

becomes.

One problem in the context of the SLAM problem is that the estimated state is the combination
of the pose of the robot and the entire map as these are the variables of the problem. And each particle
contains its estimation of the state. But the maps can take up a lot of computational space, especially
for 3D volumetric maps. This limits the total amount of particles that could be used. Furthermore,

as this method uses randomness, many hypotheses are needed to obtain enough precision.

2.2.3 Graph-based optimization

The idea behind the graph-based optimization techniques, also called Graph-SLAM, is to represent the
problem under a graph [13]. The nodes in the graph represent the robot’s poses and each one of them is
associated with their corresponding measurements. The edges in the graph are the spatial constraints
between the poses that can be computed using the odometry and optionally from the measurements.
This graph is also called a pose graph. The graph can then be optimized to update the pose of each
node so that they satisfy the constraints the most.

To give more sense and bring more understanding to the optimization process, the problem can
be visualized in another way. The nodes can be represented as masses and the edges as springs. The
optimization step becomes releasing the system and letting the springs pull and push on it to find the

equilibrium.

This technique solves the full SLAM problem as it optimizes the entire path during each opti-
mization. At first, this technique was used for offline optimization, when all the data had already
been collected. But in recent years some efficient algorithms, like ISAM2 [16], that use efficient data
structures and that reuse past optimizations, were developed which allowed this technique to be used

during the robot exploration.

This technique is also quite flexible as it can incorporate multiple types of measurements as long
as they can be represented using a graph. For example, landmarks can easily be added to the graph

to increase the robustness of the method.
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Figure 2.3: Visualization of a graph used for the graph-based optimization approach. FEach node is
associated to a pose z;. The nodes are linked following the sequence of the path. Some links are
added between non-sequential nodes to add spatial constraints which help for the optimization.

With all these features, we chose this approach over the Kalman filter and particle filter. Fur-
thermore, this technique is now considered the state of the art [12]. It is often even the first approach
used when facing a new problem as there are many efficient implementations and because it is easy to

set up and comprehends.

2.3 Graph-SLAM

This section will explore the commonly used solution’s architecture in the Graph-SLAM technique.
Then the graph generation will be explained and finally, the mathematical formulation of the opti-

mization problem will be given.

2.3.1 Architecture of Graph-based SLAM

As explained in section[2.2.3] the Graph-based SLAM technique uses a graph representation to optimize
the robot’s path. The approach can be split into two distinct parts. The first one is the graph generation
part, also called the front-end [13]. It generates the nodes and the edges of the graph and sends them
to the graph optimization part, also known as the back-end [13]. The pose associated with each node is
then optimized to satisfy the spatial constraints. The graph generation uses the optimized poses so that
the graph stays consistent through the robot’s execution. The architecture of a general Graph-SLAM
solution is depicted in Fig. |2.4

The front-end is more problem-specific as a graph can be constructed using many different mea-
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surements. On the contrary, the graph optimization part is more independent as the graph’s structure

is the same whatever the front-end.

Node poses
\ 4
Graph Graph
Mi?)?gglﬁzr; >| Generation > Optimization —> Map
(Front-end) Graph (Back-end)
(nodes + constraints)

Figure 2.4: Architecture of the Graph-SLAM technique. The front-end takes the measurements and

the odometry coming from the robot to generate a graph. The graph is then sent to the back-end to

be optimized. A map can be constructed using the optimized graph by assembling the measurements
of each node into the proper configuration. [6]

2.3.2 Graph generation

The basic graph generation uses the sequence of robot odometries to generate the graph. The robot
odometry at the time step ¢ can be expressed as a transformation matrix X ‘IfV’t € R**4, It represents

the transformation between the robot’s body position and the world origin frame {W} of the robot.

The graph generation starts by creating a first node with pose X set as the identity matrix
Xy = I € R*™*, This node represents the initial pose of the algorithm and it will be used as the

reference frame for the remaining of the execution.

®
O — G

Figure 2.5: Visualization of the sequential graph generation. It starts with an initial node. This node
is used as reference for the rest of the graph generation. The nodes are added one after the other and
a spatial constraint is added between them.

When the robot moves, a new node can be added to the graph with an edge linking it to the
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preceding node. As the frame of reference of the graph is not the same one as the odometry, the
odometry can’t be used directly to compute the new node position. For that, the robot’s displacement
must be computed between the last node and the new node and add it to the last node. This displace-
ment can be computed using the odometry of the robot at both poses. The displacement between
node t — 1 and ¢ is ((X}v%v,t_ﬂ*lXW,t)- Using this displacement the pose of the node ¢ can be set as
X; = Xt_l((X{,%V,t_l)_lXWt). This process is shown in Fig.

But optimizing the graph with only sequential edges won’t change anything. To be able to optimize
the path, non-sequential nodes have to be linked together. A solution to this problem is to link nodes
that represent the same location. This is called loop-closure as it forms loops in the graph [13]. For
example, if the robot moves again one step in the examples in Fig. the new robot’s pose X411
could be linked to nodes 0 and 1 as they are close to each other and they might cover the same part

of the environment. The loop-closure edges are represented in blue in the Fig. [2.6

Figure 2.6: Visualization of the loop closure edges and the landmark edges. The edges in blue
represent the loop-closure edges that can be added to non-sequential nodes close to each other.
Landmarks (shown in green) can also be added to the graph.

As motioned in section other types of edges and nodes can be added to the graph. For
example, nodes that represent landmarks can be added and they can be linked to the nodes that could

detect them as shown in green in the Fig.

2.3.3 Mathematical formulation of the optimization problem

An example can be used to help formalize the graph-based SLAM technique as an optimization problem
[13]. Let X = {Xo, X1,..., X} be the nodes’ poses in a graph and C the set of edges. The graph
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generation can add an edge that links node ¢ and j. From the measurements of node i, the pose of j
relative to ¢ can be estimated as Z;;. Therefore, the error e;; can be defined as the difference between
the estimated pose Z;; and the pose X ; in the graph. It is visualized on Fig. This error function
depends on the poses X; and X ;. The goal is to find the poses that satisfy the spatial constraints
between the nodes. These poses can be computed by minimizing the error e;;. Going back to a more
general view, there is an error for each edge in the graph. So, the sum of the squared error over all

the edges in the graph can be minimized to find the set of poses that satisfy the constraints the bests.

X* = argmin Z eiTje,-j (2.3)
X ijec

But there are uncertainties in all measurements, and they can be taken into account to put more
weight on spatial constraints for which there is more confidence. The uncertainties associated with
an estimated pose z;; can be represented using an information matrix €2;;. On the contrary to the
uncertainty, more weight should be put on the edges for which the information matrix is large. The

problem can thus be weighted using this information matrix and the problem can be expressed as

T = argmin E eiTjQijeij. (24)
T jec
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Figure 2.7: Visualization of a sub-problem in the graph optimization. When an edge is added
between node i and j, an error e;; can be computed using the measurements of both nodes [13].

Going back to the springs and masses representation of section the edges’ weight can be
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associated with the spring’s stiffness. The more stiffness, the more the spring will impact the equilib-

rium.

2.3.4 Spatial Constraints

The spatial constraints between the nodes must be computed to build a graph. This section will

explore how sensors can be used to improve the robot’s odometry.

For the sequential edges, the odometry returned by Spot can be used. But its uncertainty is
significant. The odometry only uses the kinematics of the robot [5]. It only considers the internal
measurements of the velocity, acceleration, or legs’ positions. But it doesn’t take into account the
external events that could append. For example, a robot’s leg could slip or the terrain could be uneven.
Moreover, all the measurements used are estimates. Hence, an error accumulates in the movement
estimation. As equation shows, the final solution’s precision depends on the uncertainties of the
edges. One way the odometry can be improved is by using external information from sensors. This

process is called sensor odometry.

The robot can already provide a visual odometry. It computes it by analyzing the environment
with the five stereo cameras [5]. The exact way Spot computes it is unknown, as are all its internal
computations. Usually, visual odometry computes the displacement in two steps [17]. First, the
algorithm detects feature points in the successive images. Then it tries to match pairs of points in
successive images to estimate the displacement. There exist a lot of different methods to detect feature
points in an image, and each one comes with its advantages. Two of the most popular ones are ORB
[18] and SIFT [19] algorithms. But there are limitations to the visual odometry. As it is based on
cameras, it needs enough light to work. And feature detection can be hard on textureless surfaces [20].
Both those conditions can occur on construction sites. They might not be properly lit and walls are

often featureless in empty buildings.

Those problems can be resolved by using the LiDAR as it doesn’t need external light to work.
Let’s imagine two point clouds taken by the LiDAR from poses that are close to each other. Both
will contain the same spatial features. As a result, they can be aligned to recover the transformation
between them. The problem of aligning point clouds is named point cloud registration and it will be
developed in the next chapter. The process can be used to improve the robot’s odometry by aligning

the new point cloud to the saved past ones and recovering the transformation between them.

Unlike the sequential edges, computations are needed to find the pairs of points that must be
linked by loop-closure edges. But as for the sequential edges, a point cloud registration algorithm can
be useful. If the point clouds of two nodes can be successfully aligned then a loop-closure edge can be

put between the two nodes.
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Chapter 3

Point cloud registration

Before explaining the implementation of the Graph-SLAM, this chapter will develop the point cloud
registration problem. As explained previously in section this technique can be used to improve

the robot’s odometry and consequently improve the precision of the overall SLAM.

This chapter will first define what is the point cloud registration problem. Then it will explore its
common solutions. And finally, a general optimization method will be described to help solve variants

of the common solutions.

3.1 Formulation of the problem

A general formulation of the point cloud registration problem can be expressed as :

Given two point clouds X = {x1,23,...,xy} and Y = {y;,ys, ...,y }, find the transformation
T™* that minimizes a distance function between the two. In other words, that aligns X to Y. They are

respectively referred as the source and the target point cloud.

T* = argmin dist(T(X),Y)
T
The basic form of point cloud registration is when the correspondences between the points of the
two point clouds are known. The distance function can be expressed as the sum of the squared euclidean
distances between the pairs of points of the correspondences set. In our context, a transformation T’
can be represented by a rotation matrix R € R3*3 and a translation vector ¢ € R3. Indeed, it can

be assumed that both point clouds are at the same scale and so a scaling factor is not needed in the
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transformation. The point cloud registration problem with a known set of correspondences C can be

formulated as:

R t* =argmin Y |[ly; — Ra; —t|3 (3.1)
Rt e

This problem is often solved directly in two steps. The first translates the source point cloud so
that the center of masses of both point clouds are aligned. Then the second step computes the rotation
that aligns them using singular value decomposition (SVD) [22]. Fig. shows this process in a 2D

example.
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Figure 3.1: Basic form of point cloud registration

3.2 Iterative closest point

In most cases, the correspondences aren’t known. This implies that the problem can’t be solved with
the previous method. The solution that is often taken is an iterative approach. The most widely used
method is the iterative closest point (ICP) algorithm [22]. The idea of the algorithm is to estimate the
correspondences during the optimization. It iterates between two steps. During the first, it estimates
the correspondences between the point clouds. And the second finds the optimal transformation using
the correspondences. The algorithm stops when its distance function drops below a threshold. As
the name of the algorithm suggests, it estimates the correspondences using a closest point method.
Algorithm (1| details the pseudocode of ICP. The problem can thus be formulated as:

R*,t" =argmin Y ||p, — Ra; —t|3, with p; = argmin ||y — Ra; — t3 (3.2)
Rt 2. €X yey

During each iteration the problem returns to the problem with known correspondences. So, the

same method can be used during each iteration to compute the transformation.
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Algorithm 1 ICP algorithm
Input: Two point clouds X = {z1,z2,...,xny} and Y = {y,,ys, ...,y }, and an initial transforma-
tion Ry and ¢y
Output: Optimal transformation R and ¢ that aligns X to Y
R, t «— Ry, ty
cd +— ©
while d > threshold do
for all z; € X do
p; «— argmin ||y — Rx; — t[3
yey

G e

end for
7. R, t <— argmin > _y|p;, — Rz — t/3
Rt

@

%

d «— ZwiGX |p; — Ra; — t]|3
9: end while
10: return R, t

As for many optimization problem, it needs an initial estimate. In our case, the odometry or the
visual odometry of Spot can be used. On top of that, this algorithm can fall into local minima, and a

better initialization can help avoid it.
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Figure 3.2: Iterative closest point process in a 2D example

3.3 Improvements of ICP

Several improvements can be made to ICP. Those can increase its precision and its convergence speed.
The first improvement that can be made is to add weights to the correspondences. A LiDAR is not
perfect and there is noise in its measurements. So, a bigger weight can be added to the more certain

correspondences. Furthermore, the effect of outliers can be removed by assigning them a zero weight.
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The problem can thus be formulated as:

R, t* =argmin Y wi||p, — Ra; —t|3, with p; = argmin ||y — Ra; — t3, (3.3)
Rt 2 €X yey

where w; is the weight associated to the point x; of X.

There are many different ways to compute weights. Most of them use a function that outputs a
number between 0 and 1 based on the correspondence’s distance. Popular ones are the Huber loss or
the Tukey loss [23].

Another improvement that has been widely used is the ”point-to-plane” ICP [24]. The idea is to
use the fact that point clouds often represent surfaces. So, instead of aligning the points between them,
”point-to-plane” ICP tries to align the source point cloud to the underlying target surface. But the
surface of the target point cloud is not accessible so it is approximated using estimated normals. To
do that, the distances can be projected to the normals of the surface. The normals can be estimated
using the neighborhood of the points [25]. Equation [3.4|shows the mathematical formulation of ”point-
to-plane” ICP. ”Point-to-plane” ICP can be formulated as follow:

R*,t" = argmin Z wi(n; - (p; — Rx; —t)?), with p; = argmin ||y — Rx; — t||3, (3.4)
Rt yey
z,eX
where n; is the normal of the closest point p; of x;.

It has been shown that this new distance metric outperforms the regular one in terms of conver-
gence speed and precision of the final solution [26]. There is even a generalized version of ICP that

take into account the surface structure from both point clouds instead of only the target point cloud
pi

With the added improvements, the same optimization method as in classical ICP can’t be used.

To solve the variants of ICP, a more general optimization approach must be used.

3.4 Gauss-Newton algorithm

As explained previously, The method used in ICP can’t be used to minimize the modified distance
functions. A more general optimization approach is needed. The solve this issue, the optimization

problems can be formulated as non-linear least-square problems.

A non-linear least-square problem [28] can be defined as the problem of minimizing the sum of
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non-linear squared functions of several variables
min Zri(af = min ()" r(0), (3.5)
i=1

where 7; is a non-linear functions, also called residual, @ € R™ are the n variables of those functions,
and 7(0) = [r1(0), r2(0), ..., rn(0)].

One of the most used methods to solve this kind of problem is the Gauss-Newton algorithm [28].
The idea is to linearize the residuals using the first-order Taylor series expansion around the current

guess of the solution 0 and then solve the problem as a linear least square problem.

The first order Taylor series expansion of the residual r; around 0 is:

~ 2 Ori (é) ~
(0) = r; (0 6—0). 3.6
(O @)+ )2 0 -0 (36)
Equation [3.6] can be generalized for r as:
r(0) ~r(0)+ J(O —0), (3.7)
where J is the jacobian matrix which is composed of J;; = 839(;9).

By replacing this approximation into the minimization problem, its first order derivative can be

set to 0 to find the optimal value of 6:

0

%((r(é) +J(0—86))-(r(0)+J(O —08)=2J"(r(0) + J(6 - 0)) = 0. (3.8)

Equation |3.8| can be rearranged to find that:
0=0—(JTJ)rJ"r ). (3.9)

The process can be iterated using the value of 8 computed in equation as the new guess of the

variables until convergence.
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3.4.1 Weights in Gauss-Newton algorithm

As explained is section weights can be added to attenuate the impact of outliers on the optimiza-
tion. Equation becomes:

min iwim(e)Q = min 7(8)TWr(8), (3.10)

where w; is the weight associated to the residual r; and W is the diagonal matrix of weights. Following

the same development as in the previous section the final iteration equation is expressed as:

x=0— (JTWI)LITTWr(8). (3.11)
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Chapter 4

Graph-SLAM implementation

This chapter will explore in detail our implementation of Graph-SLAM. As explained previously, the
approach can be divided into two parts, the graph generation and the graph optimization. As the
graph generation is more specific to the context than the graph optimization, most of this chapter
is devoted to this part. Finally, the method used for the graph optimization will be discussed. The

results of this implementation will be discussed in chapter

4.1 Graph generation

The process starts with a first node initialized at the origin of the graph. It will serve as a reference
for the construction of the graph. Each pose X; associated to the node ¢ can be represented by a
transformation matrix X; € R**#, Each pose thus represents the transformation between the robot’s
body and the reference of the graph X,. The first node being at the origin, its pose is the identity
matrix Xy = I € R**%,

When the robot moves, a new node can be added to the graph. The pose of the node can be
estimated with the robot’s odometry. As the odometry and the graph are not expressed in the same
reference frame, the odometry can’t be used directly. Instead, the estimated displacement between
the nodes can be computed and used to estimate the new node’s pose. The new node pose can be

estimated as
X=X ((Xp 1) Xi), (4.1)

where X II/%V,t is the robot’s odometry taken at the same time as node t that expresses the pose of the
robot with respect to the world origin frame W of the robot and ((X {/)”V,tfl)_lX II/%VJ/) is the displacement

between the two nodes.
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But this new pose is only an estimation computed from the odometry. And as explained in the
section there are uncertainties in the odometry. Since the precision of the graph optimization
depends on the uncertainties of the edges of the graph, the point clouds P; = {x € R3} taken at the
same times as node ¢ can be used to improve this odometry. This is called LiDAR odometry. As
a reminder, two point clouds taken successively will represent mostly the same geometric structure.

Therefore, the two point cloud can be aligned to recover the transformation between the poses of both.
This process can be visualized in Fig.
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Figure 4.1: Visualization of the principle of LiDAR odometry. The LiDAR is displaced from a pose
X¢_1. The new pose of the LiDAR is first estimated with the robot odometry. But the estimation
X, is not precise enough. The estimation can be refined by aligning the point cloud of the new node
(green) to the point cloud of the preceding node (blue) with a registration algorithm initialized with
the estimation of the displacement.

But the point clouds are expressed in the frame of the LiDAR {L}. To avoid changing the frame
of reference of the point clouds constantly, the graph’s nodes will represent the LiDAR’s poses instead
of the robot’s poses. The two are equivalent as the LiDAR is fixed to the robot. The transformation
between the robot’s pose to the LIDAR’s pose can be expressed as the transformation matrix T g, €

R**4. So the odometry can be transformed to express the estimated pose of the LiDAR with respect
to the world origin of the robot X ﬁ,ﬂt with the expression:

X%V,t = va%/,tTR—w- (4.2)

And X%V,t can be used to replace X{f’v)t in equation At any point in time, a node’s pose can be
transformed to represent the robot’s pose using the inverse transformation: X tTI_%l_> I

Before explaining the graph generation process in detail here is a quick overview of the process.
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The process starts with a node associated with the pose Xo = I € R*** that will be used as a reference
for the graph generation. When the robot moves, the process uses the new point cloud P; and new

odometry X {,’V’t in the following processing steps:

1. The estimated displacement between node t — 1 and node t is computed with the expres-
sion ((X%V’tfl)_lXﬁ,,t). It is then used as a first estimation of the next node’s pose X, =
L —1yL
thl((XW,tfl) lXW,t)

2. The point cloud P; can then be used to update this pose using a point cloud registration algorithm
to align it to the point clouds of the past nodes. This process is called LiDAR odometry. This
new estimation can then be used as the pose of the new node. The point cloud and the odometry

are saved for the later computations.

3. When a new node is added, the loop closure process searches through the nodes of the graph to
find a loop closure candidate. If a loop can be closed then an edge is added between the two

nodes and the graph is updated with the graph optimization process.

4.1.1 LiDAR odometry

For the LiDAR odometry process, we will assume that the process has already started and can be seen
in Fig. A new node t must be added to the graph. As explained previously, the first estimation
of the node’s pose X, can be computed with the robot’s odometry. Now the idea is to improve this

estimation by using the new point cloud P;.

Figure 4.2: Example of the graph’s state when a new node t is added but before the LIDAR
odometry is executed. The point clouds associated to each node is represented as the ellipses.
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The straightforward method is to align the point cloud P; with the last point cloud P;_; with a
point cloud registration algorithm initialized with the displacement estimation. Any variant of ICP
could be used in this process. The transformation that aligns the point cloud P; to P;_1 can then be

used to update the first estimation of the node’s pose X, into a better estimate X.

But there are some issues with this technique. The number of points on the ground in both point
clouds is usually small compared to the total number of points. Fig. shows this problem in 2
different scenarios. This is a consequence of the positioning of the LiDAR on Spot, its characteristics,
and the environment in which the robot navigates. Due to the small field of view of the LiDAR and its
high position compared to the ground, the closest point to Spot on the ground is several meters away.
Furthermore, its vertical angular resolution spaces the ”lines” far away from each other. It creates an
error in the normals estimation of the ground. Fig. shows well that the normals estimations for
the point on the ground are not perpendicular to the ground plane. Also, there are often tight spaces
like small rooms or corridors in buildings. Hence, there are even fewer points on the ground. With
the low number of ground points and the wrong estimation of the normals, it is hard for all variants

of ICP to estimate the vertical positioning and orientation of the point clouds.

Figure 4.3: Ground points depicted in red in an office (left) and a corridor (right).

A solution is to concatenate multiple point clouds together to increase the number of points on
the ground and improve the estimation of the normals. So instead of only using the last point clouds,
the n last ones can be concatenated and used as the target point cloud for aligning P;. To create the
concatenated point cloud, the point clouds can be transformed following the node’s pose and fused to
create a consistent point cloud. This method helps the estimation of the normals and improves the

overall accuracy of the displacement estimation.

But this solution has still some issues. The first one is that ICP uses all points for the optimization.
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Figure 4.4: Estimated normals of the ground point in red. Due to the lack of points, they are not
perpendicular to the ground plane.

While it uses all the information of the point cloud, it impacts the computation time. As explained
earlier, ICP finds correspondences for all the points of the point cloud. This process is expensive.
But in our context, we must map the environment in real-time, so the LiDAR odometry must be
executed several times per second. It is even a problem for our LiDAR, which has a low resolution
compared to other popular LiDARs. Furthermore, for the ”point-to-plane” ICP and Generalized ICP,
the normal estimation must be computed for every point of the target point clouds, which can be
computation expensive. The second problem is that even if the variants of ICP use the entire point
cloud’s information, it doesn’t use it efficiently. The variants of ICP use the normals to improve the
convergence speed, but even with more points, the normal estimation can be wrong. As an example,
the normal of the points that fall on the edge of two planes will be wrongfully estimated and we can’t
assume that these points represent flat surfaces. But all exposed variants of ICP assume it which leads

to errors in the alignment.

An idea to solve all these problems is to filter the points. By keeping only the important ones,
the convergence speed can be improved and even the result of the optimization [26]. With the selected
features, the computation of the correspondences can be changed to better use the information of the

point clouds.

37



4.1.1.1 Feature selection

In our context, the environment in which the robot moves is a construction site. As in most buildings,
we can assume that it is composed of planar surfaces. We can take advantage of this by using the
method developed in the LOAM algorithm [29]. The idea is to select points that come from the
underlying planar surfaces and edges of the point cloud. LOAM stands for Lidar Odometry and
Mapping and is one of the best odometry methods on the KITTI dataset [30]. This dataset is one of

the most popular benchmarks for odometry estimation.

The feature points can be extracted by computing a roughness value for each point. A small
roughness means the point is on a plane while a large one means that it lies on an edge. The roughness
can be estimated using the neighborhood of a point. But this process can take time. Especially as the

roughness needs to be computed for every point of the point cloud.

The LiDAR properties can be used to approximate the neighborhood. The LiDAR has a higher
horizontal angular resolution than its vertical. The points that are next to the point in the same
channel can be used to approximate the neighborhood efficiently. Unfortunately, the point clouds
received from Spot are not separated in channels. But they can be separated by using the angles
of the points compared to the LIDAR orientation. This follows the same idea as LeGO-LOAM [31],
where it transforms the point clouds into images based on the angles and the ranges. Computing the
neighborhood of a point means searching for the point’s neighboring indices in the same channel list,

which is quite efficient.

The roughness of xy, ;, the i-th point of channel k of a point cloud P, with a neighborhood of size
2n can thus be computed using the formula:
i+n

T, = || Z (®k,i — ka)Hg (4.3)

j=i—n, i#j
Like in the paper, a neighborhood of size 10 is chosen.
This equation computes the squared norm of sums of the vectors that go from the neighboring
points to the i-th point. When the points are mostly aligned, vectors will tend to cancel each other

as opposed to when the points are not aligned. To give a more visual sense to this equation, Fig. 4.5

shows the sum of vectors for points that fall on a surface and an edge.

The points in each channel are sorted according to their roughness and the ones with the highest
roughness values are taken as edges points and the ones with the smallest for the planar points. To
select points evenly around the robot, each channel is divided into 6 equal parts [31]. From each part,

a maximum of 20 edge points and a maximum of 40 planar points are selected per channel [31].

A point near an edge point will also have a high roughness value. And to avoid wrongfully picking
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Figure 4.5: Roughness vector (in green) for a point (in orange) that falls on a planar surface (left)
and for a point that falls on an edge (right). On the left, the vectors cancel each other perfectly.

it, the points that are close to already selected points are never selected. This also helps to distribute

the points across the point clouds.

Figure 4.6: Unreliable points. On the left, the points are far from the LiDAR and don’t hold enough
information about the surface. In the center, The surface is nearly parallel to the laser and a small
deviation in the direction creates a large error in the estimation of the range. On the right of the
image, the orange point must not be taken as an edge because the LiDAR might move and discover
unseen space.

Some points can be considered as unreliable and can be removed from the selection [29]:
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e Points that are too far or too close to the LiDAR. The ones too close might be linked to the
LiDAR ”seeing” the robot. And the neighborhood of the points that are too far doesn’t hold

information about the underlying point’s surface due to the LiDAR’s resolution (shown on the

left of Fig. .

e Points on a surface that is nearly parallel to the LIDAR’s laser. This is because a slight error in

the direction of the laser leads to a large variation in the estimated range (shown in the center

of Fig. .

e Points on the frontier of an occluded area can be wrongfully picked as edge points (shown on the

right of Fig. [4.6).

Fig. shows an example of features on the point cloud of a room. The edges are shown in
red and the planar point in blue. This process is not perfect, especially for edge points. The first
cause is because of the resolution of the LIDAR. Some edge points might not fall exactly on the edge
of surfaces. And the second is because of the way the neighborhood is estimated. Some points that
have a high roughness might not be edge points at all. Outlier rejection and specific feature matching
techniques can help to mitigate those problems and reduce the weight of wrong edge points during

optimization.

Figure 4.7: Selected feature points in a point cloud. In red the edges and in blue the points on planar
surfaces
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4.1.1.2 Feature matching

The goal of estimating the correspondences in ICP is to calculate the distance between the two point
clouds. LOAM leverages the features to build a distance function that takes more into account the
surfaces of the point clouds. The idea is to compute the distance between the feature points of the
source point cloud and the closest surface feature of the target point cloud. For the edge points in the
source point cloud, the distance is computed using the closest edge in the target point cloud. And the

same principle is used for the planar points but with the nearest plane.

Let 72 and F! be the set of edge points from the source and the target point clouds. Let z. € R3
be the points of FJ for which the distance to the target point cloud should be computed. As explained
earlier, the distance function is estimated at each iteration of the process. So, the actual point used is
the transformed point &, = Rz, +t. Where R € R3*3 and t € R? are the estimated rotation matrix
and the translation vector during the iteration. As this is an edge point, its distance to the point cloud
is the distance to the closest edge in the point cloud. The edge can be estimated by extracting the
closest points in F! from &.. As in the LeGoLOAM [31] implementation, five points are selected. The
extracted patch of points is an edge if one of the eigenvalues of its covariance matrix is significantly
larger than the two other [29]. If the patch satisfies this criterion, the direction of the line is the

eigenvector of the largest eigenvalue and its position is the mean position of the patch of points.

Both information can be used directly to compute the distance but to facilitate the computation
of the optimization it is computed differently. From the direction and the position of the line, two

points x; and x5 can be generated. The distance to the line can finally be expressed as [29]:

[(Ze — 1) X (T — x|
(@1 — o)

de(Ze) = (4.4)

The technique is similar for the planar points. Let F, and ]-";, be the set of planar points from the
source and the target point clouds. As for the edge points, we have to use the transformed version &,
of the point x,. For planar points, the distance is the distance to the closest plane in the target point
cloud. To estimate the closest plane, the closest points of &, in F! are extracted. If a plane can be
fitted with a low error on this patch of points, then the patch of points lies on a flat surface. A plane
is fitted on the points by solving a linear least square problem. For each point used to compute the
plane, its distance to the plane must be lower than a threshold. This ensures that only the patches of
points that represent real planes are used. Using the same idea as for the edge points, the distance
to the surface can be computed by extracting 3 points x1, 2, and @3 from the plane and using the
formula [29):

[(@p — i) - (@1 — 22) X (X1 —@3)) ||

(@1 — x2) x (21 — x3)] (4.5)

dp(ip) -
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Using those two distances, the distance function can be formulated using the distance for all edge

points and planar points of the source point cloud [29]. The problem can then be formulated as:

Rt =argmin Y  de(Rx.+t)>+ Y  dy(Rx,+1)° (4.6)
Rt
x.€EF, x, P

As for the variants of ICP, this minimization problem can be formulated as a non-linear least

square problem and the Gauss-Newton algorithm can be used to optimize it.

There could be some outliers in the distances’ estimations. As explained in section the
process of selecting edge points is not perfect and some wrong edge distances could be estimated.
Also, some regions that weren’t visible from the old LiDAR’s point of view could be revealed when the
robot moves. This means that points don’t necessarily have a correspondence in the old point cloud.
The outliers can have a huge effect on the optimization and to reduce it we can weigh the distances
and use the optimization method developed in section The idea would be to associate a lower
weight to points that have larger distances and to assign a zero weight to the points that are farther
than a threshold. For that purpose, we chose the Tuckey loss function [23] which combines these two
properties. The weights can be computed with the formula:

wid) =4 ($)%)* if |d] <k (4.7)
0 otherwise

where k is the threshold distance. The value of k will be set depending of the context of use of this

algorithm.

4.1.1.3 Overall process of the sequential graph generation

Using the point cloud registration algorithm developed, the process of creating the sequential nodes

and edges of the graph can be summarized as follow.

When a new point cloud P is received it is first split into two feature set F, and F, representing
edge points and planar points. The target edge feature set F. can be created by fusing the last n
saved edge feature sets. For the implementation, n was set to 40. The same can be done for the target
planar feature set .7-';,. To distribute evenly the points in the target sets, only one point is kept for each
5cm X 5ecm X 5em region of the target edge set and for each 10cm x 10cm x 10cm region of the target
planar set. The point cloud registration algorithm detailed above can then be used to better estimate
the displacement of the robot by aligning the two feature set of P; to the target features sets. The
initialization of the algorithm is done using the odometry displacement. The optimized displacement

is then used to estimate the new pose of the node and the feature sets F, and F, are saved for future
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computations.

For the parameters of this process, we chose to set the distance threshold k to 5 cm. The distance
threshold can be set so low because the robot’s odometry is already a good estimate of the displacement
and the registration algorithm therefore only makes some adjustments. The low distance threshold
also helps to reduce the impact of the dynamic objects in the environment. As dynamic objects move
around the robot, the points related to them in successive point clouds will not be in the same positions.

Hence a low distance threshold helps remove the effects of these points.

The total number of nodes in the graph can increase very quickly because the robot can send
many point clouds per second. Therefore, instead of creating a new node every time the robot moves,
we can add a new node when the robot has moved a certain distance from the last saved node. In our
implementation, we have chosen a distance of 20 cm. Furthermore, it is not useful to save every point

cloud because point clouds taken with a small delay between them will overlap by a lot.

One question one might ask is why take only the last n point clouds as targets instead of all
the point clouds that are close to the new pose in the graph? This is due to the drift caused by the
displacement estimates. Fig. illustrates this problem. In a situation where the robot has traveled
a long way without returning to a previously seen location, there will be drift in its pose estimate. If
the robot returns to a previously seen area and the target point cloud is constructed using the point
clouds around the robot’s current pose, there will be ambiguities in the point cloud. As shown in Fig.
the walls can be doubled, which makes it difficult for the registration algorithm to find the optimal
transformation. This problem can be partially solved by using only recent point clouds. It removes

the ambiguities but the drift in the pose estimation is not corrected.

4.1.2 Loop closure

As a reminder, the loop closure process tries to link together nodes that are not sequential and that
are close to each other in the real environment. This process closes loops inside the graph. It helps to
reduce the overall error of the graph. In our context, the robot is moving through construction sites.
In buildings, the large majority of loop closure will be small as the likelihood of the robot taking a long
path without ever going back to an already seen place is low. As it can be assumed that the drift is

small for a small path, we can check for loop closure directly in the surroundings of the current pose.

When a new node is created, all the nodes in a small sphere centered at the new node are extracted
as pictured in Fig. In our implementation, the sphere has a radius of 0.5 m. Inside the sphere,
we will only consider the nodes that are old enough compared to the new ones to avoid closing loops
with nodes that were just added to the graph. A node can be considered old if it is no longer part of
the recent set used for the LIDAR odometry. Selecting the oldest one ensures that the current path is
corrected with the path that has the lowest overall drift.
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Figure 4.8: Visualization of the ambiguities caused by the drift in the pose estimation along a path.

If a candidate is found around the new node, then we can correct the graph by putting an edge
between the two that represent the real transformation between them. To compute it, the same
principle as the LIDAR odometry can be used. The real transformation can be estimated using a point
cloud registration algorithm. In the same way as in the LIDAR odometry, the point cloud of the new
node can be aligned to the point cloud of the candidate node. For the same reason as in section [4.1.1
the target point cloud can be extracted by selecting point clouds that are on the same path as the

candidate node. In our implementation, we select the 20 before and after the candidate.

The error in the graph prevents the use of the registration algorithm developed in section
Instead, ICP can be used to find a first estimate of the real transformation between the nodes. The
convergence of ICP can even be used as a criterion to know if a loop can be closed between the two
nodes. If the mean of the squared euclidean distances between the two point clouds is lower than a
threshold then the loop closure is accepted. To refine the estimated real transformation, the algorithm
developed in can be used after ICP. The distance threshold of the algorithm must be put at a
higher value than for the LIDAR odometry as the initialization of the registration algorithm is not as
good. We set this threshold to 0.1m.

When a loop closure has been found and the displacement between the node is correctly estimated,

44



~(x)

Figure 4.9: Visualization of the candidate selection process for the loop-closure. A sphere is created
around the robot to take only the surrounding nodes that are close enough to be considered as
loop-closure. The nodes circled are considered as candidate. The oldest one is taken as the
loop-closure candidate.

an edge can be added to the graph. The graph optimization process can then optimize the graph and
update the poses of the nodes. As the process uses ICP and our algorithm in sequence, it is done in

another thread to avoid impacting the LiDAR odometry computation time.

This process works well with the assumption that only small loops will be closed. If the robot
performs a large path without going back to already seen places, then another technique must be used
to find loop closure in the graph. For example, AprilTags can be used to detect loop closure. The same
process using ICP and the registration algorithm developed in[4.1.Tcan be used with the initialization
of the process set as the detected transformation to the AprilTag.

It is important to note that the more loop-closure performed on the robot path, the more consistent
the map will be with the reality. Especially in maps made on several floors. Moreover, for the floors to
be correctly oriented and for the planes they form to be parallel, there must be at least three different
access points for each floor. Fig. shows that 2 floors may not be parallel if there are not enough
different access points. This problem comes from the fact that the minimal velocity of the robot is
quite high on stairs which includes mistakes in the distortion estimation done by Spot. These errors
in the undistorted point clouds impact negatively the LiDAR odometry.
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Figure 4.10: Side view of a the map of two floors. As there are not enough different access points
between the two, the error due to the high speed of the robot on stairs could not be corrected by the
loop-closure process and the 2 floors are not exactly parallel.

4.2 Graph optimization

To represent the graph and perform the graph optimization, we use the GTSAM [32] library. GTSAM
is a specialized C++ library that implements efficient algorithms for graph optimization. The actual
algorithm we used for the graph optimization is the ISAM2 [16] algorithm. The idea of ISAM2 is to
use efficient data structures developed specifically for graph optimization to optimize efficiently the
problem stated in section This algorithm is also incremental. It means that it uses variable
reordering to optimize the graph based on the past optimization. Its efficiency and its incremental

property allow us to execute the graph optimization every time a loop is closed in the graph.

The final map of the graph can be extracted from the node of the graph. All point clouds saved
can be concatenated inside a single point cloud by transforming each one to its associated node pose.
Examples of maps extracted with this algorithm are shown in Fig. and
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(a) Before loop closure (b) After loop closure

Figure 4.11: Comparison between the Graph-SLAM process before and after loop closure. It can be
seen that the loop closure process correctly closes the loop of the path. The start of the path is
represented with the red point cloud and the end with the red one.
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Figure 4.12: Map of a testing hall computed with the Graph-SLAM algorithm. The details of the
environment are well preserved and nothing is duplicated which could happen when using only the
odometries as a mapping solution.

48



Figure 4.13: Map of the ground floor of a small house computed with the Graph-SLAM algorithm.
The walls are consistent with to each other.
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Chapter 5

Navigation and path planning

5.1 Context and motivations

Navigation is a very broad topic in the world of robotics and is still widely developed today. Simply
put, navigation is the grouping of 3 essential aspects in the movement of robots in their environment:
The ability to map its environment, the ability to localize itself in it and finally the ability to program
paths between points in this environment. Localization in the mapped environment and path planning
are therefore the two cornerstones of robot navigation. These two capabilities can themselves take
different forms depending on the application and the environment in which the robot works. However,
the goal stays the same: to be able to move safely in an environment and to plan paths connecting

several targets.

In this part, we will focus on the planning part of the navigation, i.e. how to reach a point B from

a point A.

5.2 Objectives

For the moment, in the simple version of Spot, it can carry out missions only if they have been
programmed in advance. Indeed, a technician must first make the desired path with the robot, giving
it intermediate points, and then the robot will be able to recreate this path by adapting to minor
disturbances, like small obstacles. However, this approach has the disadvantage of needing a technician
each time the path needs to be modified, and of not being flexible when larger, unexpected disturbances
occur. It would then be interesting to develop new methods to make the Spot navigation system more

autonomous and robust. It is in this idea that we have developed on the one hand a SLAM part to
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map a new environment and on the other hand a path-planning part. Thus path-planning part will
have for objective to allow the creation of a new path in a completely autonomous and decentralized
way. In more concrete terms, the goal is to allow a client to give Spot an objective on a map of the
building, and that Spot can move from its starting point to this objective without any prior technical
manipulation. The time savings would be significant, as well as the possibilities opened by this kind
of more autonomous navigation such as constant and precise monitoring of activities in a building,
movement of objects without human assistance, characterisation and mapping of construction sites,
etc. This method also has the advantage of not requiring a technician every time the robot has to go
a different way. The only human intervention would be when we have to explore the environment to

create a global map.

Within the framework of this project, the exact goal is to allow Spot to move autonomously in a
building in construction and thus in a dynamic environment, by avoiding the obstacles. The objective
of a whole building being composed of several sub-objectives, we chose to try to solve only a part of

these sub-objectives, the others being left in future development. These objectives are as follows:

e Autonomous travel.

e Moving only on one floor, without stairs.

5.3 Path-planning’s inputs

To carry out the navigation, we need several inputs. There are several pieces of information available:

e Output of the SLAM : The SLAM developed in the previous chapter allows the reconstruction
of a point cloud of the building or environment in which the robot will have to move. Thus, the

navigation knows the environment in which it evolves, at least in a static way.

e Data given by Spot : Spot has a certain amount of information that can be retrieved for use
in the navigation part of the system: the robot’s internal IMUs allow the robot’s orientation to
be known. It is also possible to retrieve information relating to the odometry of the robot as

well as the information given by the different cameras of the robot.

e The localization : The SLAM also allows us to locate ourselves on the global map. The robot

and the path planning know where they are in the environment.

e Target point : Finally, the customer or user gives an objective point in the environment.
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5.4 Path planning definition

A path planning problem consists in finding in a particular environment a sequence of configurations
from a starting state to a final state while avoiding any collision. The path planning inputs can be
various, depending on the amount of information available. Typically, path planning works with an
online or offline description of the environment such as areas to be avoided, free areas, a starting point
and an ending point. The environment can be described in 2D or 3D, with the algorithms having to
be adapted in both cases. Although the applications of the path planning and navigation problem are
very diverse, let us focus particularly on the case of a mobile robot-like Spot in a 3D environment like
a building under construction. Thus, the free zones of the environment will be the zones where Spot
will be able to move, while the zones to avoid will be the obstacles. More formally, we describe the

search space of a path planning algorithm by 4 subspaces:

e Configuration Space C' : describes the set of possible configurations in the environment.
Depending on the problem, these configurations can be described in different ways. For example,
for a path planning problem where the robot is considered as a point, the set of configurations can
be described by a set of coordinates (x,y,z). If the robot is considered as an object with a certain
dimension and certain orientations, then the set of possible configurations will be described by

(z,y,2,a, v, ¢). a,y and ¢ being the roll, pitch and yaw angles.

e Free Space Cy,.. : describes the set of configurations where the robot does not collide with an

obstacle.

e Target Space Cigrge ¢ describes the configurations that represent the destination of the path

planning.

e Obstacle Space C,s: : represents the set of configurations where the robot comes into contact

with an obstacle or an area where it cannot access

An important property of path-planning algorithms is the completeness property. In a map, if
there is a path between A and B, a complete algorithm will find this path. If no path exists between A
and B, a complete algorithm will say that no path exists. On the contrary, a non-complete algorithm
will be blocked in the case where no path exists, and will never return anything. It is therefore
important in our application that the navigation algorithm chosen by Spot is complete, at the risk of

finding ourselves in situations that are solvable but impossible to treat.
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5.4.1 Representation of the space

A point cloud is obtained from the output of the SLAM which represents a reconstruction of the
environment in which the robot will navigate. However, the point cloud format is not relevant for the
path-planning part of the navigation. Indeed, our objective is to be able to define the free space and the
obstacle space, and this objective is difficult to achieve with a format including a discrete point cloud.
It is then interesting to look at how most path planners represent their environment. This one can be
considered as continuous as in the case of the potential field path-planning, or discrete as in the case of
Dijkstra or A*. This last format will be more interesting in our practical case because of its simplicity
and the completeness property of the algorithms linked to this format. The goal is to transform a 3D
point cloud into a 2D matrix where each cell corresponds to a position in the environment, as shown in
Fig. .1} Each cell can then contain different information about the environment, such as the presence

of obstacles, and free space or highlight the objective and the current position of the robot.

. =

Figure 5.1: Transformation from 3D point cloud to 2D occupancy grid

5.4.1.1 Transformation from point cloud to 2D grid

The data structure used to represent point clouds is the one given by the open-source library PCL
(Point Cloud Library) [33]. This structure contains a number n of points composing the point cloud.
Each point is described by its 3 coordinates (z,y, z). An example of a point cloud of a corridor, which

will be our reference during this section is shown in Fig. [5.2
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Figure 5.2: 3D point cloud of a corridor constructed thanks to the SLAM algorithm

The first step of our algorithm consists in transforming this 3D point cloud into a 2D point cloud.
This step greatly facilitates the conversion from the point cloud to the grid. This is done by taking
a slice of the point cloud in the (z,y) plane and projecting each point of this slice into a 2D plane.
We then introduce the first two parameters on which we will be able to play: the thickness and the
vertical position of the chosen slice. In the implementation we choose a 40cm thick slice, going from
20cm below the LiDAR to 20cm above the LiDAR. To visualize the operation, the choice of the slice
is shown in Fig. The choice of the slice has the advantage of keeping only the interesting parts for
the path-planning part of the navigation, i.e. the walls and the obstacles at the height of the robot.
Indeed, the information of the point cloud such as the points composing the floor or the ceiling is not

interesting to find a path from a point A to a point B.

Figure 5.3: In red the chosen points selected by the slice operation on the 3D point cloud of the
corridor seen in Fig.

Now that we have a 2D point cloud, the goal is to transform this point cloud into an occupancy
grid. A solution is to create a map with an arbitrary resolution and then check the whole point cloud
to see if there is a point contained in the range of a cell. For the sake of efficiency, we will use a KD

Tree data structure to perform this operation. Indeed, placing all these points in a KD tree has the

54



advantage of being efficient in the case where we perform searches in this tree. As a reminder, a KD
tree is a data structure that partitions the space and places the data in a tree, which simplifies and

accelerates searches. A Fig. of a 2D example KD tree can be found in Fig.
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(a) 2D KD tree partitioning of points (b) Tree corresponding to the applied partitioning

Figure 5.4: A KD tree divides the space and places points in a tree to improve searching efficiency

[34].

To create our occupancy grid, we will then start by creating an artificial reference point cloud X,
each point of which corresponds to the center of each cell of the occupancy grid. We then have 2 point
clouds: the one corresponding to the environment Y, and another artificial one X. We place Y in a
KD tree and we will then take each point of X and we will look for the point of Y closest to the point
of X. If this point is at a distance less than half the resolution, then the corresponding occupancy grid

cell will be considered an obstacle. Algorithmically, this gives:

Algorithm 2 Occupancy_Grid_Filling()
Input : A filtered 2D point cloud PCL = {x1,x3,..., N}
Output : Occupancy grid as a matrix M"*"

1: Map + O

2: for i =0; i < Width;i + + do

3: for j=0;j < Height;j ++ do

4 Artifical_Point.x < Min_X + i x Resolution
5: Artifical_Point.y < Min Y + j x Resolution
6: Distance < KD _Tree_Search_Closest(Artificial _Point, PCL)
7: if Distance < Resolution/2 then

8 Mapli][j] <1

9: else

10: Mapli][j] < 0

11: end if

12:  end for

13: end for
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An example of transformation from the point cloud at Fig. to the corresponding occupancy
grid is shown in Fig. [5.5

0 50 100 150 200 250 300 350 400

Figure 5.5: Occupancy grid corresponding to the point cloud of the corridor shown in Fig. |5.2

In addition, it is important to consider the treatment of obstacles. Indeed, we must not forget
that the robot is a 3-dimensional object and therefore has a certain width and length. In the current
situation, if we give the occupancy grid as it is to the path planning, it will consider the robot as
a point, and not as an object. The problem is that by not considering the dimensions of the robot,
one runs the risk of colliding with obstacles. An easy solution to avoid this situation is to continue
to consider the robot as a point (thanks to the ease that this represents in terms of calculation) but
to artificially increase the size of the obstacles. Another parameter of the occupancy grid is therefore
the augmented size of the obstacles. Fig. shows the difference between a map without increased

obstacles and a map with increased obstacle size.

Figure 5.6: Transformation from not increased obstacle map to increased obstacle occupancy grid.

To summarise, the different parameters that can be used to create the occupancy grid are :
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e R the resolution of the occupancy grid, i.e. the actual distance that a grid cell represents in

reality.
e W the width of the slice to be taken from the 3D point cloud.

e [ the increase in size that will be applied to the obstacles.

The parameters W and I will in general be fixed and do not significantly influence the calculation

and processing time from the 3D point cloud to the occupancy grid.

However, the resolution parameter R will have a significant impact on the calculation time. It is
thus important to make a trade-off between the precision that we want to have and the calculation
time taken by the processing of the occupancy grid. The graph in Fig. shows the influence of the
resolution, and by extension the size of the occupancy grid, on the calculation time. The tests were
performed on a Debian virtual machine running on 2 cores of an Apple Macbook Pro 2017 computer,
with a 2.3 GHz processor and 8GB of RAM. The processing time must remain acceptable to be able
to carry out calculations in real-time. A reasonable value with a trade-off between accuracy and
computing speed in the case of this corridor is 15 cm. The resolution to choose depends on the size of
the cloud point. If it is larger than the previous example, the resolution will have to be chosen as less

precise to keep the trade-off between precision and computation time.

Computation time [s]
e e = =
7] ] o N
=) T =) 2]

! 1 ! |

0.25 4

0.00 -

10 20 30 40 50
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Figure 5.7: Computation speed of the process of the occupancy grid as a function of the resolution
for the occupancy grid shown in Fig. [5.5
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5.4.2 The different types of path planning

Now that we have a usable discrete map, the goal is to develop an efficient path-planning algorithm

to connect point A to point B. The efficiency of this algorithm is defined by :

e its speed of execution.
e its completeness property.
e the accuracy and practical efficiency of the calculated path.

e its use of the memory.

There are many different path planning algorithms, each with its advantages and disadvantages. These
can be either continuous like the Potential Field Algorithm[35] or discrete. In our application, we have
chosen to work in the discrete case. We will start by describing the main algorithms for discrete map

search, and then other algorithms with more interesting features will be explained.

Before explaining the basics of path planning, it is important to clarify some information about
the occupancy grid. The grid is defined by cells that all have the same dimension in our case. We
consider each cell centre as a node, and each node is connected to adjacent nodes by an edge with
a cost equal to the distance between them. For example, 2 nodes corresponding to 2 cells sharing
a common side will be connected by an edge of cost 1. 2 nodes corresponding to 2 cells sharing a
common vertex (i.e. diagonally) will be connected by an edge of cost \/ZQ) This concept is explained

visually in Fig. [5.8

A B C
D E F
G H 1

Figure 5.8: Occupancy grid to weighted graph used for path planning

5.4.2.1 Dijkstra

The basic algorithm for pathfinding in a discrete map is the Dijkstra algorithm. This algorithm finds
the shortest path between two points. It was invented by Edsger Dijkstra in 1959 [36]. His algorithm
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is the following:

Algorithm 3 Dijkstra()

Input : Connected graph with n nodes and e edges. S = (x,, ) the starting node. G = (x4, )
the goal.
Output : Path from starting node to goal node as a list L = {n1,n9,...,ny}
List < Graph(n,e)
for all Node in List do
Node.distance = co
end for
while List = @ do
Node Current < List.min_Distance()
List.delete(Current)
for all Sy of Current.successors() do
if Sy.distance > Current.distance + Distance(Current, S1) then
Sy.distance = Current.distance + Distance(Current, Sy)
S1.pid = Current.id
end if
13:  end for
14: end while

— e
M 22

This algorithm starts by placing all the nodes of the graph (or occupancy grid in our case) in a
list and initializing all the distances of the nodes from the goal as infinite. Then, as long as this list is
not empty, we will choose the node that is currently considered to be closest to the goal (on the first
iteration this will be the starting node). Then, each neighbour of the current node will be analyzed.
If the previous distance of the neighbour is greater than the sum of the distance of the current node
plus the distance between the current and the neighbour, then it means that the path from the current
to the neighbour is shorter. We then define the parent of the neighbour as current. We perform this
operation for all the neighbours of the current node and repeat the operation until we find the goal.
We then have to look at the parent of each node to find the shortest path to the goal.

The complexity of the Dijkstra algorithm is : O((e + n) - logn), with n the number of nodes and
e the number of edges. So although Dijkstra’s algorithm gives the shortest path, it is very slow when
analyzing large maps. It is therefore important to find a way to speed up the search so that it can be

performed in real-time.

5.4.2.2 A*

A* is based on the same concept as Dijkstra’s algorithm, except that the cost of each node is no longer
simply defined as the so-far cost from the starting point, but an estimate of the distance remaining to

reach the goal is added. This concept is called a heuristic. This is possible because we are working in

59



a discrete world where it is possible to evaluate the distance between 2 coordinates. For example, if
we are at the node corresponding to the coordinate (0,5) and the goal is at (10,10), the value of the
heuristic will be (10 — 0) + (10 — 5). This heuristic is called the Manhattan Distance [37]. There are
many different heuristics, but this one has the advantage of not altering the optimality of the result
returned by the path-planning algorithm if the graph is cost-uniform [37]. The cost f(z) of a node x

with a parent y is, therefore :
f(z) = g(y) + distance(z,y) + Manhattan_distance(y, goal) (5.1)

with g(y) the so-far cost of the parent node y from the starting node and distance(z,y) the cost

between the node x and y. The implementation of A* is as follows:

Algorithm 4 A x ()

Input : Connected graph with n nodes and e edges. S = (x,, ) the starting node. G = (x4, )
the goal.

Output : Path from starting node to goal node as a list L = {ni,na,...,ny}

1: open_list < O

2: closed_list < @

3: open_list.push(start)

4: while open_list is not empty do

5. current < open_list.pop()

6: if current is GOAL then

7: return closed_list

8  end if

9:  for all s in current.successors() do

10: if s not in closed_list then

11: if s in open_list and s.cost < current.cost_so_far + distance(current, s) + s.heuristic()
then

12: continue

13: else

14: s.cost = current.cost_so_far + distance(current, s) + s.heuristic()

15: open_list.push(s)

16: end if

17: end if

18:  end for

19:  closed list.push(current)
20: end while

21: return closed_list
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Chapter 6

Jump Point Search

In the context of an autonomous mobile robot like Spot, we need the most efficient, fast and lightweight
path planning algorithm possible so that the possible applications can be realized in real-time, which
means in our application, less than 0.2 seconds. As the acquisition time of a point cloud varies, 0.2
seconds is a robust margin needed to satisfy the real-time constrains. From this perspective, it is
interesting to analyze the weaknesses of the A* algorithm. To understand its main weakness, it is
necessary to introduce the concept of symmetrical paths. Two paths are symmetrical if they have the
same starting point and the same ending point and if the distance made by the two paths between
these two points is the same. In other words, it is possible to obtain path 1 by exchanging the vectors
constituting path 2. An example of several symmetrical paths is given in Fig. When A* expands
its nodes, it explores all symmetrical paths, which is a waste of time and memory, resulting in a de-
crease in performance. Many algorithms are trying to solve this weakness by exploiting the concept of
pruning to increase performance such as Rectangular Symmetry Reduction[38]. The concept of prun-
ing is the fact of ignoring certain parts of the search space because these parts will mathematically not
give the right solution. In this work, we will focus on a recent and widely used algorithm: Jump Point
Search (JPS). This algorithm has been developed by Daniel Harabor and Alban Grastien in 2011[39)].
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Figure 6.1: Example of symmetrical paths [40].

JPS uses the notion of pruning, i.e. the disregard of some nodes to reduce the computation time
and the memory used. The algorithm follows certain rules to achieve this selection of nodes. JPS is a
derivative of A*, making it faster, using less memory, but above all keeping an interesting property of
A* namely its optimality[39]. The optimality of JPS means that the path given by the algorithm is
the shortest and that the algorithm is complete.

It is also interesting to note that JPS is particularly useful in the context of an indoor mobile robot.
Indeed, the grid derived from the SLAM result has the characteristic that a lot of open and free
spaces are present, for example, a long empty corridor. This situation gives rise to a large number of

symmetrical paths which are therefore detrimental to A* but which JPS can avoid.

6.1 Implementation

Let’s now look at how JPS is implemented in practice, i.e. what are the constitutive rules of the
algorithm. We, therefore, start again from the occupancy grid that we calculated in the previous
chapter. We assume that each node has 8 neighbours, including diagonal movements. The specificity
of JPS, as explained above, is to ignore some nodes that we are sure are not interesting for the path
calculation. There are therefore pruning rules, i.e. under which conditions we can ignore certain nodes
and jumping rules. The latter comes from the fact that, unlike A* which explores the nodes adjacent
to the parent node, JPS will continue its expansion and will only place a node in the open list when

certain conditions are met.

Fig. represents this concept of jumping points. Instead of exploring each adjacent node, we
will continue in the previous direction until we find or do not a jumping point. A cost from the node
x to the jumping node y is given by

9(y) = g(x) + dist(z,y)
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with g() the cost so-far from the starting point. The exploration thus continues from this jump point.

X mmm————

. ’

p(x)—% x >y p(x) w

Figure 6.2: Visual example of the straight and diagonal jump points concept [39]. The black cells
represents obstacles, the white cells the free spaces and the grey ones the cells that are pruned

The algorithm is therefore based on neighbour pruning rules which define which nodes can be
ignored in the path calculation. The goal here is to start from a parent node p(x) and arrive at an
adjacent node x along a certain direction and look at all its neighbours. Among these neighbours, we
will estimate which ones are not worth visiting to reach optimality. The rules concerning this selection

depending on whether the direction is straight or diagonal.

For a straight motion, we will consider each neighbor n of node x reached by its parent p(z) and

prune each neighbor satisfying the following equation [39]:
len(< p(x), ....,n>\z) <len(< p(z),z,n >) (6.1)

That is, we ignore all neighbouring nodes whose path from the parent to these nodes without passing
through x is shorter than or equal to the path between these same nodes but passing through x. In
the example shown in Fig. we can see that all the shaded nodes respect the equation and are
therefore eliminated from the path calculation. The remaining nodes, considering an environment

without obstacles, are called the natural neighbours of x.
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Figure 6.3: Pruning example in the case of different direction moves [39]. The black cells represents
obstacles, the white cells the free spaces and the grey ones the cells that are pruned.

The diagonal movements have to answer another equation, almost similar, with the difference that

the paths passing and not passing through x cannot be equal.
len(< p(x),....n>\z) <len(< p(z),z,n >) (6.2)

In practice, we will see that it is possible to determine the neighbours to be pruned in diagonal
movements by a combination of vertical and horizontal movement analysis. An example of diagonal

motion pruning is given in Fig.

We have previously introduced the concept of natural neighbours. As a reminder, natural neigh-
bours are those nodes that are not eliminated by the pruning process, in an unobstructed environment.
It is now important to introduce the concept of forced neighbours. When passing through a non-ideal
environment with an obstacle, it may happen that some nodes that would have been pruned in an
unobstructed environment are not removable. They are not ignorable because they do not meet either
the or the equations. These nodes are then called forced nodes. An example demonstrating
this concept is shown in Fig. the formal definition of jump points introduces the concept of forced
neighbours and is defined by [39]:

Definition 1. A neighbor n belonging to the direct neighbors of x is said to be forced if :

1. m is not a natural neighbour of x

2. len(< p(z),z,n >) <len(< p(z),...,n >\ )

Finally, it is necessary to define the decision criteria for jump points. During the search, we will
start from a parent node p(x) and go in one direction. If the current node is not a jump point, we
continue in the same direction until we find a jump point to place in the ”to be explored” list. If there
is no jump point in that direction, we place nothing more in the "to be explored” list and the algorithm

continues. The different rules to define if a node x is a jump point are the following:

Definition 2. The node y is the jump point of x, if considering the direction d such that y = x +
k*d, and one of the following conditions is met [39]:
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. Node y is the goal node.
. The node y has at least one of its neighbors that is forced.

. If d is a diagonal direction, then there exists a node z such that z = y + k; x d; with d; = dy,ds

the 2 horizontal and vertical vectors constituting the direction d and z is a node satisfying at least

condition 1 or 2.

Fig. illustrates these jump point rules in a straight and diagonal manner.

To clarify the functioning of this path-planning, let’s look more precisely at the practical imple-

mentation of the algorithm.

Algorithm 5 JPS()

Input : Connected graph with n nodes and e edges

Output : Path from starting node to goal node as a list L = {n1,n9,...,ny}
1: open_list < O
2: closed list < O
3: open_list.push(start)
4: while open_list is not empty do
5. current < open_list.pop()
6: if current is GOAL then
7: return closed_list
8  end if
9:  moves < actions(current)
10:  for ¢ in moves do
11: if ¢ not in the map or obstacle then
12: continue
13: end if
14: Jump_point < jump(current, direction(current,i))
15: if jump_point is NULL then
16: continue
17: end if
18: if jump_point is GOAL then
19: open_list.push(jump_point)
20: break
21: end if
22: if jump_point not in closed_list then
23: open_list.push(jump_point)
24: end if
25:  end for
26:  closedlist.push(current)

27: end while
28: return closed_list

The main loop of the algorithm starts by initializing the open list and the closed list. The open
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list corresponds to the nodes to be explored and is implemented as a priority queue with as sorting

criterion

f(@) = g(x) + h(z)

with f(x) the so far distance and h(z) the chosen heuristic. Here, the euclidean distance has been
chosen to be the heuristic. This heuristic guarantees the optimality of the result since it is admissible

and consistent[37]. The closed list represents the list of nodes already visited.

As long as the open list still contains nodes to visit, it means that there are still possibilities to

explore, otherwise, the algorithm stops and notifies the user that there is no possible path.

In the main loop starting at line 3 of algorithm [b| we start by taking the first node of the open
list. Then we check if this node is the goal. In this case, we return the result of the traversed path, i.e.
the closed list. In practice, we do not return the closed list. We have to go back up the path travelled
using the id of the parents of each node until the id of the first node.

If the current node is not the goal, we take all the possible actions of this node, i.e. 8 possible
moves. We then go through each move and check that it does not lead off the map or into an obstacle.
If not, we run algorithm [6] which returns the potential jump point related to the movement between
the current node and the studied move. If this jump point exists, we place it in the open list to be

explored later.

After having studied each possible action linked to the current node, we place this node in the

closed list.
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Algorithm 6 jump(current,direction)

Input : Connected graph with n nodes and e edges. current the current observed node. direction
the direction applied during the jump
Output : First jump point found or NULL if no jump point

new_node = step(current, direction)

if new_node not in map then
return NULL

end if

if new_node is obstacle then
return NULL

end if

if new_node is GOAL then
return new_node

end if

. if new_node has forced neighbours then
return new-_node

end if

if direction is diagonal then

e e
s e

15:  if jump(new_node,d,) is not NULL then
16: return new_node

17 end if

18:  if jump(new_node,ds) is not NULL then
19: return new_node

20: end if

21: end if

N
N

return jump(new_node, direction)

Algorithm [6] is a recursive function. We start by exploring the next node in the studied direction.
After checking the natural conditions, such as the presence of an obstacle or if the node is outside the

map, the studied node is checked and returned if it has forced neighbours as defined in

In the particular case of exploration in a diagonal direction, we recall the same function but extend
the search to the two horizontal and vertical directions corresponding to the constituent vectors of this

diagonal direction :
d={dy,ds}

In the case where no jump point is found, we continue the exploration by recursively calling the function

but extending the search to the next node.

An example of a JPS result is shown in Fig. with a comparison with the A* algorithm result.

The next section is dedicated to a more detailed analysis.
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Figure 6.4: Visual representation of JPS result compared to A* result. The ability of JPS to make
jumps is then highlighted.

6.2 Improvements

Our JPS implementation works well and is faster than A*, especially when the map gets large, i.e.
more than a 600x600 grid. Nevertheless, some optimizations can be made. In the next sections, we
will describe the improvements we have made to JPS, which are on the one hand inspired by the JPS+

paper written by Daniel Harabor [41], and on the other hand completely original.

6.2.1 JPS+

At the moment, each cell on the card is implemented as an int (or a boolean), which is not memory
efficient at all. An idea inspired by JPS+ is to implement the map data as 32-bit words, i.e. int, but
where each bit would correspond to a value of 1 if there is an obstacle and 0 if the space is free [41].
It is then necessary, for simplicity, that the dimensions of the map be a multiple of 32, to facilitate
the bitwise operations that we are going to perform. We, therefore, divide the memory used by 32 (or
8 in the case when booleans are used). For a map which at the beginning is of dimension NxN, we
obtain a map of N/32xN, since we put the values on words of 32 bits only on the lines, and not on the
columns. We can then perform bitwise operations during the analysis of the map which also improves

the speed of the algorithm.

In the paper on JPS+, the authors use bitwise operations to check the presence of obstacles or

forced neighbours. However, in the current implementation, we do not use this technique which will
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be left for future improvement.

6.2.2 Filtering

In Fig. we can observe that despite some jumps for JPS performed between the points, it often
happens that several points could still be eliminated. In the final result, a large number of jump points
could be reduced. When looking at Fig. we can easily notice that all the jump points from the cell
with coordinates (7,5) to the cell (31,29) could be summarized in only 2 jump points. Unfortunately,
due to the intrinsic implementation of the JPS algorithm, it is not possible to solve this problem in

real-time. However, it is possible to apply a filter after the result.

This filter concept can be more easily understood from the point of view of a mobile robot like
Spot. Indeed, the purpose of navigation is to give the robot orders (direction, distance) that it will have
to follow. It is then greatly appreciated if the number of turning points, i.e. the change of direction,
is as low as possible to facilitate the movements. The comparison between JPS without a filter and
JPS with a filter applied is shown in Fig. which shows the practical usefulness of this filter.

JPS without filter JPS with filter
20 40 60 80 20 40 60 80

Figure 6.5: Effectiveness of the filter on JPS

A more quantitative analysis of the number of turning points shown in Table [6.1]reveals a decrease
of on average 360 % thanks to the filter. This analysis is performed on randomly generated maps with
a density of 30% of obstacles.
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Size of the map JPS JPS filtred

100x100 102 £ 1.9 turning points 31 £ 3.6 turning points
200x200 237 £ 5.2 turning points 70 £ 4.9 turning points
500x500 512 + 5.2 turning points 145 £ 8.2 turning points

1000x1000 1055 £ 7.7 turning points | 294 £ 11.8 turning points

Table 6.1: Analysis of the number of turning points as a function of map size with and without the
filter applied. Each test was performed 10 times on each card.

The algorithm used to perform this filtering is the Bresenham line algorithm [42]. This one was
invented in 1962 by Jack E. Bresenham and its concept is to draw in a discrete plane, i.e. a grid, an

estimation of a line connecting 2 points. An example of the result that we can hope to obtain is shown

in Fig.

Figure 6.6: Bresenham line algorithm result [43)].

In the case of the filtering that we carry out on the results given by JPS, its use is different, but

we will develop this later. Let’s start by explaining briefly how the Bresenham algorithm works.

Let’s consider a line equation with a slope between 0 and 1, namely :
y=mxxx with0<m<1

The objective that we will have is to determine in the grid if we choose to take (x+1,y) or (x+1,y+1).

This choice will be determined by a simple minimization of the error committed, as can be seen in Fig.

6.7
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y+1

x z+1

Figure 6.7: Bresenham line algorithm notations [44].

In x we define an error between the continuous value and the discrete value of €. In x+1, it is
obvious that this error will have increased by the value of the slope m. The decision will then be to

choose (x+1,y) if this error is smaller than 0.5. Mathematically, we will write :
y+m+e<y+0.5 (6.3)

Then, we repeat the process by taking an initial error ¢’ equal to the total error at the previous step:

if (x+1,y) has been chosen :

€ =m+e

if (x+1,y+1) has been chosen :

€ =m+e—1

The problem so far is that the error calculation employs floating point values. The goal is, for efficiency
and speed, to use only integers. A technique that can be used is to start from the equation and
multiply each side of the equation by 2Az. We then obtain :

2eAz 4+ 2Ay < Ax (6.4)

Here, all terms are integers. € is demonstrated as an integer by the following proof where the case
(x+1,y) is chosen. The process is the same if we would have picked (x+1,y+1), only the equations are
slightly different :

€E—>et+m

By multiplying by Ax :
Aze — eAxr + mAx

We can notice that the update will always be an integer and we can then use this result in equation
It is obvious that this approach only works for slopes between 0 and 1. To extend the algorithm
to other possible slopes, it is necessary to slightly modify the equations, but the principle remains the

same. The final algorithm is as follows:
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Algorithm 7 Call_to_Bresenham(z1, T2, y1,Yy2)

Input : Starting point coordinates S = (x1,vy;). Final point coordinates F = (x3,y,)
Output : Discrete line joining starting and final points
dy = 29 — 11
dy =Y2— U1
if d, > d, then
Bresenham(x1,y1, 2, Y2, dz, dy, 0)
else
Bresenham(y1, 1, Y2, T2, dy, dg, 1)
end if

Algorithm 8 Bresenham(z1,y1,%2,Y2, ds, dy, decide)

Input : Starting point coordinates S = (x1,y;). X resolution d,. Y resolution d,. Boolean variable
decide for the sign of the slope Final point coordinates F' = (2, y,)
Output : Discrete line joining starting and final points

L pp=2%dy +dg

2:1=0

3: for i < d, do

4: if z1 < z5 then

5 1+ +

6: else

7 xr1 — —

8 end if

9: if pr < 0 then

10: if decide == 0 then
11: plot(z1,y1)

12: else

13: plot(y1,x1)

14: end if

15: Dr =Pk +2%dy

16: else

17: if y1 < yo then

18: Y1 + +

19: else

20: Y1 — —

21: end if

22: if decide == 0 then
23: plot(z1,y1)

24: else

25: plot(y1,x1)

26: end if

27: Pk =Di +2%dy —2xd,
28: end if

29: end for
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The differences between the presented algorithm and the one described theoretically come simply
from the fact that the latter must be adapted to be applicable for all possible slope values, as explained

above.

It is now interesting to look at how this algorithm is used to filter the results given by the JPS
algorithm. The goal is to reduce the turning points as much as possible. Once the result of JPS is
obtained, we will look at the first point and draw a fictitious line between this point and the next
one thanks to the Bresenham algorithm. If no cell in this dummy line is an obstacle, then we again
draw a line between the first point and the third intermediate point. If again, no obstacle is detected
between these two points, then we simply eliminate the second intermediate point, as it has become
unnecessary in the final path we are trying to obtain. If there are no obstacles between the first and
the second or between the first and the third, then the second is useless in the final path. We repeat
this procedure until we find an obstacle between point 1 and point n. In this case, we keep only point

1 and point n-1 and start the process again at point n-1. A visual description is provided in Fig. [6.8]

[L|L[L[L

Figure 6.8: Filtering of jump points using the Bresenham algorithm. The white circles represent
jump points. The green line represents a successful check between two points. A red line is displayed
when 2 points cannot be connected by a straight line.

The results obtained in practice are variable, depending on the architecture of the building ana-
lyzed by Spot, but we can expect an average division by 3 of the number of turning points in the final

result, for a very negligible computational cost, as we will analyze in the following sections.

6.3 Results

Let’s now focus on the performance and the analysis of the influence of parameters such as the reso-
lution, the size of the map to be analyzed, and the density of obstacles or their layout. The various
tests were performed on a Debian virtual machine running on 2 cores of an Apple Macbook Pro 2017
computer, with a 2.3 GHz processor and 8GB of RAM and all the algorithms are coded in C++. We

will compare the performances of A*, which is the reference path-planning algorithm [45], with the
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performances of JPS coupled with the different improvements we have made to it.

We will start by generating a random map of size 600x600 corresponding to 360 000 cells, and
let’s randomly generate obstacles in this map. The density of the obstacles will then vary from 10 %

to 70 %. A* and JPS will be compared in terms of computing time.

The results of the analysis are shown in Fig. We notice that for randomly generated obstacles,
the performances of A* and JPS are sensibly identical at low intensity but differ greatly when this
density increases. However, this analysis alone does not reveal the advantages of JPS, since it eliminates
symmetrical paths, which does not necessarily happen in the case of randomly generated obstacles on
a map. The conclusion that can be drawn from this first analysis is that, even in a situation where

JPS is not supposed to obtain excellent performances, it is still more efficient than A*.

— JPS
1.2+ — A*

1.0

0.8

0.6

Computation time [s]

0.0 -

10 20 30 40 50 60 70
Density of obstacles [%]

Figure 6.9: Influence of the density of obstacle on a 600x600 random map

For the second analysis, let’s take a randomly generated map but the variable is now the size
of the map from 32x32 to a relatively large map of 1600x1600 with a fixed obstacle density of 30%
randomly generated. Let’s compare the performance of A* and JPS in this type of environment. The

results of this analysis are shown in Fig. [6.10

When the size of the random map is relatively small (up to about 500x500), the performances
of A* and JPS are more or less equal. But we notice that when the size of the map increases, the
computation time of A* increases drastically (300% increase between 200x200 and 1600x1600), while
JPS remains relatively stable (40% increase between 200x200 and 1600x1600). This shows the ability

of JPS to remain real-time efficient, even in the case of a large map and in an environment that is not
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optimal for JPS.
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Figure 6.10: Influence of the size of the random map with fixed 30% obstacle density

For the third analysis, we will take an environment that corresponds to what could be found
on a construction site: we take a cloud point reconstructed by SLAM, and we transform it into an
occupancy grid. The goal is to go from one end of a corridor to the other. The parameter we will play
with is the resolution chosen to fill the occupancy grid. This resolution will go from 5 cm to 50 cm,
a smaller resolution means a higher accuracy but also a larger map. It is also important to note that
in this type of environment there is a lot of free space, which means that JPS is in a more optimal
environment than a randomly generated map. Moreover, during the simulations, we notice that A* is
not optimal and is not adapted to a real-time application. Indeed, even with a resolution of 50 cm, the
computation time is several tens of seconds, depending on the distance between the starting point and
the arrival point. A* will therefore not be displayed in the graph illustrating the analysis and which
can be found in Fig. |6.11

We notice that if the resolution is too precise, JPS starts to show signs of weakness. Fortunately,
this weakness quickly diminishes and the algorithm becomes usable from a resolution of 10 cm. If we
keep the same resolution and increase the size of the converted cloud point, we increase the size of the
occupancy grid and consequently the computation time. For a corridor of about 30m and a resolution
of 10cm, the size of the map is about 400x400 and JPS performs the path-planning in 0.15 seconds,

which makes it usable in a real-time application.
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Figure 6.11: Influence of the resolution on the reconstructed corridor map
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Chapter 7

Results

7.1 SLAM results

To evaluate our SLAM approach, we have to evaluate our LiDAR odometry and the overall SLAM
system. This section will evaluate first our LiDAR odometry in multiple indoor environments. All the
tests were realized with a sequence of point clouds and the robot’s odometry was taken at a frequency
of 5 Hz during the robot’s path. This frequency was chosen because a point cloud can be reliably
recovered from Spot within 0.2s. The mean speed of the robot along each path was set to 0.6 m/s.
All tests done below were executed on a Ubuntu 20.04 virtual machine with 2 cores of an Intel i7-
4870HQ @ 2.50GHz CPU and 8GB of RAM. For reasons of computation speed, the SLAM algorithm
is implemented in C++.

7.1.1 LiDAR odometry evaluation

The LiDAR odometry can be evaluated by computing the drift of the poses estimation along the path
of the robot. In an indoor environment, it can be computed by making the robot do a loop inside the
environment. The drift in the odometry can then be computed as the difference between the starting
pose and the ending pose. But it is hard to make the robot start and end in the same place for every
test. Instead, AprilTags can be used to compute the difference in position. The robot can start its path
near an AprilTag and detect its relative position to it. When the robot ends its loop, the AprilTag can
also be detected and the relative position of the robot with respect to it can then be used to estimate
the drift of the overall path. The overall drift can then be divided by the length of the path to having

to estimate the amount of drift in the odometry per meter.
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As a first test, the LIDAR odometry is tested in two different environments against the robot’s
odometry and the robot’s visual odometry. The first environment is shown in Fig. and is a small
empty house. One particularity of this environment is that there are a lot of windows that under a
certain angle reflect the lasers of the LiDAR. It can be seen on the map that there are a lot of ghost
walls due to this problem. The second environment is a hall used as a test environment at the BBRI
(Belgian Building Research Institute). As it can be seen in Fig. it is far less empty and there are
also far fewer surfaces that could cause reflection of the LiDAR’s lasers. The path taken by the robot
in both environments follows the big squares in the Fig. and For each environment, 3 tests
were realised. Table lists the drift estimations of this set of tests.

R T
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Figure 7.1: Top down view of the map of the house computed with the Graph-SLAM algorithm. The
path of the robot follows the larger square. The robot’s path starts at the red and ends at the green.
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Figure 7.2: Top down view of the map of the hall computed with the Graph-SLAM algorithm. The
path of the robot follows the larger squares. The robot’s path starts at the red and ends at the green.

Test | Path length | Odometry relative drift | Visual odometry relative drift | LIDAR odometry relative drift
Hall 1 ~110.6 m 1.910 % 0.354 % 0.083 %
2 ~113.4 m 1.875 % 0.183 % 0.238 %
3 ~112.6 m 1.889 % 0.19 % 0.048 %
House | 1 ~49.9 m 1.996 % 0.856 % 0.215 %
2 ~48.6 m 1.867 % 1.005 % 0.398 %
3 ~48.1 m 1.969 % 0.237 % 0.472 %

Table 7.1: Results of the tests on the relative drift error of the LIDAR odometry in the house and
hall environments.

The results of Table[7.1]show that our LIDAR odometry performs quite well in both environments.
But as we rely on the measurements of the AprilTag, which are not accurate, we must look at the scale

of the relative drifts and not the exact values.

The results clearly show that our method outperforms the basic odometry of the robot in both
environments. The error of the classic odometry is more or less the same throughout the tests. This
can be expected since no external measurements are taken into account. So the relative error stays
the same whatever the path the robot takes. One major issue our technique solves is the major drift

in the z direction of the classic odometries as seen in Fig.
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Figure 7.3: Paths of the first test inside the hall reconstructed with the different odometries.

Overall on these tests, our method performed better than the vision odometry implemented on
Spot. Especially in the house environment even if the LiDAR is negatively impacted by the reflections

on the windows.

While our navigation solution doesn’t allow the robot to cross stairs, the LiDAR odometry and
the Graph-SLAM can be used when the robot goes through multiple floors. To test this ability, the
same evaluation method was used on another type of environment. This test was performed on two
floors, both contain long corridors with few features. The environment is represented in Fig. [7.4] The
results of this experiment can be seen in Table
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Figure 7.4: Side view of the map of the corridors computed with the Graph-SLAM algorithm. The
path of the robot follows the larger squares. The robot’s path starts at the red and ends at the green.

Test | Path length | Odometry relative drift | Vision odometry relative drift | LIDAR odometry relative drift
Corridors | 1 ~148.9 m 1.695 % 0.522 % 0.629 %
2 ~149.2 m 1.654 % 0.157 % 0.440 %

Table 7.2: Results of the tests on the relative drift error of the LIDAR odometry in the environment
with two floors.

The result of Table shows that our LiDAR odometry performs less well when the robot explores
multiple floors. This can be explained by the fact that the minimum speed the robot can go up and
down the stairs is higher than its minimal speed on flat ground. This induces errors in the correction
of the distortion in the point clouds done by the robot when it is located on stairs. If the distortion of
the point cloud is not corrected enough, it induces an error in the LIDAR odometry as it will be based

on the wrong measurements.

7.1.2 Graph-SLAM evaluation

The first test that can be made for our Graph-SLAM algorithm is to evaluate its ability to close loops
in the robot path. As all the tests done previously are simple loops in the environment, we can test
the ability to close loops by verifying the position with the AprilTags. This verification can be done
in the same way but here the drifts will not be divided by the length of the paths. Table reports

these results on all the previously tested environments.
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Test | LIDAR odometry position error | Graph-SLAM position error
Hall 1 0.092 m 0.067 m
2 0.270 m 0.126 m
3 0.054 m 0.086 m
House 1 0.107 m 0.050 m
2 0.193 m 0.107 m
3 0.227 m 0.094 m
Corridors 1 0.936 m 0.068 m
2 0.657 m 0.271 m

Table 7.3: Position errors in the house, hall, and corridors environments between the LiDAR
odometry and the positions computed with Graph-SLAM.

As we can see from Table the loop closure process helps to reduce even more the error in the
computation of the position of Spot. The effect is even more present in the corridor environment. But,
we must not forget that these values are computed through AprilTag detection which is not a perfect
process. As it can be seen in Fig. the point clouds in the second test on the corridors are visually
perfectly aligned after the loop closure. This gives reason to believe that the error in the positions

computed with Graph-SLAM in Table [7.3|is mainly due to the AprilTag detection inaccuracies.

Table [7.4] shows the mean execution time for each point cloud processed by the Graph-SLAM
algorithm. The results show that the average execution time is lower than the 0.2 s of delay needed
between each data acquisition on Spot. As the maximum execution time is not too far from the target

time of 0.2 s, it validates that the algorithm can be executed in real-time.

Test | Mean execution time | Max execution time
Hall 1 104.5 ms 255.1 ms
2 99.9 ms 299.7 ms
3 102.1 ms 249.5 ms
House 1 72.8 ms 187.8 ms
2 72.6 ms 160.3 ms
3 72.1 ms 198.7 ms
Corridors 1 69.7 ms 165.3 ms
2 70.2 ms 241.4 ms

Table 7.4: Mean and max execution time per point cloud processed by our Graph-SLAM algorithm
on every environment.

Maps of the environments are showed in Fig. and They show that the environments are

precisely reconstructed.
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(a) Without loop closure (b) With loop closure

Figure 7.5: Comparison between the Graph-SLAM process with and without loop closure. It can be
seen that the loop closure process correctly closes the loop of the path. The start of the path is
represented with the red point cloud and the end with the red one.
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Figure 7.6: Top view of the map of the hall computed with the Graph-SLAM algorithm. A lot of
details are preserved in the map

Figure 7.7: Top view of the map of the house computed with the Graph-SLAM algorithm. All the
are consistent with each others.
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7.2 Navigation results

To evaluate navigation performance, it is necessary to develop an architecture to transmit information
from Spot to the path-planning algorithm in real-time. The solution is implemented in three blocks, as
shown in Fig. [7.8] Firstly, the block representing Spot captures information from its location internally.
The second block is a python client, which facilitates communication and data exchange to and from
Spot. The communication is done through the API developed by Boston Dynamics and is mainly
based on gRPC. Finally, the third block is a C++ server which is in charge of localisation, mapping
and path-planning. The python client and the C++ server communicate via the gRPC protocol.

In this program structure, the python client will first make a data request to Spot. These data are
point clouds, fiducial positions or robot odometry. Then, the python client will ask the C++ server
to use this data to define the next action that Spot will have to perform according to the defined
objective and the position of the robot. This order will be returned by the C++ server to the python
client, which will transmit it to Spot. The choice of this structure is motivated by the fact that
communication with Spot is much simpler in Python. It is also motivated by real-time constraints. It
is therefore necessary to perform the costly processes in C++, and the communication with Spot in

python, leading to this 3-block structure.

- Point cloud - Point clouds
- Odometry / IMU data - Odometry / IMU data
- Fiducial data - Fiducial data
SPOT GRPC
SPOT Q SDK O | PYTHON CLIENT | © o C++ SERVER
- Requests for data - Direction orders

- Direction / Speed orders

Figure 7.8: Global architecture of the program. Spot communicates with the python client thanks to
the Spot SDK. The Python client sends and receives data from the C++ server thanks to GRPC
protocol.

To test the autonomous navigation part, we give the path-planning a global map pre-computed by
SLAM. During the computation of the global map, the robot positions its inertial marker with respect
to an AprilTag present at initialization. Spot can then localize itself in this map with respect to a fixed
inertial reference frame. We then give an objective to the navigation in terms of coordinates in the
occupancy grid. The localization algorithm then receives the point clouds of the environment perceived
by the robot. It uses the point cloud registration algorithm developed for the LiDAR odometry to
align the point cloud to the map. The alignment is then used as the localization of the robot inside the
map. The path-planner uses this localization information to recalculate the path in real-time at each

call and gives orders to the robots according to the calculated result. The format of the given order is a
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directional order towards the first jump point, at a constant speed. Thus, the orders given to the robot
are adapted at each iteration. If the angle between the direction of the target point and the orientation
of Spot differ by more than a threshold, the robot is first asked to turn on itself in the correct rotation.
An example of the path followed by Spot is shown in Fig. [7.9] This visualization demonstrates that
the achieved behaviour of the robot corresponds to its real behaviour. The contributions made by our

improvements are therefore the following:

e Environment Mapping.
e Precise localization without diverging errors.

e Autonomous and untrained movement of Spot towards a defined goal.

50 100 150 200 250 300 350 400

Figure 7.9: Visual representation of the test performed on Spot. In black the obstacles in the
occupancy grid. The blue crosses represent the jump points calculated during the initialization. In
white, the real path taken by Spot to reach its objective.

86



Chapter 8

Future improvements

This thesis develops effective solutions that form a basis on which many applications can be developed.
There are therefore several possible improvements to the current implementation. On the one hand,
these improvements concern the SLAM part of the navigation, and on the other hand the path-
planning part. This chapter, therefore, focuses on a non-exhaustive list of the various upgrades we

have considered.

e One of the big challenges in the SLAM problem is to be able to deal with dynamic environments.
This ability to remove dynamic objects from the measurements could improve the robustness of
the method and the quality of both the localization and the mapping. Our method reduces the
impact of the dynamic objects by assigning a strict threshold in the outlier rejection function of
the LIDAR odometry but it doesn’t remove it. Solutions to the dynamic objects removal problem
are often based on point cloud segmentation which can allow the tracking of objects between the

point clouds to remove them.

e For the moment our method for detecting loop-closures is rather limited in its capabilities. It
assumes that the chances that the robot will travel a long way without returning to a previously
visited location are low. Using this assumption, loop closures can be detected in the direct
neighborhood of a new node. However, this assumption cannot be maintained on large-scale
construction sites. To be able to reposition correctly without having to put AprilTags everywhere,
another method of loop-closure detection must be used. One idea is to detect features in the
images acquired by the five stereo-cameras of Spot and compare them to detect potential loop-

closure in the path of the robot.

e With the proposed implementation of Graph-SLAM, a node is added to the graph every 20 cm
of the robot path. As the complexity of the graph optimization depends on the number of nodes,
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this can become a problem for very long paths. One solution is to detect when we revisit a part
of the path and stop adding new nodes in the graph. Also to allow an update of the map when

revisiting, the point clouds of the nodes could be updated.

For now our navigation method is limited to a 2D plane which restricts the capabilities to navigate
through multiple floors of an environment. To lift this constraint another navigation algorithm

that allows 3D path planning could be developed and used specifically on stairs.

An important part of autonomous navigation is the ability to avoid dynamic obstacles. One
possible solution with Spot is to use information from the local grid. This is represented by
a fixed-size grid with areas where the robot can walk around it. This grid is updated in real-
time. It is then possible to integrate this local grid into the grid representing the global map.
As the path-planning algorithm is performed regularly, it would take into account the dynamic
obstacles to update the movements to be made by Spot to avoid them. However, due to some
major inconsistencies in the documentation in the Spot SDK provided by Boston Dynamics, it

was not possible to implement this solution.

In the paper on JPS+[41], the authors develop a solution to improve the speed of Jump Point
Search. This solution consists in using a 32-bit word representation of the grid, where each bit
represents the presence or absence of an obstacle. They then use bitwise operations to speed up
the algorithm. We already implement the 32-bit word map representation, but not the bitwise

operations. An acceleration of the path-planning algorithm is therefore possible.

For a mobile robot operating in an environment such as a building under construction, it is
important to have the safest possible movements. Being as far away from obstacles as possible
is therefore desirable. In the current implementation, the path-planning calculates the optimal
path, which then often passes very close to the obstacles. One idea would be to develop a different
heuristic that would sacrifice optimality for safety. One solution is to calculate for each position
in the map the distance to the nearest obstacle. This distance would then be added to the cost

calculation:
f(n) = g(n) + h(n) + o(n)

where g(n) is the so-far cost from the start, h(n) is the current heuristic, i.e. the Euclidean
distance between the node and the goal, and o(n) is the distance to the nearest obstacle. A
well-chosen design of the weights to be assigned to each part of the cost would allow Spot to

move more safely.
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Conclusion

Autonomous navigation of mobile robots in dynamic environments is challenging in many ways. Our
objective was to make Boston Dynamics’ Spot more autonomous in a construction environment where
the topology is regularly changing. In this context, a solution to map an unknown environment and
to locate itself accurately was developed through the SLAM algorithm. More precisely, the problem
was tackled with a graph-based approach with the help of state-of-the-art optimization algorithms.
This, coupled with the implemented improvements such as the loop-closure detection process and the
feature-based point cloud registration algorithm, gives significantly better results for the localization

than the original Spot odometry. It also allows to map accurately in real-time a construction site.

Furthermore, to use the mapped environment, an efficient path-planning solution has been devel-
oped through the Jump Point Search algorithm. The algorithm improves A* by taking into account
the topological specifies of grids used for robot navigation. We have also enhanced Jump Point Search
by applying a filtering on its output. The filtering allows to reduce the number of turning points the
robot should make on its path which improves the overall quality of the navigation. With our solution,
it is now possible for an operator to direct Spot to move from point A to point B in an environment,
without having to walk the path beforehand with the robot.

The output of our work is a framework and basis for many applications. It represents an efficient
way to develop new solutions for more specific needs. The autonomous exploration of an unknown
environment is an example of a goal that can be achieved using our solution. The monitoring of

installations or parts of buildings in a decentralised way is another example.

We have also identified a number of improvements that can be made to the current solution, such
as the management and avoidance of dynamic objects in the mapping and path-planning part, and

multi-floors navigation.
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