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Abstract

Modern warehouses constantly raise in complexity, widely spreading across many in-
dustrial fields. High flow efficiency, operation assurance, significant flexibility and pin-point
repeatability are compelling in automated factories.

Autonomous Guided Vehicles (AGVs) fleets are replacing manual lift trucks, guarantee-
ing solid warehousing performance and safe behaviours towards people, structures and other
moving objects. They are usually equipped with forks to move products rapidly and safely.

To correctly handle industrial materials, these vehicles require an estimation of position
and orientation with accuracy respectively below 2 cm and 1 deg, especially during pick-
up and deployment actions. Furthermore, AGVs ought to incorporate versatile localization
strategies to be able to navigate in many different industrial contexts. For this reason, each
vehicle is equipped with a localization laser rangefinder to accurately perceive the surround-
ing environment. Inaccurate AGVs positioning, especially between vehicles of the same fleet,
or uncertain localization performance may lead to stock damages or people injuries.

The first contribution of this dissertation is the proposal of a novel automatic calibration
method for four wheel AGVs. Parameter tuning is essential to guarantee that each vehicle
of the fleet can reach the same point of the warehouse with adequate precision. Usually, the
calibration of AGVs is an iterative manual activity: the operator runs a series of tests and tunes
one parameter at a time. This operation requires a large amount of time, can be inaccurate,
and strongly depends on the experience of the technician. The proposed calibration method
estimates both the kinematic parameters and the laser rangefinder parameters by comparing
the sensor egomotion and the motion commands. This calibration procedure is considerably
faster, completely automatic, and independent for the ability of the operator, being able to
estimate all the parameters at the same time with higher accuracy. This method has been
tested on field on many different AGVs of different fleets to assess its correctness and to
evaluate its actual performance.

The second contribution of this thesis is the development of three different methods for
localization in unstructured environments. Usually, the standard AGV localization is per-
formed using the laser rangefinder to detect artificial landmarks, matching them with a static
reflector map. The installation of those landmarks is expensive and time-consuming, as well
as inflexible w.r.t. environmental changes. The reconstruction of industrial environments is
built using a Terrestrial Laser Scanner (TLS) as part of an advanced plant setup workflow.
Thereafter, a 2D map can be extracted from the TLS survey with advanced software process-

ing. The localization methods proposed in this dissertation exploit such map either to extract
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environmental landmarks or to perform dense map registration. With these methods, no arti-
ficial landmark has to be deployed, so system installation becomes faster and less expensive.
These localization approaches for unstructured environments return better or similar perfor-
mances w.r.t. the canonical artificial landmark approach. Such methods have been tested on
real AGVs in an industrial warehouse to assess their performance.

The third contribution of this dissertation is the proposal of a novel signature for place
recognition and loop closure with landmark maps, named GRD (Geometric Relation Distri-
bution). Precise location signature is essential to reduce localization errors and inconsisten-
cies during SLAM (Simultaneous Localization And Mapping) procedures and can also be
used for Global Localization during AGV pose initialization. The proposed signature is suit-
able for artificial landmarks maps, like those currently used in industrial localization systems,
as well as for feature-based maps. Performance have been evaluated through experiments on
standard datasets.

The combination of advanced automatic calibration methods, flexible localization strate-
gies and place recognition approaches developed in this thesis can remarkably increase on-
point localization performance, greatly reduce plant installation times, and vastly enhance
warehouse efficiency.
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Chapter 1

Introduction

This chapter describes the main contributions of this thesis, both theoretical and prac-
tical. The industrial issues that motivated this work are presented in Section 1.1. The
contributions and the novelty of the proposed solutions are discussed in Section 1.2.

Finally, a brief overview of the following chapters is provided in Section 1.3.

1.1 Motivation

This thesis focuses on improving positioning performance of Autonomous Guided
Vehicles (AGVs). High accuracy and pin-point precision are key features for vehicle
positioning to ensure efficient warehouse management, avoiding product damages
and dangerous accidents. Furthermore, different types of AGVs have to co-exist in
the same industrial plant and they can be equipped alternatively with forks, hooks,
clamps, conveyors or pantographs. Even if the material movement device is different,
those AGVs must co-operate properly in order to guarantee the most regular and
efficient flow of goods.

An important aspect to satisfy these requirements is AGV calibration. To cor-
rectly move materials, those vehicles require position and orientation accuracy re-
spectively below 2 cm and 1 deg. Typically, an operator performs a manual iterative

procedure tuning AGV parameters, one at a time. Both the kinematic parameters of
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the vehicle and the pose of the localization laser rangefinder have to be tuned. This
operation is time-consuming and error-prone, being very dependent on the ability and
the experience of the technician. Errors during manual calibration are quite frequent
and can lead to vehicle accidents, product damages and people injuries, while also de-
creasing plant efficiency. Furthermore, AGV calibration is currently performed dur-
ing the installation of the automated warehouse, which is the most critical phase of
the project; any delay in this stage may unpleasantly impact on customer production

activities.

Another important element regarding AGV positioning is the localization method.
The standard and most common solution for AGV localization exploits a dedicated
laser rangefinder to detect artificial landmarks, named reflectors. Subsequently, these
landmarks are matched with a static map. Other SLAM-based localization approaches
are not common since the mapping phase is crucial to obtain adequate positioning
performance. Because of the high complexity of modern warehouses a large number
of reflectors must be installed, increasing deployment times and costs. In addition,
such undesirable effects scale badly with plant size. Furthermore, this solution is
not flexible w.r.t. environmental changes, since artificial landmarks must be carefully
mapped every time they are added or moved. Likewise AGV calibration, the installa-
tion and mapping of reflectors is performed during the installation of the automated

warehouse, when any delay should be avoided.

The investigation reported in this thesis has been supported by Elettric80 SpA, a
company founded in the 1980s in Viano, close to Reggio Emilia, Italy. The core busi-
ness of the company lies in tailor-made solutions to manage supply chain activities,
improving factory efficiency and enhancing product traceability. The main systems
include AGVs, palletizing robots, wrappers, labellers, repacking systems, high den-
sity warehouses and other end-of-line solutions. With these technologies, flexible,
modular and integrated solutions can be developed for high-volume manufacturers
within different sectors like beverage, food, tissue and ceramics. A centralized soft-
ware platform manages the entire logistic flow, optimizing all operations from raw

materials reception to product shipping.

As of today, Elettric80 SpA has completed approximately 300 automated ware-
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houses all around the world and installed over 2000 robotics systems coupled with

over 4500 AGVs. In addition to the central headquarter in Viano, the company has

13 branches worldwide, gathering around 720 employees.

Figure 1.1: Different Autonomous Guided Vehicles (AGVs) manufactured by
Elettric80 SpA with different material movement tools installed (forks, pantographs,

conveyors or clamps).

1.2 Contribution

The main contributions of this dissertation are the following:

* A novel automatic calibration method for two different four wheel kinematics
of AGYV is presented. This procedure tunes simultaneously both the kinematic
parameters of the AGV (named intrinsic parameters) and the laser scanner pa-
rameters (named extrinsic parameters). The calibration procedure compares
the sensor egomotion and the odometric measures to estimate the desired pa-
rameters. Each vehicle configuration is modelled, discussed and solved rela-
tively to the tuning parameters. The benefits w.r.t. the traditional manual cali-
bration procedure are also shown. Moreover, a vast set of experiments on single
AGYV and on AGYV fleets is presented and discussed.
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Figure 1.2: Palletizing cell manufactured by Elettric80 SpA, featuring robot arms to
form layers of product and stack layer over layer on a pallet, picked up by an AGV
with forks.

* Three novel localization methods for AGVs in unstructured environments are
presented. These techniques allow vehicle localization without deploying any
artificial landmark in the industrial plant. A precise 2D map of the environment
is obtained using a Terrestrial Laser Scanner (TLS) and advanced algorithms.
The first method detects environmental keypoints that are matched with high
curvature regions of the map of the plant. The latter two methods estimate the
pose of the AGV comparing a laser scan and the precomputed dense map. The
advantages w.r.t. the well-established reflector localization are described. Many
localization experiments are discussed to assess the accuracy of the proposed

methods.

 All the aforementioned solutions to improve AGV positioning have been im-
plemented and tested on real AGVs, to fully evaluate performance improve-

ments. Differently from many other approaches, those methods embed high
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technology readiness levels and match industrial safety requirements, while

also being highly innovative in the industrial field.

* A novel signature for place recognition and loop closure in landmark maps
named GRD (Geometric Relation Distribution) is presented. This approach can
be used with both reflectors and environmental keypoints to evaluate SLAM-
like techniques. The effectiveness of this strategy has been determined using

standard datasets.

1.3 Thesis OQutline

The thesis is organized as follows: in Chapter 2, a typical AGV warehouse is de-
scribed, focusing on the kinematic characteristics of the vehicles and the sensing
technologies they embed. Issues and limitations of the current solutions are also dis-
cussed w.r.t. the proposed methods. Chapter 3 presents the novel automatic calibra-
tion method for four wheel vehicles. In Chapter 4, three novel localization methods
for industrial AGVs are presented. Chapter 5 presents the novel GRD signature for
place recognition and loop closure. Finally, conclusion and future work are discussed
in Chapter 6.






Chapter 2

Technologies for Industrial
Logistics

This chapter presents a brief overview of industrial automated systems that exploit
a fleet of AGVs, deepening its modelling characteristics and sensing technologies.
Critical issues, technological limitations and novel solutions are also discussed.

A brief survey of the state of the art in industrial logistics is reported in Section
2.1. A typical automated warehouse handled by AGVs and its characteristics are pre-
sented in Section 2.2. The main aspects of AGV modelling and the most used kine-
matics are discussed in Section 2.3. The most common AGV sensing technologies,
mapping techniques and localization approaches are described in Section 2.4. Finally,
a possible workflow for automated warehouse design exploiting the contributions of

this thesis is presented in 2.5.

2.1 AGVs in Industrial Logistics: a Brief Survey

In modern industrial plants, automation and robotics are widely spreading among
many production phases, including raw materials management, end of the line pro-
cessing and semi-finished product handling. The same trend can be observed in lo-

gistics, where modern automated solutions like AGV fleets are replacing human op-
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erators and manual vehicles. Indeed, the deployment of AGVs aims to increase the
productivity of the plant and the efficiency of the warehouse. Safety and repeatability
are also boosted while down-times and product damages are drastically reduced.

An industrial plant exploiting AGVs and its core characteristics is described
in [1,2]. Their sensing technologies, navigation strategies and material handling capa-
bilities are presented and the main differences with human-driven vehicles are high-
lighted. Sabattini ef al. [3] describe the currently applied solutions in the AGV field
and a possible roadmap to improve system performance. These modern approaches
include traffic management enhancements, more advanced sensing systems and im-
proved navigation approaches. In [4] an overview of an industrial plant with AGVs
is presented, focusing on advanced sensing technologies and efficient coordination
techniques. The application of modern methods leads to improved performance and
higher awareness of the vehicles. D’ Andrea et al. [5] further investigate the coor-
dination problem focusing on wireless communication, advanced sensors, efficient
resource allocation and careful status monitoring. The largest installation to date pow-
ered by the aforementioned approach embeds more than 500 robots. In [6] a practical
solution to embed an AGV fleet into a pre-existent plant is discussed and tested, fo-
cusing on localization, mapping, safety and deployability. An optimized workflow to
integrate mobile robots in retail stores and supermarkets is presented in [7]: goals
such as human-robot collaboration, efficiency boosting and fast refilling are reached
exploiting stocks monitoring, goods pre-sorting and semi-automatic shelf filling.

Despite the technological level reached in the last years, much room for improve-
ment is still available: localization, coordination, flexibility and safety can progress.

In fact, this thesis will focus on some of the aforesaid topics.

2.2 Case Study: a Navigation System for AGVs

As previously stated, AGVs are most often used in industrial applications to move
materials around vast and complex factories or warehouses. The total number of
vehicles and the choice of the appropriate type of AGV depend on the size of the

warehouse and the amount of goods flowing within the industrial plant. Hence after,
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a case study of AGV navigation system inspired by the logistic plants designed by
Elettric80 SpA is presented. Such case is sufficiently general to serve as conceptual

model for automated warehouses.

A centralized Traffic Manager (TM) handles material flows and efficiently gen-
erates the missions for each AGV in the fleet. When missions are assigned, AGVs
follow pre-calculated paths called segments to reach the operation points, where ma-
terials are deployed or picked-up. The implementation with centralized Traffic Man-
ager and pre-computed segments is the most common in industrial scenarios assuring
high performance, highly safe movements and rapid deployment. Figures 2.1 and 2.2

illustrate two examples of industrial warehouse layouts.

While driving on segments or halting at operation points, AGVs must know very
accurately their position. This is crucial since vehicles have to drive fast enough to
ensure high plant efficiency and, at the same time, they must be safe w.r.t. objects,
people and other vehicles. Furthermore, different AGVs within the same fleet (even
with different kinematics or other lifting tools than forks) must operate together to
handle materials fast, efficiently and with high repeatability. Precise positioning is

then one of the most essential feature for an AGV fleet.

Every AGV manufacturer wishes to develop advanced methodologies to increase
the global efficiency of the system, leading to higher productive rates. This can be
obtained in many different ways, such as:

* Automating the operations as much as possible to become independent from

operators and their individual skill level;

* Uniforming the positioning behaviour of the AGVs belonging to the fleet;

* Enhancing the flexibility of the fleet in different industrial scenarios;

* Reducing the deployment time of the automated warehouse and the impact on

customer operations.
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Figure 2.1: A simple AGV layout of an industrial plant with designed segments (blue
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Figure 2.2: Detail of an AGV layout of an industrial plant with designed segments
(blue and ) and operation points ( ). Note the density and the complexity
of the paths.

2.3 Classification and Modelling of AGVs

Many different types of AGV are manufactured to fulfil different tasks. Vehicles can

mount different lifting solutions like forks, clamps, hooks, pantographs or conveyors.
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AGYVs can also have different kinematics like differential drive, three and four wheel
vehicles, both holonomic and nonholonomic. Some different AGV kinematics are
illustrated in Figure 2.3.

(d

Figure 2.3: Different AGV kinematics employed in industrial contexts; (a): pure dif-
ferential drive with pantograph lifter; (b): tricycle with fork lifter; (c): non-holonomic
four wheel AGV with double fork lifter; (d): holonomic four wheel AGV with double

conveyor.

Pure differential drive vehicles like the one in Figure 2.3a can lift loads from
below exploiting a pantograph. Three wheel AGVs, also called trycicles, as the one
in Figure 2.3b can lift and move materials using forks. To increase the flow of wares
non-holonomic four wheel AGVs, like the one in Figure 2.3c, double the forks and
therefore the load. Finally, holonomic four wheel AGVs as the one in Figure 2.3d
couple lateral movements and conveyors to move materials.

Regarding non-holonomic four wheel AGVs, this thesis will focus on two partic-
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ular kinematics:
* Forward steer and forward drive AGVs, usually called Ackermann AGVs;
¢ Forward steer and backward drive AGVs, known as Dual Drive AGVs.

Each of the previous kinematic is well known within the community of robotics
and automation, so their models are widespread. Nevertheless, the kinematics of each
vehicle embeds some parameters that must be calibrated to work properly.

All the aforementioned AGVs must be able to position correctly w.r.t. the whole
fleet; accurate and repeatable positioning are crucial to lift and deploy materials suc-
cessfully within the warehouse.

The mechanical measures of the chassis of each AGV are quite precise (regard-
ing wheelbases, axis lengths, etc.) but other parameters as laser scanner pose, motor-
wheels’ steering offsets and drive multipliers must be correctly tuned.

As explained in Chapter 1, the typical manual calibration procedure is time con-
suming and error prone, while also requiring very experienced technicians. The novel
automatic calibration method presented in Chapter 3 improves upon the manual method
for being faster, more accurate and repeatable, in addition to provide safer AGV

movements and positioning.

2.4 Sensing Technologies for AGV Navigation

AGVs are sometimes called LGVs (Laser Guided Vehicles) due to the laser rangefinder
they are often equipped with. Industrial vehicles exploit the information provided by
this sensor for localization, navigation and obstacle detection purposes. Sensor man-
ufacturers provide a variety of different sensing solutions including RGB cameras,
Time Of Flight (ToF) sensors and structured-light devices. The latter are often used
to identify Data Matrices and QR Codes on the floor of the plant as global position-
ing references [8—13]. The specifications of each sensor often depend on its field of
application and its price range. Furthermore, modern manufacturing techniques cou-
pled with advanced embedded software enable regular sensor updates and frequent

new device releases.
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However, laser rangefinders are still the most used localization sensors on AGVs
since they offer the best trade-off between precision, measuring resolution, scanning
frequency, robustness and cost. Laser scanners are commonly based on the ToF calcu-
lation, but other principles like phase variation or triangulation exist. Two frequently

used industrial laser rangefinders are shown in Figure 2.4.

(b)

Figure 2.4: Different laser rangefinders based on the Time Of Flight principle; (a)
Sick Nav350; (b) Pepperl+Fuchs R2000 UHD.

These laser sensors retrieve distance measures with a field-of-view of 360°, fixing
angular step and rotation frequency. The resulting information about the environment
is matched with a static reference to ensure adequate localization performance. These
laser scanners can effectively and accurately detect obstacles covered with reflective
materials, which can be used as artificial landmarks. The canonical approach of in-
dustrial localization systems matches a group of reflectors with a static map to ensure
accurate localization. A typical map of reflectors is shown in Figure 2.5.

The number of reflectors required in a plant grows quickly with its floorplan, thus
increasing costs and deployment time. Furthermore, this solution is not flexible since
many changes in the industrial environment may require to add, remove or re-map
some artificial landmarks.

The novel methods presented in Chapter 4 achieve precise localization and posi-
tioning, exploiting only environmental information that is available regardless artifi-

cial landmark deployment. These localization methods for unstructured environments
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Figure 2.5: Artificial landmarks (small blue numbers) of a simple industrial ware-

house detected from a hypothetical laser scanner in the middle.

rely on landmark maps (for feature matching) or dense maps (for 2D map matching).
The dense map is obtained from the 3D point cloud generated by a Terrestrial Laser
Scanner (TLS) while landmark maps are retrieved by a Total Station (TS). These

sensors are displayed in Figure 2.6.

The aforementioned localization methods increase positioning precision, enhance
flexibility and speed up the deployment of the automatized warehouse. In addition to
that, 3D surveys are quite common during the early design phases of the plant. As a
result, environmental information is already available and no artificial landmark must

be added for localization and navigation.
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(a) (b)

Figure 2.6: Measurement laser sensors used for environmental mapping; (a) Leica
RTC360 Terrestrial Laser Scanner; (b) Leica TS60 Total Station.

2.5 Proposed Workflow for Automated Warehouse Design

The deployment of automated warehouses is a very complex task that requires careful
planning and accurate design. To ensure fast installation times and satisfy customer’s
requirements, Elettric80 SpA has developed a standard workflow for automated ware-
house design, shown in Figure 2.7. This Section will describe the canonical design
workflow and then will discuss the improvements introduced in this dissertation.

In the standard approach, the first crucial phase after the commercial sale is the
3D TLS Survey. During this step, an accurate 3D representation of the industrial envi-
ronment is acquired, serving as ground-truth for warehouse design, machinery place-
ment and obstruction detection [14—16]. Thereafter, during the AGV Layout Design
phase, the pre-computed paths are created exploiting the information gathered dur-
ing the TLS survey. Alongside, the reflectors are installed and mapped through the
industrial environment during the Reflector Measurement phase.

When the AGV layout and the reflector map have been defined, the AGVs can be
installed in the plant as shown in the AGV Fleet Deployment step. The set up of the
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fleet ends with the Manual Calibration of each AGYV, that assures uniform behaviours
of all the vehicles. The automated warehouse handled by AGVs becomes operational
and the vehicles perform the Reflector Localization, exploiting the laser rangefinder
and the landmark map previously defined [17]. Preventive maintenance interventions
or other unattended events may lead to further re-calibrations of the vehicles.

The described workflow can be improved in the following aspects with the con-

tributions proposed in this thesis, as follows:

* The Automatic Calibration step substitutes the manual procedure, reducing de-

ployment times and boosting AGV positioning performance.

* The Map Creation step replaces the reflector measurement phase, exploiting
the information from the 3D survey to create an accurate map of the environ-

ment that can be used for localization.

* The Natural Localization step replaces the localization with reflectors, employ-

ing the map of the environment and advanced localization methods.

These novel steps will be described in detail in the next chapters.
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Chapter 3

Automatic Calibration of
Industrial AGVs

This chapter presents a novel method for extrinsic and intrinsic automatic calibration
of four wheel industrial AGVs compliant with Ackermann and Dual Drive kinemat-
ics. The goal of the calibration procedure is to estimate a set of parameters with the
aim of predicting the behaviour of the vehicle as accurately as possible, to improve
localization. For each kinematic model the algorithm estimates the trajectories mea-
sured by an on-board sensor and the expected ones given the state of the wheels.
The estimation exploits the model equations derived in this chapter which constrain
calibration parameters and measurements from wheel encoders and sensor odometry.
The parameter values are computed through closed-form solutions of least-square

estimation.

The developed procedure computes the parameters in about 10 — 15 minutes, a
significant improvement compared with one hour or more required by manual AGV
calibration. Experiments with AGVs of various sizes in a warehouse have assessed
the accuracy and stability of the proposed approach. The position accuracy achieved
by AGVs calibrated with the proposed method is higher than the one achieved by

manual calibration.
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3.1 Introduction

AGVs are commonly used to transport goods and to efficiently handle logistics of in-
dustrial warehouses. Industrial AGVs are usually equipped with forks or other grasp-
ing devices for transportation of goods, and with one or more exteroceptive sensors
to detect obstacles and to estimate robot position and orientation. Each vehicle must
be able to localize in the environment, to perform navigation, and to precisely reach
the operation points with the forklift to lay down or carry pallets. Accurate robot po-
sitioning depends on accurate odometry and sensor-based localization, which in turn

requires suitable calibration.

AGYV calibration is the estimation of intrinsic parameters, which relate the wheel
commands to the motion of the AGV, and extrinsic parameters, which define the
pose of the sensor placed on the robot and used for localization [18]. Examples of
intrinsic parameters include those used in the computation of odometry like the wheel
steering offsets and the wheel driving scales relating encoders and travelled distance.
Examples of extrinsic parameters include the relative position and orientation of the
on-board sensors w.r.t. the robot frame. In industrial practice, calibration parameters
are often evaluated by iteratively correcting parameter values until the desired motion
is obtained. Such calibration process requires from half an hour to one hour and half
for each AGV and its accuracy largely depends on the skills and experience of the
operator performing the calibration. Consistency of manual calibration with multiple,
possibly different AGVs operating in the same warehouse is often hard to guarantee,

which can result in different behavior when reaching the operating points.

In this chapter, a novel algorithm for intrinsic and extrinsic calibration of four
wheel AGVs, namely Ackermann and Dual Drive kinematic models, is presented.
Four wheel AGVs are increasingly preferred in industrial applications over simpler
kinematic configurations due to their better load distribution and stability on rough
grounds, as well as because of their actuation redundancy and more precise fork op-
erations. Figure 3.1 shows an example of Ackermann AGV. Both Ackermann and
Dual Drive models have steering front wheels and non-steering rear wheels. In Ack-

ermann AGVs the two front wheels are actuated, whereas in Dual Drive models the
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Figure 3.1: An industrial Ackermann AGV with visible front steering and actuated wheels,
its back forklift and a navigation laser scanner at the top of a telescopic pole. Although with
slightly different mechanical structure, Dual Drive AGVs have a similar appearance.

rear wheels are actuated. In Dual Drive AGVs the actuators are closer to the fork-lift
on the rear of vehicles, which makes these vehicles more effective in cargo opera-
tions. To date, no suitable automated calibration procedure has been proposed for
four wheel AGVs. This work stems from a joint industry-academia project aiming at
improving calibration accuracy and reducing calibration time through automatic pro-
cedures. Moreover, the developed solution for calibration must take into account the
software limitations of standard embedded industrial controllers (e.g. programmable
logic controllers) adopted in AGVs.

Research has addressed several formulations of calibration problems for different
robotic systems, including the calibration of multi-sensor systems and robot odome-
try [18-51]. In industrial scenarios, calibration is required for the correct operation of
wheel mobile robots [18,20,27,29,52,53], multi-tractor vehicles with specific kine-

matics [51], and sensor-based object grasping using manipulators [39—42]. Several of
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these works investigate either intrinsic or extrinsic calibration: some techniques are
focused on robot intrinsic kinematics [20,21,25-27,29], whereas other are designed
for multi-sensor systems [33,39,40,42,48-50].

Recently, Censi et al. [19] proposed a complete calibration algorithm for robots
with differential drive kinematics and equipped with a sensor. However, the kine-
matic model, the selection of parameters and the presented experimental validation
are mostly suited for a laboratory robotic platform rather than industrial vehicles.
Most of the odometry calibration literature is committed to differential drive robots.
The popularity of the differential drive actuation system is due to its simplicity. How-
ever, the industrial AGVs employed in transportation of heavy loads require robot

kinematics with higher number of wheels.

A previous work [18] illustrated a calibration algorithm for tricycle robots, a con-
figuration adopted in earlier design of industrial AGVs, but which is often replaced
by four wheel AGVs in new automated warehouses. There are relatively few works
on the calibration four wheel robots. McKerrow et al. [54] present a semi-automatic
procedure computing driving scales and steering offsets, under the assumption that
wheels are already aligned. The procedure proposed in [55] estimates step by step the
pose of a range finder mounted on an ominidirectional robot using segment features,

the gyroscope orientation and the odometric parameters.

None of these methods optimize all the calibration parameters of a four wheel
AGV in a single step. Maye et al. [56] proposed a general calibration framework
that can estimate all kind of parameters, intrinsic or extrinsic, provided a model. The
main advantages of such method are its applicability for online calibration and the
automatic numerical evaluation of observability. However, since it is designed for
general AGV models, it is based on numerical methods and model approximations
(e.g. linearization, covariance projection based on Jacobian, etc.). Moreover, online
continous calibration may suffer from outlier measurements in the case of industrial
AGVs with lifelong operability. In order to achieve the high position accuracy re-
quired in industrial applications, it would be convenient to evaluate all the calibration
parameters of four wheel AGVs by optimizing an objective function depending on all

the measurements. Unfortunately, four wheel models are over-actuated and intrinsic
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kinematic parameters cannot be identified by means of the observed trajectory.

In this chapter we develop a complete calibration procedure of four wheel AGVs
according to the principle adopted in [18, 19]: the comparison of the trajectory mea-
sured by the on-board sensor and the expected trajectory of the AGV. Due to the ob-
servability issues of four wheel kinematic models, the only pre-condition is the man-
ual alignment of the front wheels of the robot. To observe trajectories, the robot must
be equipped with on-board sensors enabling egomotion estimation. Sensors with such
capability, like range finders, are usually mounted on industrial AGVs and other mo-
bile robots for localization and navigation as well as obstacle detection. The expected
trajectories also depend on odometry and, thus, on intrinsic parameters. These differ-
ent measurements are encoded by a set of constraints among intrinsic and extrinsic
parameters, which are exploited to perform least-square estimation.

In the Ackermann and Dual Drive kinematic models addressed in this chapter,
the presence of multiple independently actuated wheels makes calibration more dif-
ficult as well as crucial to limit slipping and to achieve consistent motion of all ac-
tuators. The main contribution of this chapter is the derivation of equations for four
wheel Ackermann and Dual Drive kinematics, and their closed-form solutions. The
intrinsic calibration equations accurately describe the real motion of AGVs under the
assumption of wheel alignment and negligible wheel slipping.

The presented extrinsic calibration algorithm extends a previous work on tricycle
AGVs [18]. Moreover, the proposed closed-form solution is suitable for implemen-
tation on PLCs (Programmable Logic Controllers) used for industrial AGVs. The
second contribution is the implementation, deployment and assessment of the pro-
posed methods on industrial AGVs. In particular, the implemented application en-
ables full estimation of calibration parameters in about 10 — 15 minutes. Repeated
calibration trials have exhibited numerical stability and precision in the values of
computed parameters. Positioning tests on actual AGVs have also demonstrated the
higher accuracy of the proposed calibration algorithm w.r.t. manual calibration.

The chapter is organized as follows. Section 3.2 presents the general model of
four wheel AGVs and the specific equations of Ackermann and Dual Drive robots.

Sections 3.3 and 3.4 illustrate the solutions to respectively intrinsic and extrinsic cali-
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bration. Section 3.5 discusses practical implementation and deployment of calibration
algorithms on industrial AGVs. Section 3.6 presents the results about calibration re-
peatability and position precision. Finally, the discussion in Section 3.7 summarize

the chapter.

3.2 Problem Formulation

This Section illustrates the Ackermann and Dual Drive kinematics and provides the
formulation of their intrinsic parameter estimation. These two models have four wheels
and are both over-actuated vehicles, since there are more actuators than the system
degrees-of-freedom. Thus, large wheel slipping may occur with arbitrary values of
steering and speed. When wheel commands yield a consistent AGV motion, i.e. cor-
respond to the kinematics of a rigid body, these input commands are called consistent.
When the commands are not consistent, robot dynamics must be taken into account
to compute the final motion. Since accurate modelling and estimation of torques,
masses and friction is difficult and beyond the scope of the dissertation, the analysis

is limited to kinematics.

3.2.1 Modelling Four Wheel AGVs

Figure 3.2 illustrates the general structure of four wheel robots with reference frames
and dimensional parameters. All the reference frames are treated in the following as
either tridimensional frames with parallel axes Z or planar frames. Reference frames
include a global inertial frame {G} fixed in the environment, the robot frame {V},
the frame {S} attached to the navigation sensor, and the wheel frames {F; } (front-left
wheel), {F, } (front-right wheel), {B; } (back left wheel), and {B,} (back-right wheel).
The two front wheels {F;} and {F,} have independent steering actuators controlling
the respective steering angles. The dimensional parameters are the so called wheel-
base fy, i.e. the distance between front and rear axes, and the front and back wheel
half-axes, respectively f, and b,

The Ackermann and Dual Drive models are compliant with this geometric de-

scription. In the Ackermann model, the front wheels F; and F, are both steering and
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fy

Ty

{G} Qx

Y

Figure 3.2: Structure of four wheel AGVs with the reference frames of AGV and
its parameters. Counterclockwise arrows refer to positive angles, whereas clockwise

ones (e.g. the arrow of o, ry) are negative.
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actuated whereas the rear wheels B; and B, are passive. The rolling speed of passive
wheels is completely set by the other actuated wheels. In the Dual Drive model, F;
and F, are only steering whereas B; and B, are actuated and not steering. The front

steering-only wheels are used to guide the vehicle and to limit slipping.

Since all the frames belong to a rigid body, the robot configuration in planar space
can be described by a unique pose vector q = [¢x,qy, ] € se(2). The state vector
represents the position qp.s = [¢x,gy] " € R? and orientation gg € so(2) of reference
frame {V} w.r.t. the global frame {G}. Henceafter, the subscript -,, applied to a
pose vector refers to its position coordinate vector in R?. The reference frame {V}
is sometimes called logical point, since robot state is logically represented as a point
particle located in the origin of this frame. The general kinematic equation describing

the evolution of state vector q over time is

Vip COS (6]9)
q = V]p sin (qg) (3.1)
;p

The input controls of Equation (3.1) are given by the linear and angular velocities
vip and @y, of the logical point. It is sometimes convenient to express the linear and
angular speeds of robot frame {V } from global frame {G} in {V } 3D coordinates as

v T
weo=| v, 0 0] (3.2)

v T
ovg=|0 0 o, | (3.3)

Observe that vy g has only a longitudinal component aligned with axis Xy of frame
{V'}, and zero lateral velocity. Odometry is obtained by integration of Equation (3.1)
over a given time interval. The exact expression is straightforwardly obtained under
the assumption that input controls v;, and @y, are constant over [t;_i,#]. Thus, the
curvature radius X = v, »/ Oy is also constant and the robot performs a circular path.

e LT =(85,88, 84T

The analytical expression of robot relative motion 8" = [6 pos 9 5 Oy s
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se(2) is given by

allcws =R (—QG (tk—l )) (qpos(tk) - ons(tk—l ))

: k
) (34)
1 —cos (55)
86 = qo(tc) —qo(te1) = /tk wyp dtT (3.5)

Equations (3.4) and (3.5) provide the exact expression of the relative motion over
circular path segments.

Physically, the values of the velocities v;, and @y, of the robot logical point de-
pend on the robot wheels. The forward kinematic model consists of the equations
relating the wheel steering angles and rolling speeds to the logical point velocities.
The parameters used in forward kinematic model are called intrinsic parameters. In
Section 3.2.2, the forward kinematic models and the intrinsic parameters of Acker-
mann and Dual Drive models is illustrated.

The robot is equipped with a sensor, which allows navigation and egomotion
estimation. In the case of industrial AGVs, this sensor is usually a planar sensor
like a laser scanner specifically designed to localize the robot in the environment by
detecting artificial landmarks. The range finder mounted on the robot is such that the
scanning plane is parallel to the ground plane. Thus, the position and orientation of
sensor frame {S} w.r.t. the robot frame {V'} is described by the planar pose vector 1 =
[Lt,1y,lg] " € se(2). The parameters 1 that encode the sensor pose w.r.t. to the vehicle
are called extrinsic parameters. Accurate estimation of extrinsic parameters is needed
to perform robot localization and navigation using the sensor. The measurements
acquired from the sensor enable the estimation of relative motion § = [Ck, yk ; C{,‘] Te
se(2) of frame {S} over time interval [t;_;,#]. In the case of laser scanner, the value
4 Fis computed using registration algorithms [57].

The simultaneous estimation of intrinsic and extrinsic calibration parameters is
performed through the comparison of the odometry 8" and the sensor egomotion § k
over several path segments k = 1,...,n. The value of s depends on the intrinsic

parameters of the robot through forward kinematics as illustrated in Section 3.2.2.
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On the other hand, 8 and 4 ¥ are constrained by the extrinsic parameters 1 through

the following relation

lpus'i‘R(lQ) C];os ] _ [ 8I;OS+R (5§) 117(” ]

(3.6)
lg + Cg 55 + 1y

The symbol R(-) refers, henceafter, both to the map from an angle § € S' to the
corresponding rotation matrix of R () € SO(2) and to the map from a vector b € R?
to a skew matrix R (b) € R>*? defined respectively as

SCH e RICE @

The angular part of Equation (3.6) implies that the relative rotation angles of the robot
and of the sensor attached as a rigid body are equal: 8% = Cé‘ Since forward kinemat-
ics can relate the input control and intrinsic parameters to each 5§, this equation will

be used to solve intrinsic calibration. The position part of Equation (3.6) constrains
k

pos
using sensor registration) with the extrinsic parameters 1. The difference between the

3];,03, (computed from controls and intrinsic parameters) and §, . (directly measured
two members of Equation (3.6) can be interpreted as an error vector e; dependent
from 1. Thus, the value of 1 can be computed by least-square estimation over errors e,

for all path segments k =1,...,n.

3.2.2 Forward Kinematics of Four Wheel AGVs

The velocities of logical points are related to the velocities set by the wheels. The
relations between speeds can be computed under the hypothesis that the robot can be
treated as a rigid body. In particular, we can use the wheel equation [58] applied to
each wheel frame {W}

Yvwe ="vwe+" ovex"pw (3.8)

where W is either F;, F,, B; or B,. The resulting velocities at the four wheels in robot

coordinates are obtained through the substitution of Equation (3.2), (3.3) and the
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position vector of each wheel (see the parameters in Figure 3.2) in Equation (3.8) as

[ T
Vi = vip—@npfy opf 0| (3.9)
v r T
VEG= | Vipt+@pfy Opfi O } (3.10)
- T
Va6 = | vip— by, 0 0 | G.11)
% : T
V6= | vip+ @by 0 0| (3.12)

The above equations provide the velocity required for each wheel in order to achieve
the desired velocities v;, and @y, in the logic point.

However, each actuated wheel is controlled by its rolling speed and, for steer-
ing wheels, by its steering angle through actuators. We describe the parameters that
enable setting of wheel velocities referred to the four wheel robot illustrated in Fig-
ure 3.2.

* Steering offsets. The two front wheels are steering and their steering angles o,
and o, are referred to the forward direction of robot corresponding to axis Xy
of frame {V'}. The steering motors control the steering angles and their en-
coders measure the angles o; and @, w.r.t. the steer encoder reference. Ideally,
the steer encoder references should be aligned with the forward direction of
robot, i.e. axis Xy of frame {V }. In practice, there are steering offsets oy, 7 and

Oy, of encoders such that
Oy = 0 + Qorf Oy = Oy + Croff (313)

* Driving scales. The distance travelled by an actuated wheel is proportional to
its turning angle. Physically, the turning angle over a time interval [fy_;,#] is
measured by counting the corresponding tick number of the wheel encoder n¥ .
The driving scale s,, is the parameter that relates the relative encoder tick n¥, to
the travelled distance s,,n%, (e.g. in mm). The corresponding wheel velocity at
time ¢ is denoted as s,,71,,(7). In the Ackermann model, the left and right front
wheels are actuated and the module of their velocities is equal respectively to

I

1V'vE .Gl = Switwi VE Gl = Swrltr (3.14)
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where s,,; and s, represent respectively the left and right driving scales, and

n,,; and n,, are the turning rates of left and right wheels measured in encoder

ticks. In the Dual Drive model, the same notation is adopted for the rear wheels

HVVBI,G” = Syl

1" (3.15)

VB,.G H = Swrlyr

where s,,;, Sy, By and n,,; refer to the rear wheels. The physical meaning of

these quantities, i.e. whether referred to front or back wheels, will be clear from

the context.

Forward kinematics consist of the equations relating the logical point velocities

to the wheel controls. Forward kinematics depend on the intrinsic parameters 0y, ,

Oorfs Swi and s, discussed above. The goal of intrinsic calibration is the estimation

of such parameters. We derive the equations that relate the velocities of the robot

logical point and the velocities of the wheels for Ackermann and Dual Drive models.

Ackermann model. In the Ackermann model, the two front wheels are steering

and actuated, whereas the rear wheels are passive and not controlled. Its forward

kinematics is obtained by comparing the velocities of frames {F;} and {F,}, from
Equation (3.9)-(3.10), with the wheel velocities in Equation (3.14) as

VF}>G =

\4
VFr,-G =

Syl Ty € Oy Vip — Opp fy
Swi w1 SOy | = O fx (3.16)
0 0
[ Swr Py C Oty vip+ @y fy
Swr SOy | = | @ipf (3.17)
0 0

where the modules of wheel velocities in Equation (3.14) are projected according to
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steering angles o,,; and ¢,,,. Forward kinematics of Ackermann model is given by

_ Syilwl € Oy + SyrTlyr C Oy

vip = 5 (3.18)
W = W 3.19)
wyp = Mrm}lsaw (3.20)
) = Swr Rwr © Oy — Syl Ty C Oy 3.21)

2fy

Since Ackermann AGVs are over-actuated, there are multiple expressions for @y,.
The values of independent controls ¢, &, n,,; and 7n,, must be chosen s.t. Equa-
tions (3.18)-(3.21) are simultaneously satisfied. Otherwise, kinematics is insufficient
to model wheel slipping and system dynamics must be taken into account to predict
its evolution.

Dual Drive model. Dual Drive AGVs have two front steering wheels and two
rear actuated wheels, which cannot steer. The same procedure adopted for the Ack-
ermann model can be applied to compute Dual Drive forward kinematics. The veloc-
ities V'vg, g and Vvp, ¢ of rear wheels have only longitudinal components along axis

Ry, that are equal to

Syl Ryl = Vip — wlpby (322)
Syr Ty = Vip + Oppby, (3.23)
Such equations can be used to compute the forward kinematics of Dual Drive

Syl Ryl = Sypr Thypr

(3.24)

(3.25)

Driving scales s,,; and s, are the only intrinsic parameters appearing in the above

relations. The steering angles are required for the steering passive wheels described
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by
[ vric o Vip = @ip fy
"Vio=| vasow | =]  opf (3.26)
|0 0
o | [t o
"VeG= | virsaw | = | opfi (3.27)
0 0

In Equations (3.26) and (3.27) the modules of wheel velocities, respectively vy and
vy, for front left and right wheels, are not set by motor commands. These equations
can be manipulated to write two constraints, one for each front wheel, according to
the following procedure (described for the front left wheel, but similar for the right
one). We can remove the dependency from v, by multiplying the x and y component
of Equation (3.26) by respectively s ,; and c ;. Then, the two equations are sub-
tracted member by member. Finally, the values of v;, and @;, from Equations (3.24)
and (3.25) can be substituted. The final result is the following:

Syl Tyl + Sy Ayr

0 5 S Oyt
Sywr Hyr — Syl 1
o S S (S Ot — € Oy) (328)
)7
0 = St Tt & Sur Fowr-
2
+W (fy'S Oty — £ Oty (3.29)
)7

3.2.3 Discussion

The model presented in the previous Subsection is based on the assumption that the
velocity directions and steering angles of wheels are congruent. In particular, Equa-
tions (3.16)-(3.17) for Ackermann and (3.26)-(3.27) for Dual Drive state that vectors
VVth and VVF”G have orientation angles ¢,,; and ¢,,,. This assumption holds only

when no wheel slippage occurs and the input controls are consistent with the rigid
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body motion. Otherwise, since Ackermann and Dual Drive are over-actuated kine-
matics, the kinematic parameters cannot be identified by means of the observed tra-
jectory. For example, the same straight motion can be obtained either with perfectly
parallel wheels or with symmetrically opposite steering angles. Thus, before the cal-
ibration procedure, a manual parallelization of wheels is performed to guarantee the
feasibility of such condition. The procedure is briefly described in Section 3.5.

The wheel parallelization procedure is performed with tolerance on offset accu-
racy. Once the wheel are approximately aligned, the optimization methods for the
two four wheel kinematics described in Sections 3.3 and 3.4 can effectively estimate

the calibration parameters, as shown by experiments.

3.3 Intrinsic Calibration

The intrinsic calibration procedures of Ackermann and Dual Drive models depend
on their specific equations. Nonetheless, the principle applied in intrinsic calibration
is the same. Since the AGV is a rigid body, the rotation angles of all the frames
rigidly attached to the robot are the same. In order to use the simplified Equations
of odometry (3.4)-(3.5), only time intervals [f;_1,%] with constant control input are
taken into account. The ¥ apex notation is used henceafter for all the parameter values
and the measurements related to time intervals [f,_1,#] with k = 1,...,n;. The path
travelled over [f;_1,1] with constant wheel steering angles and velocities is called

path segment k. In particular, for each segment k, we measure the following variables:

* the steering angles of left and right front wheels, respectively oclk and af, which

are constant on path segment k and measured by the steering encoders;

e the left and right wheel spins nfvl and n%, measured in encoder ticks (front

wheels for Ackermann, rear wheels for Dual Drive);

* the relative rotation 65 of the AGV while following a path segment between
time instant #;_q and #;.

As observed before, the relative rotation 65 is not measured directly, but obtained
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through sensor registration C(’,‘ In the industrial setup, sensor registration is per-
formed by matching artificial landmarks made of reflective material in known po-

sitions. These landmarks are called reflectors and are detected by the laser scanner.

3.3.1 Calibration of Ackermann Model

The solution of Ackermann intrinsic calibration can be obtained by integrating Equa-
tions (3.19)-(3.21), which relate angular velocity @;, to wheel parameters, over sev-
eral path segments k. The three expressions of @y, can be substituted into Equa-
tion (3.5) and equated to &% = Cé‘ . Moreover, we substitute the expression of total

steering angles 0‘»];1 = Otlk + oy and ok, = ak+ o, rr and of the wheel spin angles

nlevl = j;ik,l iy dT nﬁ»r = f;:l NyrdT (3.30)

The result of this operation over path segment k consists of the three linear equa-

tions

Ak x, =bF (3.31)

a a

where the matrices and vectors are defined as
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- T
Xal SwiCoff
X2 Swi SOy
xg=| " =] el (3.32)
Xa3 SwrCQroff
| Xad SwrS Qpoff
i nk,; o nﬁ;fﬂ q g 0
X X
AF — 0 0 nk,sak ok cof
a X fX
7”’»2/ ¢ a[k n,\fvl s alk n{i‘r c (X,]f 7"&»’ S (Xf
L 27, 27 27, 27
Asicl  Aslsl 0 0
= 0 0 Asrer  Asrsr (3.33)
| Qclcl  Aclsl  Aerer  Gersr
k[ sk sk sk |
bi=| &5 o & | (3.34)

The original intrinsic parameters s,,, Sy, %o and O, sy have been conveniently
substituted with other variables s.t. the equations are linear w.r.t. the new variables.
Of course, additional constraints may be inserted to keep consistency, when the new
variable space is a specific manifold. The above constraints are replicated for all path
segments with k = 1,...,n to form the linear system with matrix A, and known term

vector b, defined as

Aa:[A}f A2l Ang]T (3.35)

bo=| b} B2 bgﬂ}T (3.36)

A least-square solution X, for this system can be found using Moore-Penrose pseu-
doinverse [59]. Thus, Ackermann model calibration can be formulated as the follow-
ing problem:

Problem 1 (Ackermann intrinsic calibration). Find the parameter vector X}, € R*
that

minimize||A X, — b | (3.37)
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where A, and b, are given respectively by Equation (3.35) and (3.36). The final

calibration parameters are computed as

Spy =[x +x2, (3.38)
S = /X253 + X2 (3.39)

oy, ¢f = atan2 (Xa2,Xa1) (3.40)
a:Off = atan2 (xa4 s xa’j) (3.41)

3.3.2 Calibration of Dual-Drive Model

The solution of intrinsic calibration of Dual Drive AGVs is derived with a proce-
dure analogous to the one applied to the Ackermann model. Yet there is an impor-
tant difference between the formula of @;, in Equation (3.25) and the constraints on
steering wheels in Equation (3.28)-(3.29). The first constraint can be used to estimate
the driving scales s,,; and s, of respectively left and right back wheels. The latter
relations are used to estimate the steering offsets of left and right front wheels, re-
spectively oy,¢r and 0, rr. This two-step estimation (first the estimation of driving
scales, followed by steering offsets) has a closed-form solution, which is suitable for

implementation in embedded systems. The integration of Equation (3.25) leads to

k nk nk
Op = < wr) s,,—<wr>s ! (3.42)
2by, ) " 2by, )"
N—— N—_——
oo Ay

where the travelled angles ”lfvz and n¥, are measured by the left and right wheel
encoders as in Section 3.3.1. The multiple constraints in the form of Equation (3.42)

collected over path segments k = 1,...,n; can be arranged into the linear system
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691 a%ol agor

& _ gy oy Swi (3.43)
: D Swr '
by A

Similarly to previous case, the conditions given by the linear system in Equation
(3.43) often do not hold simultaneously. Hence, the driving scales x; are evaluated
by minimizing ||AsX; — b;||. Once the driving scales are evaluated, Equations (3.28)
and (3.29) can be integrated over all path segments k. The left steering offset o, sf
appears only in Equation (3.28), while o, s only in Equation (3.29). Thus, two sets
of independent equations in ¢, s and 0, sy, which can be solved independently, are

obtained from the integration

1 1
Aol 912 o
- [ loff ] =0 (3.44)
" SQoff
L a1 g2 | ~———
X =1 x]] T

Aal
o . -
a(xr,l a(x,r,Z
: c . [ ©Qrofy ] ~0 (3.45)
ank 1 S aroff

arl 9oy | Y——

Xr:[xr] -,erHT

where the coefficients of the two linear system matrices are defined as
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k k
k _ swlnwl + swrnwr

a, > (3.46)
k k
a](cu _ swrnwrzb Swil,, (347)
T,

dg, = (dy — fydy) saf — frdgycaf (3.48)
by = (b~ frd) cof + fuds s of (3.49)
gy = @y — frag) s of — fudgcaf (3.50)

k _ k k k k k
grn = (dy — fyag) c oy + fudgy S0y (3.51)

Equations (3.44) and (3.45) have been written to highlight the linearity w.r.t. re-
spectively vectors x; and x,. The two variables are subject to constraints ||x;||* = 1
and ||x,||> = 1. Due to noise in measurements, the above conditions are usually not
satisfied. The estimation of left and right steering offsets is achieved by finding the x;
or X, that minimize respectively ||Ayx/||? and ||Aq X, ||*. Fortunately, the problem
of minimizing a homogeneous quadratic function over a sphere is well-known and
has a closed-form solution (see [60, p. 593]). It suffices to find the eigenvector of
matrix A;Aa,. corresponding to its minimum eigenvalue. The intrinsic calibration

of Dual Drive model is summarized by the following problem:
Problem 2 (Dual Drive intrinsic calibration). Solve the following steps.

1. Find the driving scale vector X = [s,1,sw,] € R? that
minimize|| A X; — by (3.52)
St Ys1,ys2 >0 (3.53)

where A and by are defined in Equation (3.43).

2. After substitution of X;, find X, X; € R?
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X} = argmin [|Aq %/ ||* (3.54)
lIx[|2=1

X = argmin ||Ag X, (3.55)
[[x/[|2=1

The values of steering offsets are computed as

Y, r = atan2 (xj5,%7)) (3.56)
a;koff = atan2 (sz,le) (357)

3.4 Extrinsic Calibration

The aim of extrinsic calibration is the estimation of the position and orientation of the
sensor mounted on the robot represented by vector 1. As illustrated in [18], extrinsic
calibration is formulated as a least-square problem over the constraints derived from

Equation (3.6). In particular, the position error on path segment k can be defined as

e];)os = (lP(’S +R (19) gfms) - (allcws +R (5g> lP”S)

- { L-R (&) R(was)] z”"‘YIS’,‘m (3.58)
Q« %:;ng;/

where @ ,,c = [@1, @] " = [I,;]" and @, = [@3,0s] " = [coslg,sinlg] ". Over each
path segments the value of SII‘M is computed according to Equation (3.4). The for-
mula holds for both Ackermann and Dual Drive models using the proper values of
curvature radius r%. The vector @, 18 subject to constraint (plngq)lmg =1 to satisfy

trigonometric consistency that can be written as
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h@)=0' [0 0 ] @1 (3.59)

The error function can be chosen in order both to properly represent a distance
from the consistent estimation and to allow the computation of its minimum. Such
function must depend on all the measurements collected by the robot, while moving
along the n path segments. Although more complex functions could weigh the dif-

ferent components of eX_, it is convenient to use the square sum function defined

pos»

as

k
pos

N

T
Qk pm) (Qk‘P Spgs)

)= X
Z«p

— @' Myp—20'Py+ (): af,of afm) (3.60)

k=1

where
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mi 0 my —m3
M, =Y 0 0, — moms 3.61
¢ kgl O Ok - 0 (3.61)
—m3 nmy 0 ny
my =Y 2(1—cos &) (3.62)
=1
m =Y, (¢k (1-cos8§) — £ sindh) (3.63)
k=1
my=Y" (Cf sin 85 + Cyk (1—cos 55)) (3.64)
k=1
me =Y (652 +(¢?) (3.65)
k=1
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Thus, the extrinsic calibration problem is formulated as follows.
Problem 3 (Extrinsic calibration). Find the parameter vector ¢ € R* that
minimize E(@) =@ My —2¢ P, + const (3.67)

st. h(@)=@ We@—1=0

Problem 3 can be solved through method of Lagrange multiplier, since the KKT
conditions hold thanks to Slater’s conditions. Moreover, it has a closed-form solution
that can be obtained by explicitly expanding the linear system (M, —A W)@ =P and
by substituting the resulting ¢ (as function of multiplier A) in the constraint 4(@).

The polynomial equation derived by such substitution is

A2 +bpA+cop=0 (3.68)
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where the coefficients of the equation are

by =2p,

o (mips—mapi —m3p2)? + (mypa+m3pr —mop2)?
Co =Hy — 2
1

Each A, » satisfying Equation (3.68) can be back-substituted into the linear sys-

12) can be obtained. The existence of two

tem and the two respective solutions @'
solutions is due to the symmetries of the reference equations. The additional physical

constraint ¢; > 0 is required to choose between the two outputs [18].

3.5 From Theory to Practice

The calibration algorithms for Ackermann and Dual Drive kinematics presented in
Sections 3.3 and 3.4 have been implemented and used for calibration of industrial
AGVs. The control architecture of the two AGVs has been implemented on industrial
PLCs on an embedded computer, meeting the /EC 61131 standard requirements. PLC
systems are widespread and standard industrial solutions to guarantee robustness and
real-time execution as well as to comply with safety requirements. Calibration proce-
dures require careful synchronization of data acquired from encoders, laser scanner,
sensors and devices in order to relate measurements to the correct segment path, and
PLC systems facilitate this task. However, there are some drawbacks in porting ad-
vanced algorithms from laboratory to industrial engineered systems. For example,
available PLC library suites provide limited support for advanced data structures,
linear algebra and numeric algorithms. The proposed calibration algorithms and the
prior formulation of objective functions have been designed taking into account such
limitations. Indeed, adopting closed-form solutions is also recommended to cope with
such issues of calibration, beside their theoretical importance.

Furthermore, computationally expensive tasks such as Moore-Penrose pseudoin-

verse evaluation in Section 3.3.1 or eigenvalues computation in Section 3.3.2 are not
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Figure 3.3: An example of path segments used for calibration with nse = 6 grouped
according to versus of direction and steering: forward left segments (top-left), for-

ward right segments (top-right), backward left segments (bottom-left) and backward
right segments (bottom-right).

an issue for real-time execution on PLCs; despite the AGV localization algorithm,
the computation of calibration parameters is not involved any in real-time deadline,
S0 its execution can occasionally be split over multiple PLC cycles without affecting
vehicle functioning. Nevertheless, given the reasonable sizes of the matrices involved

in the process, calibration calculations are not computationally critical in most cases.

The proposed procedure requires the acquisition of sensor and wheel data while
the AGV performs segments of circular paths. For each absolute value of steering
angle the system collects four path segments corresponding to left and right steer-
ing trajectories, which are travelled in both forward and backward directions. If 7,

absolute steering angle values are chosen, then calibration is performed using the cor-
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responding 4n,,, values. The steering angles of left and right wheels are computed by
setting the steering angle of a virtual wheel positioned between the two front wheels.
The steering angle o, of such virtual wheel is varied in the interval [0y, min , Obwy,max] -

The steering angles a,; and o, are related to o, by

tan o, tan
tan gy = — 0% anay, = W% (30)
— 7; tan o, 1+ Tz tan o,

The minimum and maximum values of ¢, are picked in order to keep the robot
in the designated calibration area and to avoid physically impossible values of left

and right steering angles. The quadruple of path segment i corresponds to

Oy, max — Chwy,min i (3.70)

k
&, = (xwwnin +
Ngeg — 1

where i = 0,...,n4, — 1. Positive al,, lead to left steering circular path segments
whereas — o, represent the specular right steering segments. While Equations (3.69)
hold for both Ackermann and Dual Drive, the minimum and maximum steering val-
ues depend on the physical dimensions of the specific robot and on the dimensions of
the calibration area.

Thus, the calibration is structured in four phases distinguished by the different
combinations of motion direction (forward or backward) and steer angle (towards left
or right). During each of these phases the AGV performs circular path segments and
gradually increases the (absolute) value of the steering angle ¢,,,, while the curvature
radius .. decreases. To maintain a regular pattern the path segments are circular arcs
with fixed arc length 7. Since the robot is not calibrated, the resulting arc lengths
only approximate such value. This choice has proven to be the best trade-off to al-
low sufficiently long trajectories and, at the same time, to reduce the duration of the
procedure. In this way the robot approximately covers half-circles while performing
the path segments. The velocity for the calibration procedure has been set to 1500
cdeg/s, a value that represents the angular velocity of the AGV rigid body around

the instant center of rotation. Figure 3.3 shows an example of path segments used for
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calibration with ny,, = 6 subdivided into four phases according to direction (forward

or backward) and steering versus (left or right).

During calibration the correct values of calibration parameters are known only
up to their nominal values. Thus, the real trajectories performed for calibrating the
robot can be potentially inaccurate. In the developed AGV calibration procedure, the
initial nominal values of calibration parameters have been determined as follows.
The pose of the laser scanner mounted on the AGV is given by CAD design (usually
[, =0 and /g = 0 are assumed) neglecting assembly errors. Driving scales s,,; and s,
are assessed from radii and encoder resolution of actuated wheels. Steering offsets
0407 and oy, sy are either assumed to be zero or are set so that the two wheels are
approximately parallel and straight. The latter choice limits wheel slipping while the
AGYV travels along path segments and, thus, enables wheel rotation measurements

n’v‘vl and r¥_ to be more consistent with the real travelled distance.

3.6 Experiments

The proposed calibration algorithms have been tested on industrial AGVs in ware-
house buildings. An Ackermann AGV 17 and a Dual Drive AGV 12, both manufac-
tured by Elettric80 S.p.A., were used in the first two experiments reported henceafter.
The proposed calibration method requires forward and backward AGV motions along
circular path segments as discussed in Section 3.5. Hence, calibration has been ex-
ecuted in an obstacle-free area able to accommodate circular trajectories with maxi-
mum radius of 5 m. These experiments have been designed to assess the correctness
and the precision of the proposed calibration method. The goal of the first experi-
ment is the evaluation of the calibration parameters at different calibration conditions.
The second experiment estimates the positioning precision of the AGVs at operation
points. The third experiment has assessed the position precision and consistency of a
fleets of Dual Drive and Ackermann AGVs.
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Ngg  Ohy-min/max  valid | @y,zr [cdeg] Oy [cdeg] sy [mm/tick] Syr [mm/tick] [, [mm] I, [mm] lg [cdeg]
[deg] of 5 avg std avg std avg std avg std avg std | avg  std avg std
6 2641 3641 5 1-207.99 0.21|-291.80 0.40 | 0.25008 0.00003 | 0.25013 0.00003 | 1652.97 0.22 | -8.38 0.41 | -42.25 044
4 2641 4141 5 ]-207.98 0.72 | -292.62 0.77 | 0.24982 0.00004 | 0.24986 0.00005 | 1652.07 0.21 | -6.04 0.92 | -39.88 0.87
6 26414141 4 1-209.12 1.22|-29291 1.05 | 0.25036 0.00016 | 0.25035 0.00015 | 1652.74 0.23 | -5.07 1.32 | -41.71 0.86
6 2641 +46.41 4 ]-20831 043 -292.08 0.51 | 0.24969 0.00001 | 0.24972  0.00003 | 1652.42 0.34 | -5.45 0.46 | -41.46 0.44

Table 3.1: Calibration parameters of Ackermann AGV.

Mgy Ohp-min/max  valid | oyorf [cdeg] o pf [cdeg] sy [mm/tick] Syr [mm/tick] I, [mm] 1, [mm] lp [cdeg]

[deg] of 5 avg std avg std avg std avg std avg std | avg  std avg std
4 26.00-36.00 4 |-28620 0.58 | -296.28 0.12 | 0.24410 0.00023 | 0.24489 0.00026 | 560.30 1.96 | 499 2.35 | 59.08 3.34
6  2600+3600 4 |-28675 0.46 |-295.16 0.37 | 0.24375 0.00009 | 0.24453 0.00010 | 559.82 0.96 | 496 0.92 | 61.93 1.59
4 26004100 5 |-29382 0.80|-293.86 0.55|0.24363 0.00007 | 0.24443 0.00007 | 558.98 0.28 | 4.69 2.07 | 61.42 0.46
6 26004100 5 |-29404 122 |-29230 0.82|0.24348 0.00006 | 0.24429 0.00006 | 559.55 0.74 | 493 1.74 | 60.36 1.53
4 26004600 5 -296.64 3.00 | -291.30 1.44 | 0.24364 0.00007 | 0.24448 0.00011 | 558.66 0.24 | 4.60 3.20 | 60.86 0.37
6 26004600 5 |-299.76 1.18 |-290.60 0.97 | 0.24406 0.00016 | 0.24487 0.00017 | 558.64 0.11 | 5.05 1.77 | 61.27 091

Table 3.2: Calibration parameters of Dual Drive AGV.

3.6.1 Calibration Stability

Due to the unavailability of reliable ground-truth parameters, the stability and robust-
ness of the proposed method are better assessed by repeating the calibration proce-
dure in different settings. Each setting is distinguished by the number of path seg-
ments 7y, used in the four phases, and by the minimum and maximum values of
steering angle a,,. A total of 5 trials have been performed for each setting in order to
collect significant statistics. The complete calibration procedure takes about 10 — 15
minutes per trial depending on the setting parameters.

Table 3.1 collects the results achieved in 20 calibrations for Ackermann AGV
17. Most of the trials have been executed using ng, = 6 path segments per motion
phase, while collecting also the results of shorter calibration with ny, = 4. An off-
set of 0.41 deg has been added to all the steering angles o

. to satisfy the geomet-

ric constraints (available free area, physical limits on steering angles of the AGYV,
etc.) and to achieve conditions more similar to the tests on Dual Drive AGV 12 il-
lustrated in the following. Two outlier estimations have been observed for settings
Neeg =6/ 0 = (26.41 +-41.41) deg and ng, = 6 / o = (26.41 +~46.41). The out-
lier has been caused by failed sensor registration over one path segment, likely due

to insufficient number of detected reflectors. Outlier measurements can be straight-
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Qory Croff Swi Swr Iy ly lg
[cdeg] [cdeg] | [mm/tick] | [mm/tick] [mm)] [mm] | [cdeg]
Manual | -200.00 | -292.00 | 0.25483 0.25483 | 1657.00 | 0.00 | -20.00
Ackermann AGV | Autol | -208.43 | -292.17 | 0.25016 0.25017 | 1652.99 | -5.42 | -41.02
Auto2 | -208.20 | -292.38 | 0.24968 0.24975 | 1652.00 | -5.94 | -41.96
Manual | -220.00 | -298.00 | 0.24031 0.24031 575.00 | 12.00 | 62.00
Dual Drive AGV | Autol | -292.24 | -291.31 | 0.24350 0.24435 560.24 | 4.05 | 58.36
Auto2 | -301.72 | -292.24 | 0.24418 0.24496 558.74 | 6.68 | 60.74

Table 3.3: Calibration parameters used for experiments

forwardly detected by monitoring registration conditions (e.g. checking the number
of detected and associated landmarks) and easily dealt with in practical application
of the method. The mean value and standard deviation of calibration parameters in
Tables 1 and 2 have been computed only from the valid calibration trials. The av-
erage values of estimated parameters do not significantly change with the different
settings. The sensor coordinate /, is likely the parameter most sensitive to experi-
mental conditions, as shown by its average values and standard deviation, which is
slightly higher than /.. However, the average value of /, oscillates at most by 3 mm in
different conditions. All the variations on angular parameters are less than 1 deg.

Table 3.2 illustrates the results achieved in 30 calibrations for Dual Drive AGV
12. Also for Dual Drive two outlier estimations have been observed in sets ng,, = 4
/o0 = (26+36) deg and ns, = 6 / 0 = (26 +36) deg. Statistics in Table 3.2 are
computed with the exclusion of outlier parameters.

The position parameter most sensitive to experimental conditions is again [y, as
shown by its standard deviation. Parameter /g, that must be very well calibrated to
achieve good AGV movement, has a steady average and a small standard deviation.
The values of estimated parameters are stable to different calibration conditions like
the number of segments used for calibration or the interval of steering angles. Out-
liers seem to affect more the estimated value of parameter /,, whereas the computed
values of other parameters are generally comparable to the estimation without out-
liers. Standard deviations decrease with higher number of segments or with larger

steering angle interval, although there are some exceptions. Using 6 paths instead
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X y X

Figure 3.4: The layout of paths used to perform position precision experiments. The

operative area for the vehicle is approx. 16.5 m x 5.5 m

of 4 seems to return smaller standard deviations in estimated values. The best set of
calibration parameters appears to be the one returned from the tests with ng, = 6/
o = (26 +41) deg, considering the lack of outliers and the high stability of parame-

ters.

3.6.2 Position Precision of Single AGV

Several tasks performed by AGVs require to stop at given operation points of the
warehouse, e.g. to load or unload pallets with the forklift. The intrinsic parameters
are part of the robot kinematic model and influence both the control system and the
odometry. The extrinsic parameters define the pose of the laser scanner used in nav-
igation and localization. An important aim of calibration is to make all the AGVs
working in a warehouse stop on the same operation points with adequate precision.
Three different sets of experiments have been executed in a real warehouse to evalu-
ate positioning precision obtained by automatic calibration.

1. Localizer Error. The first test assesses the distance and heading errors mea-
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sured by the localizer, when the AGV stops at given operating points. Distance
error represent the lateral position error w.r.t. the AGV trajectory terminat-
ing on the operating point. These errors depend on AGV navigation and con-
trol system and on accuracy of calibration parameters, and cannot be used as
ground-truth. However, smaller absolute errors reveal better calibration param-
eter. This test has been performed stopping at operation points placed after
either straight or uneven high curvature paths that stress the control system.
Straight and curved paths are labelled respectively by roman numerals (, IV,
VII and X) and letters (from A to D) in Figure 3.4.

2. Straightness Error. The second test assesses the accuracy of sensor orientation
lg and, indirectly, of all the other calibration parameters. The AGV moves back
and forth over straight paths 10 m long (straight lines with roman numerals /7,
1V, VII and X in Figure 3.4). A perfectly calibrated vehicle should execute per-
fect and overlapping straight trajectories while moving forward and backward.
Otherwise, the AGV produces a "leaf shape” moving on slightly different paths
when moving forward or backward. The larger is the error on /g, the larger is
the distance between forward and backward paths. The distance is measured
approximately on the medium point of the path by marking the AGV position

(the side of its chassis) on the ground as shown in Figure 3.5.

3. Halting Point Precision. The third test evaluates the global quality of calibra-
tion parameter set by measuring the halting point precision. The vehicle moves
back and forth on two facing straight paths, each 5 m long. In Figure 3.4, the
halting points are labelled with arabic numerals (from 1 to 4), whereas forward
and backward paths are in roman numerals. The AGV is manually stopped in
the halting point and two points on both sides of back wheels are marked on
the ground. This procedure is repeated for both the front facing paths. For ex-
ample, point 1 is reached from both paths II and III. The halting position of
right back wheel from path II is compared with the position of left back wheel
on path III (side A), and viceversa (side B). Figure 3.6 shows an example of

marked halting points on the side of an AGV rear wheel.
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The three tests have been performed for both Ackermann AGV 17 and Dual Drive
AGYV 12. For both vehicles, we compared the results obtained with calibration pa-
rameter sets Manual, Autol and Auto2 (the latter is not used in some tests) shown in
Table 3.3. As suggested by their name, set Manual is obtained through manual cali-
bration performed by an expert operator, whereas Autol and Aufo2 are computed in
two different calibration trials of the proposed method for each vehicle type.

Figure 3.5: Example of forward and backward paths marked on the ground dur-

ing the execution of Straightness Error test on Ackermann AGV 17. The marker
line color identifies the paths obtained using calibration parameters Manual (green),
Autol (blue) and Auto2 (red).
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-
i

b

Figure 3.6: Example of halting points marked on the side of AGV rear wheel dur-
ing the execution of Halting Point Precision test on Dual Drive AGV 12. The
marked point color identifies the points obtained using calibration parameters Manual
(green), Autol (blue) and Auto?2 (red).
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The statistical results of the Localizer Error test are displayed by the histograms
of distance and heading errors in Figures 3.7 and 3.8 for respectively Ackermann
and Dual Drive. Automatic calibration achieves lower average values and standard
deviations of distance and heading errors than manual calibration for the two models.
The error due to trajectory tracking control is more pronounced on curved paths, but

automatic calibration performance is better or comparable.

The Straightness Error test has assessed the accuracy of parameter [y and, indi-
rectly, of the other calibration parameters. Figure 3.9(a)-(b) shows the histogram of
errors obtained on four straight paths. On Ackermann AGV 17 the automatic cali-
bration procedure always outperforms the manual one. For Dual Drive AGV 12, the
straightness error of the calibration parameter sets Autol and Auto2 is comparable
with the one achieved by manual calibration. All trials demonstrate that the value of

lg has been correctly estimated by manual as well as automatic calibration.

In the Halting Point Precision test, we measured the precision on halting points
reached from two different paths. The distance between the points obtained by the
AGV moving on the two facing paths are summarized in Figure 3.10(a)-(b). For both
Ackermann AGV 17 and Dual Drive AGV 12, the automatic calibration procedure
achieves lower (or, in the worst cases, similar) distance value between the trail points
than the manual one. Parameter computed with the automatic calibration appear to

yield more stable and accurate halting points.
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Figure 3.9: Results of Straightness Error test for Ackerman AGV 17 (a) and Dual
Drive AGV 12 (b) on four straight segments labelled by roman numerals as in Fig-

ure 3.4.
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Figure 3.10: Results of Halting Point Precision test for Ackermann AGV 17 (a) and
Dual Drive AGV 12 (b) on four halting points 1, 2, 3 and 4 in Figure 3.4.
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3.6.3 Position Precision of AGV fleets

The results presented in the previous Section estimate the position precision achieved
by a single AGV when calibrated manually or using the proposed method. Several
tasks performed by AGVs require to stop at given operation points of the warehouse,
e.g. to load or unload pallets. Position precision depends on different factors including
the localization system and the accuracy of calibration. Thus, an important goal of

calibration is to make all the AGVs halt at the same points with high precision.

In this Section, the position precision of fleets of Dual Drive and Ackermann
AGVs operating in a real industrial warehouse is reported. This part of experiments
has been impossible to test on Ackermann fleet due to AGV unavailability at the

moment of the trials.

The tests on straightness error and halting point precision discussed in Sec-
tion 3.6.2 have been performed on a set of five Dual Drive AGVs calibrated with
the proposed method. Table 3.4 shows the obtained calibration parameters used for
each AGV. It can be observed that, although the AGVs are built according to the same
design, there are significant variations in both intrinsic and extrinsic parameters and
more noticeably in the latter ones. In particular, it is difficult to mechanically mount

the laser scanners with the same orientation /g.

Figure 3.11 reports the straightness error of the five AGVs measured for two
different straight paths F7 and Fj;. As usual the straightness error is taken in the middle
of the straight path when travelled forward and backward. The measured distance is
less than 8 mm for all the AGVs.
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AGY® Oorf | Ooff Swi Swr L, Ly lg
[cdeg] | [cdeg] | [mm/tick] | [mm/tick] | [mm] | [mm] | [cdeg]
1 -325 -286 0.23847 0.23783 554 -8 -18
2 -350 -261 0.23690 0.23720 560 -11 -139
3 -299 -209 0.23703 0.23714 549 -4 -6
4 -369 -244 0.23639 0.23641 548 -2 -44
5 -388 -247 0.23590 0.23620 554 -11 59

Table 3.4: Calibration parameters of the five Dual Drive AGVs used in fleet position

experiments.
AGV R %orf | Coff Swi Sywr Iy Ly lg
[cdeg] | [cdeg] | [mm/tick] | [mm/tick] | [mm] | [mm] | [cdeg]

1 -281 -285 0.25347 0.25355 | 1175 -7 -109
2 -246 -265 0.25373 0.25367 | 1763 -7 49
3 -258 -283 0.25314 0.25324 | 1763 1 46
4 =275 -289 0.25374 0.25368 | 1765 -6 8
5 =277 -282 0.25385 0.25369 | 1764 -5 71
6 -307 -308 0.25310 0.25314 | 1774 | -14 -73
7 -294 -285 0.25341 0.25334 | 1752 -9 -1
8 =277 -265 0.25309 0.25319 | 1779 | -11 20

Table 3.5: Calibration parameters of the eight Ackermann AGVs used in fleet position

experiments.
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Figure 3.11: Results of Straightness Error test for for a fleet of five Dual Drive AGVs

on two straight paths F; and Fj; in an industrial warehouse.
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Figure 3.12: Results of Halting Point Precision test for a fleet of five Dual Drive
AGVs on two halting points F; and F, in an industrial warehouse.
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Tests on halting point precision have been performed by stopping the robots on
two points F; and F;. Each point is reached from two opposite directions and the
position error is measured on both the front wheels (sides A and B). The maximum
wheel displacement is at most 16 mm. The resulting positional accuracy is sufficient
for correct pallet loading and unloading operations. Indeed, the proposed automatic
procedure has consistently calibrated AGVs, enabling them to perform their tasks

with equivalent accuracy in a real industrial plant.

Furthermore, a group of experiments on stopping point precision of fleets of Dual
Drive and Ackermann AGVs has been performed. Four Dual Drive AGVs out of
five of the fleet described above have been moved on different points of a specific
industrial plant. The same approach has been followed with the full fleet of eight
Ackermann AGVs. For each AGV, a stopping point has been marked on the floor with
different symbols over each trial point. The experimental points have been chosen
at the end of straight and curved segments, reached in both forward and backward
motion of the AGV. Figures 3.13 and 3.14 shows the results for Dual Drive and
Ackermann AGV fleets.

The results of the Dual Drive AGV fleet are displayed in Figure 3.13. The AGV
stopping points are marked on the floor with different symbols. The distance be-
tween the points is at most 15 mm, that is enough to ensure adequate positioning

performance.

The results of the Ackermann AGV fleet are displayed in Figure 3.14 instead. The
AGYV stopping points are marked on the floor with different shape and colors: over
the eight automatically calibrated AGVs, three manually calibrated AGVs have been
testes. The latter three vehicles are marked using the red square ([J), the red asterisk
() and the black asterisk (x). The distance between the points of automatically cal-
ibrated AGVs is around 20 mm while the points of manually calibrated AGVs arise
as outlier, mainly in Figures 3.14a, 3.14d and 3.14e. The automatic calibration shows
higher positioning precision than the manual one, returning considerably closer stop-

ping points.
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®

Figure 3.13: Stopping point marked on the floor for a fleet of automatically calibrated
Dual Drive AGVs.
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(a) (b)

(© (d)

(e)

Figure 3.14: Stopping point marked on the floor for a fleet of automatically calibrated
Ackermann AGVs. Note: as a comparison, the red square (L), the red asterisk () and
the black asterisk (x) refer to manually calibrated Ackermann AGVs.
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3.7 Discussion

This chapter has presented a novel method for extrinsic and intrinsic automatic cal-
ibration of four wheel industrial AGVs compliant with Ackermann and Dual Drive
kinematics. The algorithm estimates the trajectories measured by an onboard sen-
sor and the expected ones given by the state of the wheels. By means of the model
equations derived for the specific kinematics, both intrinsic and extrinsic calibration
parameters are computed through closed-form solutions of least-square optimization.

The methods have been implemented on PLC controllers and experiments have
been carried out with industrial AGVs in a warehouse. The precision of the esti-
mated AGV parameters in repeated calibration trials is at most 0.1 deg for angular
parameters and typically less than 5 mm for position parameters. The accuracy can
be improved by a proper selection of the path segment executed by the AGV and
by a manual straightening/parallelization of wheels. The AGVs calibrated with the
proposed methods have shown the ability to stop at the same operation points with a
typical accuracy of 10 — 15 mm if the control system is not overstressed.

The experiments on a fleet of AGVs show that all the vehicles calibrated with the
proposed method achieve adequate similar position precision. This level of position
accuracy is comparable with the accuracy obtained with the best manual calibration
available in industrial environment, or even higher as shown in the stopping point pre-
cision trial. Furthermore, the proposed methods achieve better or similar results w.r.t.
other complete calibration approaches (i.e. tuning intrinsic and extrinsic parameters)
tested on mobile robots with different kinematics, such as [18,19].

With the suggested number of path segments the automatic calibration procedure
takes about 15 minutes for each AGV instead of more than one hour required by the
manual iterative procedure. The availability of an automatic, fast and reliable calibra-
tion procedure allows more frequent recalibration and hence better AGV localization

and navigation performance.



Chapter 4

Localization in Unstructured
Environments

High precision, pin-point repeatability and solid performance are crucial for robust
AGYV positioning in industrial environments. Besides the well-established artificial
landmark approaches, several novel techniques have been proposed, yet their real-
world application has still to be proven.

This chapter presents three different methods for laser-based AGV localization,
to assess their performance in real industrial plants. The three approaches correspond
to sensor models for the EKF localization used for AGV navigation. The first lo-
calization algorithm is based on detection of keypoint feature corresponding to high
curvature regions of scans. The registration-based algorithms estimate the position
and orientation displacement between range measurements and previously computed
dense map. Moreover, the latter two algorithms embody a virtual scan estimation to
improve pose evaluation in vast industrial plants.

The aforementioned map of the industrial environment is obtained using a Ter-
restrial Laser Scanner and innovative software processing, to attain the most accurate
ground-truth for localization. Finally, these methods are compared with traditional
landmark-based localization using reflectors. Measurement ground-truth is provided

by a Total Station with sub-millimetre accuracy.
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4.1 Introduction

The AGVs commonly used in industrial warehouse logistics [18,61] must be able to
localize to reach the desired operation point with high accuracy and without collision
with people and obstacles. Their navigation is usually based on reliable laser sens-
ing technology to guarantee accurate pose estimation and compliance to strict safety

regulations.

The evolution of industrial AGVs (w.r.t. perception, localization, mapping and
navigation) is rarely documented by application-oriented works that adapt the main-
stream research advancements. Several works focus on the perception of objects (e.g.
pallets, products, etc.) and landmarks using different sensors like lasers [62], cam-
eras [63] or RGBD sensors [64]. In [65] the pose of industrial AGVs is estimated
using both artificial landmarks and temporary landmarks extracted from measure-
ments in the regions devoid of artificial ones. Some complete industrial navigation
systems have been presented. The work in [66] illustrates the navigation system of
AGVs intended for partially structured warehouses and with frequent changes in the
floor plant layout. Such system integrates the localization based on reflective land-
marks with local maps, which enable pallet management and obstacle avoidance.
Other works [15] focus on the construction of 3D map for estimation of floorplan

and 2D navigation map.

Despite the large literature on localization, these papers rarely refer to real in-
dustrial applications meeting safety requirements, robustness and high technology
readiness level. Localization accuracy is seldom carefully assessed by comparing
different approaches in the same industrial setup. Moreover, the vast majority of the
non-canonical approaches aforementioned are poorly integrated in industrial con-
texts: their robustness and repeatability are often not adequate to industrial require-
ments. Thus, standard localization is still based on detection of artificial landmarks
made of reflective material with cylindrical shape, usually named reflectors. Reflec-
tor placement is a time-consuming and critical operation that must guarantee com-
plete coverage and avoid symmetries. The observed reflectors are matched with static

landmark maps. More advanced perception and estimation methods can increase the
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Figure 4.1: Top: 3D TLS survey of an industrial plant (ceiling intentionally removed)

with extracted map (blue) and matched laser scan (green) with localized AGV (or-

ange). Bottom: same scenario without the 3D point cloud.

autonomy of industrial AGVs and the flexibility of plant setup.
This chapter presents three localization methods for AGV guidance in indus-

trial plants and their experimental assessment. The localization algorithms match the
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range finder measurements with a floorplan map according to Extended Kalman Filter
(EKF) framework [67]. The floorplan map is computed from the 3D point cloud map
obtained by the Terrestrial Laser Scanner (TLS) mapping during the plant setup [68].
In particular, the planar representation is achieved by slicing the 3D point cloud at
AGYV laser scan height from the carefully extracted floor [69] (see Figure 4.1). Such
planar map is used to detect landmarks or to compute a virtual laser scan from a given
viewpoint, that is later exploited by the different sensor models.

The first sensor model detects SKIP (SKeleton Interest Point) keypoint features
corresponding to high curvature points in laser scans and matches these salient points
to the map landmarks. The second and the third methods, namely /CP and ARS-
Grid, correct localization estimation through registration of the actual laser scan with
the virtual scan. The robust ICP [70] algorithm efficiently and accurately aligns the
current range scan with the map, in particular when a reliable initial guess of the rigid
transformation is available. The closest point search is sped-up by a grid search data
structure overlapped with the floorplan map. ARS-Grid decouples the evaluation of
orientation-based on Angular Radon Spectrum (ARS) [71] and of translation-based
on grid correlation. Experiments assess the localization precision of the proposed
methods compared with standard industrial localization based on artificial reflectors.

The main contributions of this chapter are the following:

* the estimation of the map used in localization from the 3D model obtained

from the TLS survey integrated in the industrial workflow;

* three methods exploiting a novel SKIP feature, an ICP implementation based
on efficient closest point search and a novel registration algorithm based on

ARS and grid correlation;

* the experimental comparison of the proposed methods with standard reflector

localization methods.

The chapter is organized as follows: Section 4.2 presents the EKF localization
framework for the proposed methods. Section 4.3 shows the creation of the map,

the grid search data structure and the virtual scan approach. Section 4.4 illustrates
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the proposed algorithms acting as sensor models. Section 4.5 discusses the indus-
trial setup. Section 4.6 presents the experiments performed on real industrial AGVs.

Section 4.7 concludes the chapter.

4.2 AGYV Localization

We consider an AGV, equipped with laser sensors, moving in a structured environ-
ment with known a priori map. With respect to this scenario, the localization problem
is that to determine the pose of the vehicle on the base of the laser information and
the prior maps of the environment. The localization of industrial AGVs is commonly
addressed by standard Extended Kalman filter (EKF). Let s(k) € R? x S be the state
corresponding to AGV pose in global frame, u(k) the drive signals to the vehicle, z(k)
the sensor measurements at time k. The motion model of the system is given by the
equations

s(k) = g(s(k—1),u(k)) +w(k), 4.1)
where g(...) is the car-like kinematic model of AGV [18,61].

The three localization algorithms described in the following Section are based ei-
ther on keypoint features extracted from the laser scan or on the registration between
the current scan and the map. The proper sensor model is the direct estimation of
AGYV pose represented by

h(s) = s, (4.2)

where s°” is the position of the vehicle observed via registration between a local map
and current scan at the current vehicle location s.

Let HL = {hé}i: prsPrhp € R? be a set of scan points in the laser frame with the
origin of the scan at 0 € R?. The same set of point in the vehicle frame is called H"

and it is obtained with the invariant time transformation 7":
cos6, —sin6 x
hh=|""" T 4.3)
sinf, +cos6, v

where the vector [x,,y,, 0,] represents the position of the center of the laser in the

vehicle frame.
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Now we consider a submap H ¥ in the vehicle frame, which is generated through

¢ =[s¢,s,5G] in

ray tracing on global map from current estimated vehicle pose s
global frame G. In this way we define the pose 5‘7 = [xe,yg, O] of a current scan H v

in the submap frame as the transformation T‘Y :

T\Yhﬁ _ C?S 0 —sin6 W xg 4.4)
sin@  +cos 6 Ve

where 1z = (xg,ye )T describes the translation and 8¢ the rotation which rigidly trans-
forms the scan points hl‘ﬁ from the current vehicle frame into the submap frame.

The new estimated pose of the vehicle in the global frame G can then be found by a
composition of transformations TVG and T‘f’ .

Since the transformation T‘Af} is given by current estimated pose s, the problem
of finding the observation s°” relies in finding the pose £V of the current scan points
HY with respect to the submap frame.

In the next Section, the three different approaches that we use to find an estimate

of 57 are presented.

4.3 Map and Virtual Scan

4.3.1 Map Construction

The localization system presented in this chapter relies on the 3D model of the in-
dustrial plant obtained from a TLS survey [68, 69]. Figure 4.1 (top) shows an exam-
ple of the obtained 3D map. The AGVs are provided with navigation laser scanners
mounted at known height from the ground. A realistic floorplan map is obtained by
slicing the 3D point cloud at laser sensor level w.r.t. the ground, which is segmented
as in [69]. The Section is sliced with a certain width (usually a few centimetres) and
then the points are projected on laser sensor plane. Refinement steps proceed as ex-
plained in [69]. Figure 4.1 (bottom) illustrates the outcome of the procedure. The
obtained planar model enables both the automatic extraction of corner landmarks for

SKIP feature localization and the dense registration required by ICP and ARS-Grid.
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Algorithm 1 Grid Search Definition

Inputs: & = {p;}i—o...n—1 With px = [x; yx]”: map points,

r: grid cell size,

Xonases Xmin s Ymax, Ymin+ aximum and minimum x and y coordinates of &2,
Output: ¢: 2D grid structure

1: procedure GRID DEFINITION(ZZ, r)

). sx:H[Xmax—Xnﬂ;

.
3. Sy = 1+ ’V)’max _ymin-‘ ;

r
4: allocate grid ¢ of size (sy X sy);

5: for k=0ton—1do

. I l Xk . Xmin .
° [jk r < [yk] me] )J ’
7: G [ix] [ jx]-insert(k);

8: return ¢;
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The registration algorithms /CP and ARS-Grid rely on iterative search of closest
point. A grid data structure allows such efficient search in the floorplan map with
0 (1) complexity. Algorithm 1 illustrates the procedure. The number of cells on each
axis must be defined (lines 2-3) to correctly allocate the grid (line 4). Thereafter,
the corresponding grid indices [i; j;]” are evaluated for each map point [x; y;|”
(line 6) and then each point index £ is inserted in its respective grid cell (line 7).

During ICP registration, the closest point in the map is found for each laser scan
point. Locating the cell of the grid containing the laser scan point is trivial, since it is
the same as line 6. A fixed radius centred on the laser scan point defines the grid cells
being part of its neighborhood. In this region, the distance between each map point
of each cell and the laser scan point is measured and the closest point is detected. The
construction of the grid structure is usually very fast so the integration with the virtual
scan generation is almost flawless. The grid is allocated once and it is populated when

a new virtual scan is available.

4.3.2 Virtual Scan

A naive approach to localization would perform registration between the current scan
and the whole 2D map of the industrial plant. Instead of considering the entire 2D
map, a virtual scan is generated for each iteration of /CP and ARS-Grid registra-
tion. A more effective procedure computes the virtual scan corresponding to the map
region observed from a given viewpoint. The registration process is performed be-
tween the laser scan and the virtual scan more efficiently and limiting ambiguity due
to environment symmetries. Algorithm 2 and Figure 4.2 present the procedure for the
computation of virtual scan.

Using the grid search defined in 4.3.1, the points further than the maximum laser
scanner range are discarded to create .# (line 2). Each virtual scan point is initialized
to +oo (line 3). Then the suitable Cartesian map points p are converted into polar
coordinates (line 5) and next a parametrization of the angle is applied (line 6). Finally,
for each angular sector only the closest point from the scan centre ¢y is inserted into
the virtual scan (lines 7-8). The virtual scan is formed by range measurements so a

trivial conversion to Cartesian coordinates is required when performing registration,
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Algorithm 2 Virtual Scan Computation

1:

2
3:
4

Inputs: & = {py}i—o,..n—1 With p; = [x; y]": map points,
dmay: maximum laser scanner range,
r: laser scanner angular resolution,
co = [xca))c]T
¢: 2D grid structure,

: virtual scan centre,

Output: 7 = s[v],—o,.. m—1: generated virtual scan ranges,
procedure VIRTUAL SCAN(Z?)
M ={pr € P :||px — col| < dmax} using ¥ ;
Vv € ¥y s[v] = +oo;
Vpe .
P =[x+, 6= atan2(ye,xi) ;
ik=[6c/r];
if pr < s[ix] then
slix] = pr 5
return ¥y,
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Figure 4.2: Visualization of Virtual Scan Computation algorithm 2; (a): candidate
points; (b): definition of angular sectors and maximum radius; (c): identification of

the group of points in each sector; (d): identification of the closest point in each sector.

since the real laser scan points are returned in [x y]” format. The execution of this
algorithm takes about few milliseconds and can be performed for each iteration of

the localization procedure.
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4.4 Sensor Processing

4.4.1 Localization with SKIP

Feature detection from raw laser scans avoids the dependence of AGV localization
from special landmarks. Unfortunately, the extraction of stable and distinguishable
interest points from laser measurements in cluttered environments is not a trivial
task. In a previous work [57] we proposed FALKO features for AGV localization
with laser scanner. FALKO features are extracted where there is a distinctive local
distribution of neighbour points. While this criterion succeeds in finding reasonably
stable references for navigation and local mapping, the obtained interest points do
not describe the global shape of the free space in a laser scan.

Thus, we developed the novel feature SKIP, which extracts interest points through
simplification of the general contour of scan points. Algorithm 3 illustrates SKIP
detection, which is inspired by the curve simplification technique in [72]. The input
data consists of a single laser scan with field-of-view of 360 deg represented as a
curve connecting adjacent points & = {py, ..., pn—1}. Each point p; has a previous
point prv; and a next nxt; in a circularly linked list representing the scan. The curve
is split in correspondence to gaps caused by occlusion. A gap is marked when the
difference between consecutive range measurements is above a threshold (lines 3-
6). A cornerness score score; is computed for each of the valid points p; based on
its previous and next points, respectively p;_; and p;.;. Then, the points are pushed
into a priority queue with the minimum score; on the top position (line 9). Thus, the
points with a score less than threshold thr, are removed from the queue (lines 11-19).
When a point is removed from the queue, the score of its previous and next points,
respectively prv; and nxt;, must be recomputed, since their neighbours are changed.
Hence, the prv; and nxt; are marked as non-valid (lines 14-15) and their score will
be recomputed when extracted from the queue (lines 17-19). The points in the queue
with score above threshold thrg are labelled as feature keypoints (lines 21-23).

SKIP keypoints can be matched with the landmarks belonging to a previously de-
fined map and used in EKF localization based on the standard landmark sensor model

instead of the model illustrated in Section 4.2. An example of the outcome of SKIP
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Algorithm 3 SKIP Detection

Inputs: & = {p;}i—o....»—1: points of a laser scan,

{ri}i=o,.. n—1: ranges of the scan (r; = ||p;||),
(mg,qg): gap threshold parameters,
thr: splitting threshold,
Output: .7 = {f;}: SKIP keypoints
1: procedure SKIPDETECTION(Z,my,qq,thr)

2: for p;c & do
3: thrpré—qq+mg r’+2ri‘1 , thr,,x,<—qg—|—mgr"+#;
4: if |ri—ri_1|<thrpm or |rip1—ri|<thr,y then
5: State score; — o,
6: val; < false;;
7: else
8: scorei<—|| pir1—pil|+ pi—pi-1l| = |Pix1—Pi-1 |5
9: push (i, p;) in priority queue 2;
10 prvi < i— 1, nxt; < i+ 1, val; < true;
11: while 2 7 0 and score; (o) < thr; do
12: pop (i, p;) from 2;
13: if val; is true then
14: NXtppy,; < NXti, valpy, < false;
15: DFVnst, <= Prvi, Val,y <+ false;
16: else
17: scorei<|| pust;— Pill || Pi— P prvi | = || Proty — P pro I3
18: val; < true;
19: push (i, p;) in priority queue 2;
20: F 0,
21: while 2 7 0 and score; (o) < thry do
22: pop (/, fj) from 2;
23: F — FU{fi};

24: return .%;
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B .*..
¢ ‘:

Figure 4.3: An examples of SKIP keypoint features (red circles) associated to landmarks

(blue squares) for robot localization. In this case 8 keypoints are correctly associated.

algorithm as well as a landmark map is illustrated in Figure 4.3 The map can be eas-
ily extracted from a TLS survey of the industrial plant, collecting the desired corners
and their coordinates at the specific laser sensor height. Features detected from laser
scans could potentially substitute the reflective artificial landmarks currently used in

commercial localization systems.

4.4.2 Localization with ICP Registration

Iterative Closest Point (ICP) is one of the mainstream algorithm for point-cloud reg-
istration, both 2D and 3D. Given two point sets Q = {q1,...,q,} and P = {p1,..., pn},

it aims to find the translation ¢ and the rotation R that minimizes the error function
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defined as

ER,t)=-Y|lgi—R pi—1t||* (4.5)

1

1
nt
where ¢; and p; are corresponding points, namely pair of points determined by
a point g; and its closest point in P, Vg; € Q. So each point in Q is paired with its
closest point in P and each pair gives its contribution in the minimization of the error
function, exploiting the (R, ) transformation that better aligns the two point sets.
Many different /CP variants have been presented since its introduction in [73].
The core behaviour of the method is well known therefore the complete algorithm
is not reported. As stated in 4.1, our /CP method matches the actual laser scan and
the virtual scan generated with a grid structure, as described in Section 4.3. Perform-
ing registration in such a way is fast and reliable; furthermore, the /CP estimation
can be interrupted after a certain period of time, returning a pose estimation even if
the convergence condition is not met. This is a remarkable feature of the approach
since many other localization methods cannot be stopped until the termination condi-
tion is encountered. Conversely, the /ICP estimation can offer a trustworthy or partial

information, depending on the time elapsed and the geometric conditions.

4.4.3 Localization with Correlative Registration

The Correlative Registration approach allows to find the pose &F = [tg, 0] of (4.4)
by combining together the following two methods:

e We first use the Angular Radon Spectrum method (ARS) presented in [71] to
obtain an estimation of the rotation angle 6.

* Once the current scan points are rotated by the orientation angles 6, using a
grid representation of submaps and current scan points, we find an estimation
of I via 2D Grid-based Matching [74,75].
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ARS Correlation

Following [71] we use the Angular Radon Spectrum to characterize the orientation
of the scan points by measuring its alignment with respect to a pencil of parallel
lines. In particular in [71] it is shown how, given a Gaussian Mixture Model (GMM)
representing the points distribution, one can define the ARS as a continuous function
derived from the Radon Transform of such distribution. Moreover, approximating
the value of the GMM-ARS by a Fourier series expansion, the following equation is

obtained:

Z[f1(0) =aop+ Ji" (arcos(2k0) + by sin(2k0)) (4.6)
=1

where ay and by, are the coefficients of the series (see [71] for details). Let .7 [fs] (0)
and .7 [fp] (0) be the GMM-ARSs of respectively the source and the destination
point sets, then the rotation angle between them can be estimated through the cor-
relation of the corresponding spectra. Let {a}, 5]} and {a?,b?}, be the respective

Fourier series coefficients, their correlation is given by

~+oo
C(8) =df + Y (af cos(2k8) + bf sin(2k8)) (4.7)
k=1
D_ S 1,DpS DpS_ 1D S
where af = %bkbk and bkc = M. Then, the rotation angle between

source and destination point sets corresponds to the global maximum of the ARS
correlation (4.7) [71].
Grid Correlation

Different methods exist to approximate a planar points set using occupancy grids.

In this Section we use the occupancy grid:

M I xr] — {0,1} (4.8)

with resolution » € R, I = {i}i—,...; and J = {j} j=,... 7, which map from discrete

grid points to 0 and 1 values. Let mflj : (i, j) € I x J be an element of M", we assign it
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to zero if no points from set H fall in interval [ir+ 4 ,ir4+ 2 +r| x [jr+ %, jr+ 2 +7]
and to 1 if at least one point lies in such interval.

Then we are interested in finding the optimal match:

I J
te,D
tg = argmax Z Z mlsjmli , I,JeEN, 4.9)
1z€W =0 =0
. : . te,D
where m?. are the grid values obtained from a source points set S C R? and miﬁ- are

ij
the grid values obtained from a destination points set D C R?, after the translation Ie
is applied on each point of D. Moreover, W is the search window. Following [75] we

compute an integral number of steps to cover W as follows:

2] o]

In this way, we obtain the following finite set for W

W={—wy,...owe} x {=wy,...,m},
W= {tﬁo + (rjxarjy) : (jX7jy) € W}

which corresponds to a search window centred in the estimated translation 7g) =
[Exo5 &y )- In our application we get this initial guess by the EKF current state.

In order to find the best match that solves problem (4.9), we use Algorithm 4
which consists in element-wise multiplications between matrices. Actually, more ef-
ficient algorithms exist to do it. For instance, [75] uses a branch and bound approach
to efficiently compute &* even for larger search windows (there, also the orientation
angle is considered). In order to find a faster solution, following [76] we implement
a multi-grid map with two levels of resolution. Here the strategy is to use a low-
resolution map to quickly identify areas that might contain the global maximum. By
doing so, it is possible to minimize the volume that is searched at high resolution.
In particular, we use a factor of 10 between low and high resolution. This choice al-
lows us to use search windows W, = W), = 0.5 m and high resolution r, = 1 cm (low

resolution r; = 10 ¢m) with a computational time below 100 ms.
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Algorithm 4 Grid Correlation

Inputs: mlS] map of source points set,

mP:

;7- map of destination points set,
W = [W,,W,]: search window,
te, = [&xy» &y, l: initial guess on translation.
Output: tg: estimated translation.
1: procedure GRIDCORRELATION(mfj, mp,W,tg)
best_score = —oo
for s, = —w, to w,do

for sy = —w, to w,do

te =tg, + (rsy,7sy)

v v s feD
score =Yg Zj:O m;; mg
if score > best_score then

e

best_score = score

Y e 3D

10: return tg




80 Chapter 4. Localization in Unstructured Environments

feature scan
ol landmark scan | |
+M
5| J
~— O N |
£
> 5| 1
+

-10 + 7

-15 + . 7

-20 C 1 1 1 e f‘l 1 1 1 1 -

-10 -5 0 5 10 15 20 25
z (m)
(@)
1-2 T T T T T T T T
— — —ARS feature
————— ARS landmark
1r N A ARS correlation ||
N 1 n
2 " i
S 08+ Iy I J
S Iy I
= ' h
S o06f I I ]
' I
| Iy I
04+ Iy [ ' ]
& 'y i '
< " 1 ) NA P -

02 n 1 nd e ~l 1 7
,’\I Y ‘/’\A‘\'l’j,\\!‘-/}\/\l v \J‘\/\,‘_\{\-\/\/\
..'\./\.."\/’\-/‘\0, i \’/ ‘.,"\‘v"\\_/\- ,.\/\_/\’/\/ [N

O 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180
0 (deg)
(b)

Figure 4.4: Principal steps of the correlative registration process. (a) submap and

current scan; (b) resulting ARS correlation.
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Figure 4.5: Principal steps of the correlative registration process. (c) current scan

rotated by the ARS correlation angle; (d) resulting grid correlation using windows

size W, =W, = 0.5 m.
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Figure 4.6: Principal steps of the correlative registration process. (e) final result of

the procedure.



4.5. Setup 83

Correlative Registration

The combination of ARS and Grid-based Matching approaches needs to transform

the submap H ¥ into the data set:

u= {ml/ » Wk 7bk } )
-

where m; jV represents the grid values of (4.8) obtained from submap H V. More-
over, {aff V,ka V} are the coefficients of the Fourier series .% [ f,;¢] (6) which ap-
proximates the GMM-ARS for H V. Given the submap data set 1, a current scan H"
a search window W and a guess pose &), Algorithm 5 returns the estimated pose &*
of the current scan points in the submap frame. In lines 2-5 the angle 95* , that rep-
resents the rotation between current and submap frames, is computed. Here, first the
coefficients of the correlation between the Fourier series 7 [ f;0] (0), Z« [fuv] (0)
are computed. Then the rotation angle Gg is found as the local maximum of the ARS
correlation into the interval Sg = [Eg, — Ag, &g, + Ag]| centered in g, e.g. Ag = 30°.

The translation component of &* is computed in lines 6-8. Once the rotation Rgg
is applied to the current scan points H" (line 6), the translation between the rotated
current scan points H, XE and the submap points H ¥ is found by Algorithm 4.

4.5 Setup

As introduced in Section 4.1, the standard AGV control architecture is PLC-based,
meeting the /EC 61131 standard requirements. To increase the performance of the
system, a different solution is proposed. The framework relies on an industrial PLC
and an industrial x64 PC; the first performs every canonical AGV task including the
Kalman filtering and the second only evaluates pose estimation, which is calculated
with the techniques described in Section 4.4. Data communication within the frame-
work is socket-based. The AGV uses a laser rangefinder with 360 degrees of field-
of-view and 3600 points returned in each scan every 120 ms. All the experiments
described in the following are performed on an industrial PLC with an Intel Core
17-2610UE @ 1.5 GHz CPU and 2 GB of DDR3 RAM combined with an industrial



84 Chapter 4. Localization in Unstructured Environments

Algorithm 5 Correlative Registration

ij o
HYV': current scan,
W = [W,,W,]: search window,
‘:0 = [gxw éyov ‘:90]: guess pose.
Output: £* = [tg, Gg]: estimated pose.
1: procedure REGISTRATION(u,H" ,W, &)
. " L HY
compute the ARS coefficients {a;' ,b;" }

Inputs: u = {mHV {akHV,kaV}}: submap data set,

2
3: compute the ARS correlation coefficients {a§, b } v v
4: So = [Ee, — e, Eq, +Ad]
5 95* = findMaxCorr ({ag,bg}HVﬂv,Se)
vV _ |
6 HQE = R9§H
Hy,
7: compute 71, ©

J
v

Vv )
8: 1= GRIDCORRELATION(m{j N W, te,)

9: return £*
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x64 PC with an Intel Core i7-6820EQ @ 2.6 GHz CPU and 32 GB of DDR4 RAM
running C-based code. Experiments are performed with a tricycle AGV calibrated
using the method in [18].

4.6 Experiments

We validate the precision of each localization method evaluating the standard devi-
ation of the final AGV pose for halting points A-D of Figure 4.7. In the Figure, the
position of the center of the rear wheels axle of the vehicle is represented by a filled
circle. The AGV pose is estimated through a Total Station which measures the posi-
tion of physical points of the AGV in a global reference frame with sub-millimetre

accuracy.

Table 4.1 show the standard deviations, along longitudinal and lateral directions,
for the proposed methods over 10 repeated trials for each halting point. Figures 4.8,
4.9, and 4.10 shows the final AGV poses of each repeated trial for halting points. We
run the ARS-Grid method using different values of grid resolution r;,. The grid reso-
lution of 10 mm seems to be the best trade off between performance and precision.
More in general, all the compared methods have a standard deviation largely below
1 ecm. ICP achieves the lowest standard deviation followed by Reflectors, ARS-Grid
and SKIP. The SKIP method is sensitive to the number of features detected in the

environment and to their position accuracy.
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Figure 4.7: Halting points (A, B, C and D) and related paths that we use to test the four
localization methods. For each path the starting poses are represented by a miniature

of the vehicle (A and B are reached from the same starting pose).

goal Olon [mm] , Oy [mm]

ARS-Grid (5 mm) ARS-Grid (10 mm) ARS-Grid (20 mm) ARS-Grid (50 mm) Icp SKIP Reflectors
A 1.60  0.87 1.39 0.79 4.89 1.84 923 395 027 0.16 320 091 147 0.66
B 3.61 199 3.64 077 333 0.66 6.02 229 1.07 0.10 430 1.04 127 101
C 4.53 051 340 0.67 1.99 091 10.05 5.35 0.87 0.08 473 1.03 1.07 048
D 139 1.12 1.97 0.61 354 245 1142 8.11 052 034 212 1.80 1.65 0.37

Table 4.1: Standard deviations of halting points A-D along lateral and longitudinal
directions for the proposed methods.
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Furthermore, we analyze the robustness of ARS-Grid and ICP through two ex-
periments. In the first one we simulate an inaccurate initial guess adding an offset on
variables x, y and 0. In the other one we occlude an angle of the laser view to simulate
a loss of laser information. In both cases we run the ARS-Grid method using a grid
resolution of 10 mm and search window W, = W, = 0.5 m. The AGV goes through
an ellipsoid path of around 35 meters (Figures 4.11, 4.12, 4.13, 4.14). Moreover, we
allocate for ARS-Grid and ICP a maximum of 100 ms.

Tables 4.2, 4.3 show the mean error and the mean computational time for these
experiments. Here the errors on x, y and 0 are evaluated as the difference between
the AGV path computed with offset (or laser occlusion) and the path found in ideal
conditions (without offset and laser occlusion). The mean time for ARS-Grid and ICP
without offset and laser occlusion is 73.7 ms and 59.3 ms, respectively. According to
the results, /ICP seems to be sensitive to the initial guess accuracy, especially for the
component 0. In fact, when the offset on theta is greater than 5 degrees, the paths
found by ICP differ a lot from the path found with no offset (Figures 4.11, 4.12,
4.13). On the other hand, ARS-Grid seems to be more sensitive to the loss of laser

information (Figure 4.14).

Thus, ICP seems to be the best approach as long as the initial guess on the cur-
rent AGV pose is sufficiently close to the correct value. Such condition is always
satisfied in EKF localization systems, which frequently updates the estimation. Con-
versely, ARS-Grid enables global registration and could be used when no accurate

initial guess is available.

of fset: x,y [mm], 6 [deg]
[40] [5] [40][10]  [40] [15] [80] [5] [80] [10] [80]1[15]  [120]([51 [120][10] [120][15]
AG ICP AG ICP AG ICP AG ICP AG ICP AG ICP AG ICP AG ICP AG ICP

error x [mm] 7.14 0.87 6.89 164 6.44 178 6.67 0.79 6.61 164 6.67 183 6.61 0.74 6.33 162 6.45 203
errory [mm] 4.96 0.40 450 127 437 170 431 035 4.62 124 457 167 456 032 455 124 445 170
error 6 [deg] 0.04 0.01 0.04 482 0.04 11.3 0.05 0.01 0.05 479 0.05 112 0.04 0.01 0.04 468 0.04 11.0
time [ms] 73.7 100 739 100 733 81.6 724 100 72.7 100 72.1 832 72.1 100 72.0 100 719 85.0

Table 4.2: Mean error and mean computational time for ARS-Grid (AG) and ICP for
different offset applied to the initial guess.
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Figure 4.8: Final poses for halting point A for the proposed methods. The image
below corresponds to a zoom of the image above without depicting the halting points
for SKIP and ARS-Grid with 20 and 50 mm of grid resolution.
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Figure 4.9: Top: Final poses for halting point B for the proposed methods. Bottom:

Final poses for halting point C for the proposed methods.
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Figure 4.10: Final poses for halting point D for the proposed methods. The image

below corresponds to a zoom of the image above without depicting the halting points
for SKIP and ARS-Grid with 20 and 50 mm of grid resolution.
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Figure 4.11: Comparison of the AGV paths using offset [40],[5-10-15]. Top: ARS-
Grid. Bottom: ICP.
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Figure 4.12: Comparison of the AGV paths using offset [80],[5-10-15]. Top: ARS-
Grid. Bottom: ICP.
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Figure 4.13: Comparison of the AGV paths using offset [120],[5-10-15]. Top: ARS-

Grid. Bottom: ICP.
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Figure 4.14: Comparison of the AGV paths with occlusion. Top: ARS-Grid. Bottom:
ICP.
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laser occlusion [deg]
100 150
AG ICP AG ICP

error X [mm] 16.8 3.65 18.3 6.51
errory [mm] 119 1.76 11.5 3.72
error 6 [deg] 0.21 0.03 0.23 0.06
time [ms] 50.6 40.7 40.6 30.6

Table 4.3: Mean error and mean computational time for ARS-Grid and ICP with laser
occlusions of 27.78 % and 41.67% (100 and 150 degrees).

4.7 Discussion

This chapter has presented three different methods for laser-based AGV localization
and assessed their performance in real industrial setup. The proposed approach corre-
sponds to sensor models for EKF localization. The SKIP model exploits detection of
high curvature keypoint features as landmarks whereas ICP and ARS-Grid perform
registration of the current scan with a dense map of the environment. Exploiting a
complete TLS industrial survey, a map of the industrial plant is provided, consider-
ing corners (for SKIP feature matching) or a thin slice of the 3D point cloud at laser
sensor height (for ICP and ARS-Grid registrations). ICP and ARS-Grid exploit a vir-
tual scan approach to speed up pose evaluation and avoid localization mismatches.

These methods are compared with standard landmark-based localization using
reflectors. The experimental results show that the localization precision of all the
methods is less than 1 cm and it is compliant with usual industrial requirements. /CP
generally achieves higher precision whereas ARS-Grid with proper grid resolution is
mostly comparable with Reflectors. Conversely, SKIP localization is more sensitive
to the number of observed features and to their position accuracy. Additionally, /CP
pose estimation can return valid results even if interrupted after a maximum time
threshold.






Chapter 5

Signature-based Place Recognition

This chapter illustrates Geometric Relation Distribution (GRD), a novel signature for
place recognition and loop closure with landmark maps, such as the reflectors used in
many commercial localization systems or the SKIP features presented in the previous
chapter. GRD encodes geometric pairwise relations between landmark points into a

continuous probability density function.

Place recognition is required when no a priori information about robot pose is
available or the estimation is not accurate enough. The first case occurs during the
initialization of the EKF-based localization, e.g. when the AGV is switched on or
when it is inserted in the system for the first time. The latter case corresponds to the
loop closure required to build consistent maps during the SLAM procedure. The map-
ping algorithm checks whether the currently observed region of the environment has
been already visited during an arbitrary trajectory and, if this is the case, the accumu-
lated error is spread over the whole path to guarantee accurate localization in every
position. The effectiveness of the proposed method is assessed through experiments

with standard datasets.
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5.1 Introduction

An important task in robot localization and mapping is the recognition of places in the
available map. During global localization the pose of the robot is initially unknown
and the current sensor measurements are compared with all potential matching lo-
cations. Similarly, during SLAM tasks the robot checks if the current location has
been already visited. When the recognition takes place after the robot has travelled
long paths, this operation is called loop closure. Loop closure enables to recover
localization errors and map inconsistencies due to cumulative odometry error by esti-
mating the relative transformation between the current robot frame and the matching
one. While this problem has been extensively investigated for several sensor and map
models like occupancy grid maps from range finders or computer vision keypoint fea-
tures, robust loop closure techniques for landmark maps have been developed quite
recently [57,77-80].

The keypoint features [79, 81] detected in range finder scans naturally constitute
local maps of landmarks. The landmark coordinates of each local map are referred to
the corresponding local keyframe. Given this formulation, global localization or loop
closure are achieved by associating a query landmark set and all the stored landmark
sets in the global map. Direct landmark-to-landmark association is neither computa-
tionally efficient nor reliable over large collections of points. Thus, most loop closure
methods perform point-to-point matching, after selection of candidates by compar-
ing signatures. Several signatures [77, 80] are designed on bag-of-word (BoW) and
explicitly require features with descriptors. BoW approaches rely on descriptors and
their performance is affected when descriptors poorly characterize landmark neigh-
bourhoods. Signatures like GLARE [78] and GLAROT [57] encode the geometric
relations between the features like pairwise distances and relative angles into his-
tograms. In particular, GLAROT is invariant to translation and rotation in order to
detect visited submaps regardless of viewpoint. These signatures capture distinctive
distribution of feature points and do not require neither specific descriptors nor pre-
liminary dictionary as for BoW approaches. However, their histogram-based repre-

sentation is sensitive to the resolution of the discretized geometric parameters.
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Figure 5.1: Examples of GRD signature. Left: the scans 368 and 376 of dataset intel-
lab (grey) and the SKIP keypoints (red) detected in the respective scan. Right: the
corresponding GRD signatures based on biased Rayleigh distribution obtained from

each of the two point sets.

In this chapter, a novel signature Geometric Relation Distribution (GRD) for
place recognition and loop closure detection in landmark maps is proposed. Like
GLARE and GLAROT, GRD encodes geometric relations between landmarks, but
its representation corresponds to the probability density function (PDF) of pairwise
angles and distances between features. The PDF is multi-modal with a mode for

each pair of features. The PDF mode is the product of two marginal distributions,
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respectively von Mises for angles and Erlang or biased Rayleigh for distances. More-
over, the GRD distribution is expanded into a series of orthogonal functions based on
Fourier series and Laguerre polynomials. The truncated series can effectively incor-
porate arbitrary number of modes using the same basis in order to scale with arbitrary
number of features. The series is used to efficiently compute a rotation-invariant cor-
relation metric. The performance of GRD has been assessed through experiments
with standard benchmark datasets and compared with the state-of-the-art signatures
and loop closure detection algorithms.

The chapter is organized as follows. Section 5.2 reviews the state of the art of loop
closure algorithms for landmark maps. Section 5.3 illustrates GRD and its efficient
representation with orthogonal function basis. Section 5.4 presents a transformation
invariant metric. Section 5.5 reports the experimental results. Section 5.6 concludes

the chapter.

5.2 Related Works

The landmark map model is based on the extraction of point features from sensor
measurements. Paradoxically, the development of robust keypoint features for pla-
nar range finders is quite recent acquisition. Tipaldi et al. [81] proposed FLIRT, the
first keypoint feature using multiscale approach and descriptors inspired by com-
puter vision features. FALKO features [79] enable detection of more stable keypoints
based on careful neighbourhood selection and cornerness score. FALKO keypoints
also support descriptors for encoding neighbour point distribution in order to improve
data association and, possibly, loop closure.

Several loop closures algorithms for matching feature-based maps have been de-
veloped. The place-recognition problem must be solved in order to identify already
visited poses. Loop candidates must be selected using a robust signature to avoid
recognition error. Gutmann et al. [82] proposed Local Registration and Global Corre-
lation (LRGC), an incremental method for reconstruction of global maps from range
data. Geometrical FLIRT phrases (GFPs) [77] were proposed as an efficient and re-
liable place recognition exploiting FLIRT descriptors and the bag-of-words (BoW)
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approach. Deray et al. [80] improved BoW association using a Viterbi algorithm and
weak geometric check achieving better loop closure performance. Geometric LAnd-
mark RElations (GLARE) [78, 83] have been proposed to transform 2D laser scans
into pose invariant histogram representations evaluating invariant pairwise distances
and angles between scan points. Nevertheless, this approach is not orientation invari-
ant. GLAROT [57] was introduced as an improvement over GLARE and designed to
be rotation invariant. Point-to-point data association algorithms like maximum clique
methods [84, 85] or joint compatibility test [86] are required to check the selected
candidates and to estimate the transformation.

A different approach includes the loop closure methods comparing complete
scans or local maps with registration algorithms. Lu and Milios [87] proposed the
first registration-based loop closure algorithm based on a variant of iterative closest
point (ICP). More recent registration methods for loop closure include ICP in pose
graphs [88] and efficient alignment of occupancy grid maps [75].

Similar problems are faced when building a map with 3D point clouds. The work
in [89] extends GLAROT to space domain through an approximately regular binning
of sphere. Tazaki et al. [90] proposed a loop detection method as a pair of partial time
series showing high similarity score. Kim et al. [91] introduced a new descriptor for
3D laser scans embedded with an efficient search algorithm based on KD tree online
with Ring Key for fast search. Multiple point cloud registration [92] can improve

robustness of point-to-point association.

5.3 Pairwise Point-Signature Distribution

Given a set of 2D points &7, the pairwise angles and distances of two different points

pi,p; € < (assume that p;, > p; ) are defined respectively as

6;j = atan2(piy — pjy: Pix— Pjx)  Fij = |Ipi —pjll (5.1

When the input points are acquired through sensors, their coordinates are noisy and
uncertain. The point set &7 may represent keypoint features extracted from a given

robot location. While their Cartesian coordinates are dependent on the viewpoint,
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their pairwise distances and angles are respectively invariant or invariant up to a rota-
tional offset. Our goal is to define a signature using the distribution of pairwise angle
0 and distance r on & disregarding the exact pairs. Each pair (i, j) contributes to
each mode %7;; of the global distribution of 6 and r. The probability density function
(PDF) of [0, r] associated to & is

np  Np

Por(6,1) =Y. Y per(6,r1:)) p(Zij) (5.2)

i=1 j=it1
Hence after, we assume that all the modes are equally likely and p(Z%;) = 1/N,

where N = n,(n, — 1)/2. Moreover, we assume that pg,(6,r|%;;) can be factorized

into the product of the independent PDFs of 6 and r as

per(67r|‘@i]‘) = pe,‘_/(e) pr,-j(r) (53)

The two marginal distributions pg,;(6) and p;,;(r) must be chosen consistently with
the random variable domain. The von Mises distribution is often used for angular
statistics with central mode in preference to the more mathematically cumbersome
wrapped normal distribution. Thus, it is used as model for 6 with mean values 6; -
The probability density function p,,;(r) must represent a random variable on inter-
val [0,+o0) and single mode in 7;;. There are several models for this purpose and in
this chapter we discuss Erlang and biased Rayleigh distributions. The PDF pyg,(6,7)
in Equation (5.3) has the form of weighted sum of uni-modal kernels, which is not
convenient for efficient algebraic manipulation. Moreover, a metric invariant to rigid
transformation is required to compare two different signatures. The rest of this Sec-

tion is devoted to address these problems.

5.3.1 Pairwise Angle Statistics with Von Mises distribution

The probability density function of the von Mises distribution is

1 A

Pe,.(0) = m exp (K cos (G—Oij)) 5.4)

where I (k) is the modified Bessel function of order O, 6; ; 18 the mean value and also

the maximum of density of probability, and k is the so called concentration parameter,
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a reciprocal measure of dispersion. We assume that the concentration parameter K is
the same for all the angles. The distribution can be expanded into Fourier series [93,
(9.6.34)] as

1 = i
Po,(0)=5-+ ¥, (a,je cos (ko8) + b s1n(k99)) (5.5)
T =1
;’(j :Ikg (K) CcOS (kg@i]‘) ij _ Ike (K') sin (k@ 9,'}') (5.6)
0 mly (x) 0 mly (x)

The infinite Fourier series is usually truncated to term ng as s,,(0). A bound on the

approximation error has been derived in [71] as

‘pGij(e) _Sne(e)} < Ing (K) £ 5.7

= ol (x

~—

n

5=

Such bound largely overestimates the error, but can be used to compute the number

of terms ng needed to guarantee the required maximum error.

5.3.2 Erlang distribution for Pairwise Distance

The random variable r representing the pairwise distance between two points is de-
fined on domain [0, +e0) and has single mode corresponding to the measured one. The
Erlang distribution is among the probability distributions which satisfy such condi-
tions. Given the scale parameter 7);; > 0 and shape parameter d;; € N, the PDF of an

Erlang distribution is

r

rdi=1 e i
;' (dij—1)!

The Gamma distribution is a generalization of Erlang where parameter d;; can be any

Pri; (r) (5.8)

positive real number. The mean value 1);;d;; and variance 7; jdl-zj of Erlang distribution
depend on its two parameters. Since the shape parameter d;; is integer not all the
values of mean and variance are simultaneously feasible.

Like in the case of von Mises, Erlang distribution can be represented by a linear

combination of orthogonal functions. Since the domain is the positive real line r > 0,
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the natural basis is given by Laguerre polynomials [94]. The Erlang can be expanded
in Laguerre polynomial series with coefficients {cy, } as

Pry(r Z ¢ (5.9)

where Ly (r) is the Laguerre polynomial of order k.. The convergence of Laguerre
series to a function is guaranteed, when the function satisfies proper conditions [94,
Section 4.23]. This condition is satisfied by all the probability density functions. Such

polynomials are orthogonal w.r.t. integral inner product with weight functione™", i.e.

400
<Li;Lj>e*’ = / e*r L,-(r) Lj(r) dr = 5ij (510)
0

where §;; is the Kroenecker delta. Hence, the coefficient c;(]r is given as

c;g' = (Prijs Liy)er (5.11)

k _qym -
- L <Z>n (il,l_)l)vmv /o+ © <1+n”> gy

m=0

ky
= Z (-1 ( >(m+dtj ) :l])erd,j (5.12)

The Erlang distribution suffers from some drawbacks. The parameter d;; is equal
to the ratio between the square mean value and the variance of the distribution. Hence,
when modelling a distribution with constant variance and arbitrary large mean value,

the value of d;; may significantly increase leading to potential numeric inaccuracy.

5.3.3 Biased Rayleigh distribution for Pairwise Distance

The biased Rayleigh distribution is an alternative model we adopt to model the dis-

tribution of pairwise distances. The PDF of biased Rayleigh for r > 0 is

1.2
pry(r) = Kl r exp (—(r“f)) (5.13)

br,’j 265
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where u;; > 0 is the mode and o;; > 0 is the width. The mode and the width are
parameters setting the shape of the distributions and must not be confused with the
mean value and the standard deviation. If y;; = 0, then Equation (5.13) becomes
the PDF of standard Rayleigh distribution. The unnormalized moment of order m is
defined as

g (H—erf( “)) if m=—1
= Guﬁ l—i—erf( ))—i—cze_% ifm=0 (5.14)
m—1(L,0)+m 6% My_>(u,0) otherwise

The value of unnormalized moment is given above in the form of recurrent def-
inition. The moments can be used to find the normalization constant Kori s the mean

value Uy, and the variance c,f,ij as

A (Wij, Oij)
Ky, = Ao(W;;, 0; = 5.15
bri O(H] ]> Hori «/10(.“1]’61]) ( )
//2([1, ,Ojj ) ///1(,[1,",6,")
GZr J J J J (516)
brij %0(,&1],6,» %O(.uij,(;ij)

The biased Rayleigh PDF can be expanded into a series of Laguerre polynomials as

shown in Equation (5.9). The coefficients c;fr for this expansion are

.. "0 _ ] (r_ul)z
W= e " e —~ | Lik)d
d=f g xp( 57 | Litke)dr

)

o (r— (=07

ky ky i'*i o WO
-y <)<—1>“/+ ey,
m=0 m Kbrij m! 0
2
ky koo L L
no(n\ (=1)retiim2
B o (Wi = 05,0 5.17
mg'o <m) Kpy,; m! (ij — 63, 01)) (5.17)
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5.3.4 Signature Distribution of Point Sets

There are all the elements to derive an efficient approximation of the signature dis-
tribution in Equation (5.2). The series approximation is based on the approximation
of marginals of Equation (5.5) and (5.9). The two series are arrested respectively to
order ng for random variable 6 and n, for random variable r. Thus, the signature
distribution is approximated by pg,(6,r) ~ . (0,r) defined as

AL (Eano)

l 1 j=i+1 \k,=0

(ﬁ (ak cos (kg8) + b}/ sm(ng)))

kg=0

ng ny
=Y Y (6,1 (5.18)
=0k,=0

where the terms @y, () and their parameters are equal to

Ok, (0,7) = Agg, Li, (1) c0s (kg 0) + Bigi, Ly, (1) sin (kg 0)

np ;CJ ij np np ;CJ C;CJ
6 kr _Kke Kr
Aok, = Z Z Bigt, =), ) (5.19)
i=1 j=i+1 i=1 j=i+1

The coefficients cjc’r in the above equations refer to the Erlang or biased Rayleigh de-
pending on the chosen model. The novel form of Equation (5.18) has the advantage of
having a fixed form independently from the number of point pairs N. The complexity
of signature computation lies in the coefficients of the above series. The basis func-
tions Ly, (r)cos(kgB) and Ly (r)sin(kg®) are orthogonal. This makes the signature
suitable for analytical manipulation as illustrated in the following Section. Figure 5.2
represents the two GRD signatures obtained using respectively biased Rayleigh and
Erlang distributions to represent range uncertainty. The signature obtained by Er-
lang is smoother and less detailed than the one by biased Rayleigh. In general, it is
more difficult to shape Erlang kernel PDF according to the desired variance due to

discretization and numerical issues of integer exponent d;; in Equation (5.13).
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Figure 5.2: Example of GRD signatures computed on a mit-csail dataset: (a) the in-
put scan (grey) with the extracted FLIRT features (red); (b) the GRD-BR signature
obtained using biased Rayleigh distribution for ranges (with parameters (x,0;;) =
(1.5,0.2)); (c) the GRD-Er signature obtained using Erlang distribution for ranges
(with parameters (k, 0;;) = (1.5,0.2)). The GRD-Er signature is smoother than GRD-
BR one and provides less details.
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5.4 A Metric for Signature Distributions

Signature distribution represents the geometric relations of a local map of points. The
main goal of signatures is detection of already visited places or, at least, of potential
candidate matches. A rotation-invariant metric should be used to compare a given
target distribution signature .#; with a potential matching one .. While the pairwise
distances are invariant to translation and rotation, the pairwise angles depend on the
viewpoint. To achieve invariance, we follow the criterion adopted for GLAROT [57].
The similarity between the signature distributions .%; and .%; (apices or pedices s and

t are used hereafter) is defined as

do(S5,
d(S,.S) = o(0 %) (5.20)
(D \/dO %,y)d()(%ﬂ%)
where
2 oo
dq,(yg,yg)z/ de/ dre " S0+ ,r) .(6,r) (5.21)
0 0

Instead of being a distance, the quantity d(-) is maximum when the two distribu-
tions represent the geometric relations of the same point set. The integral in Equation
(5.20), which consists of a product of two truncated series, could be difficult to solve.
Let w} , (-) and @y, (-) be the terms of series . and .%; according to Equation
(5.18), with coefficients respectively {Ay , , B}, } and {A} , . B}, }. The integral of
@ () cok,e " (-) is zero if kg # kjy or k, # k. due to the orthogonality of the basis func-
tion. Thus, the only remaining terms are @}, (-)®j , (-). In particular, the integral is

solved as

21 oo
Gorr(9) = [ [ 7@l (04 0.r)0], (6. r)d6dr
Akgk,Akgk,+Bk9k, Kok
2
AS

B[ _Bs Ar
kok: kgkrz kokr"kokr sin (kg @) (5.22)

cos (ke 9)
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After the substitution of Equation (5.22) in the metric expression, we obtain

ng n
do(S, 1) = Y Y. Ceoh, (@) (5.23)
ko=0k,=0
ng
= Y A7, cos(ko@)+BY , sin(koo) (5.24)
k=0

where the coefficients {A,‘fg kr’Bl(fe ;, } are obtained as

s t S t
& Aok Aok, T Biok, ok,

¢ _
Aly =X . (5.25)
ky=0
n, As Bt _Bs At
qu(()akr — Z kgkr kgkr 2 kgk, kekr (526)
k=0

Figure 5.3 shows the correlation function dy(.%5,.7;) for the keypoint features pre-
sented in Figure 5.1. It can be observed that the harmonic component kg = 1 dom-
inates over higher frequency components. The estimated angular shift @, where dy
is maximum, provides a rather accurate estimation of rotation angle between the two
feature maps.

Signatures are used for retrieval of candidates matching local maps. Next the can-
didates are checked by performing point-to-point association. The Correspondence
Graph (CG) [57] searches potential correspondences based on the same pairwise
geometric relations used by GRD signature. Since CG exploits the consistency of
matching points, it does not rely on the estimation of local map reference frames
w.r.t. the global reference frame. Figure 5.4 shows the CG association for the previ-

ously discussed example.

5.5 Experiments

In this Section our experimental setup and results based on loop closure is presented.
The experiments are assessed in four public datasets: fr079, mit-csail, intel-lab and fr-

clinic. The datasets provided by [81] contain both original scans and corresponding
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Figure 5.3: Example of GRD signature correlation between the scans 368 and 376
of dataset intel. Maximum correlation is achieved with angular shift ¢ = 345.8 deg

(equivalent to —14.2 deg) consistent with point rotation (see Figure 5.1).

corrected ground-truth. Results are presented with precision-recall curves for loop
closure tests.

The loop closure experiments are evaluated comparing each scan .#; with the
other scans of the dataset .#; with j # i. The proposed loop closure algorithm GRD!,
both with Erlang (GRD-Er) and biased Rayleigh (GRD-BR), has been tested in each
dataset and compared with two state-of-the-art algorithms, GFP and GLAROT. We
evaluate the original GFP algorithm using FLIRT keypoints and descriptors, since
signature GFP was originally coupled with the specific keypoint feature. The key-
point features SKIP [95] are used to build the landmark maps encoded by GLAROT

and GRD. Signature evaluation requires that loop closure candidates are tested with

https://github.com/d1r1516/grd.
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correspondence graph
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Figure 5.4: Example of point-to-point association using correspondence graph (CG):
the keypoint features of scans 368 (red) and 376 (green) in Figure 5.1 with their

pairwise relation graphs, and the features 368 aligned to features 376 (blue).

point-to-point association. GFP uses RANSAC algorithm as point-to-point associa-
tion method according to its original formulation and implementation. The other sig-
natures are evaluated with point-to-point matching method Correspondence Graph
(CG) [57].

The loop closure evaluation has been performed as follows. For each scan .7 of a

dataset the scan signatures have been computed and stored. Then, let .#% be the refer-
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ence scan, a set %y of 20 candidate scans (50 for GFP), whose signatures are closest
to the signatures of the reference scan . according to the respective loop closure
method, are extracted. The set of closest signatures s is evaluated according to the
corresponding distance function and thresholds of each loop closure method. The
keypoints of each scan in € are associated with .%% using the selected point-to-point
association algorithm. Then, the robot pose is estimated by solving the orthogonal
Procrustes problem on associated point pairs. Finally, the scan selected for loop clo-
sure .7, is the scan that, after alignment, has the greatest number of keypoints with a
neighbour point in .#; within the 0.10 m range. The place recognition performance
is measured by precision-recall curves. The robot is considered localized if the as-
sociated points are at least N,;,. The precision-recall curves are computed w.r.t. the
threshold N,,;,. A localization is considered correct when the position error of the
aligned scan is less than 0.50 m and the angular error less than 10°.

Figures 5.5-5.8 depict the precision-recall curves obtained in datasets fr079, intel-
lab, mit-csail and fr-clinic with the place recognition algorithms previously discussed.

Table 5.1 shows the computed areas below the aforementioned curves obtained

on standard datasets for the considered signatures.

GFP achieves results comparable to the other features in dataset fr079, but in
the other cases it is dominated by the other approaches. Its performance may be af-
fected by the use of FLIRT features and descriptors used in the local map. Previous
works [57,79] have already observed the potential weakness of local descriptors for
LIDAR measurements and the arising limitation of the resulting BoW detection. The
curves of GLAROT, GRD-BR and GRD-Er tend to overlap in the case infel, but
GRD-BR dominates GLAROT across all the other approaches. While all such signa-
tures are based on geometric relations, GRD-BR seems to provide a more accurate
representation of cumulated pairwise distances and angles.

Indeed, GLAROT discretizes these parameters into histogram bins whereas GRD-
Er exploits Erlang distribution, which achieves smoother and less detailed description
than biased Rayleigh, as shown in Figure 5.2. Thus, the proposed GRD signature is
able to select potential loop closure candidates with similar or better performance
compared to other state-of-the-art methods like GLAROT.
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Figure 5.5: Precision-recall curves of loop closure based on GRD-BR, GRD-Er,

GLAROT and GFP in datasets fr079.
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Figure 5.6: Precision-recall curves of loop closure based on GRD-BR, GRD-Er,
GLAROT and GFP in datasets mit-csail.
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Figure 5.7: Precision-recall curves of loop closure based on GRD-BR, GRD-Er,
GLAROT and GFP in datasets intel-lab.
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Figure 5.8: Precision-recall curves of loop closure based on GRD-BR, GRD-Er,
GLAROT and GFP in datasets fr-clinic.
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ts
fr079 | mit-csail | intel-lab | fr-clinic
GRD-BR | 0.951 0.910 0.986 0.974
GRD-Er | 0.895 | 0.760 0.968 0.968
GLAROT | 0.893 | 0.783 0.979 0.864
GFP 0.921 0.771 0.893 0.819

Table 5.1: Computed areas below the precision-recall curves in Figures 5.5-5.8 with signa-
tures (GRD-BR, GRD-Er, GLAROT and GFP) on standard datasets (fr079, mit-csail, intel-

lab, and fr-clinic).

operation avg time [us]
construction 2722.0

GFP o )
pairwise distance 3.7
construction 138.7

GLAROT o ]
pairwise distance 4.2
construction 2052.4

GRD-Er o )
pairwise distance 275.2
construction 2445.0

GRD-BR o ]
pairwise distance 274.6
CG association 538.6
SKIP detection 97.5

Table 5.2: Average times per scan required for creation and pairwise distance of signatures
(GFP, GLAROT, GRD-Er and GRD-BR) and for CG point-to-point association. The times
have been computed on datasets fr079, intel-lab, mit-csail and fr-clinic with an average num-
ber of 13.47 detected features per scan.

The efficiency of the signatures has been empirically assessed by signature match-

ing with datasets fr079, intel-lab, mit-csail and fr-clinic. The execution times pre-
sented in Table 5.2 are obtained on an Intel i7-3630QM CPU @ 2.40GHz, 8§ GB

RAM processor running C-based code. In particular, these tests measure the average

execution time for the construction of signatures and for the computation of single
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pairwise distance between two signatures.

A single loop closure query requires the computation of the pairwise distances
between the query signature and all the other signatures of the map. The construction
time for GRD signatures is about one order of magnitude higher than for GLAROT,
but comparable with GFP whose complexity is due to the initial offline computation
with BoW dictionary. The complexity of GRD construction is quadratic with the
number of point features whereas the pairwise distance computation is computed
using guaranteed branch-and-bound optimization with 1 deg tolerance on correlation
(compared with 22.5 deg bin size of GLAROT). Moreover, the computation time
could be significantly improved by an optimized implementation and better parameter

tuning.

5.6 Discussion

This chapter presented the novel signature GRD for landmark maps, designed to
recognize previously visited places for localization and loop closure. The signature
corresponds to the probability density function of the pairwise angles and distances
among the landmarks of a local map. The distribution models for the two polar co-
ordinates are respectively von Mises for angles and Erlang or biased Rayleigh for
distances. The signature GRD has been expanded into series of orthogonal function
basis, namely Fourier series and Laguerre polynomials. The coefficients of the series
have been derived and used to represent the signature. This representation enables
efficient analytic operations with multimodal distribution and, in particular, allows
the definition of rotation and translation invariant metric to compare the distribution.
The GRD capability to detect visited places in the map has been compared with other
state-of-the-art signatures in loop closure experiments.

In future works, we expect to apply GRD in the loop closure component of a lo-
calization and mapping system. Moreover, we will investigate the extension of GRD
signature to 3D landmark maps and the design of scale-invariant metrics suitable for
computer vision applications. Indeed, further investigation and development work is

needed before bringing GRD signature-based place recognition into industrial AGVs.
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Conclusion

This dissertation has presented some advanced methodologies to improve positioning
and localization performance of industrial AGVs. Based on the methods and tech-
niques reported in this dissertation, the whole warehouse deployment workflow has
become considerably faster, simpler and more flexible.

A novel automatic calibration method for Dual Drive and Ackermann AGVs has
been presented in Chapter 3. The proposed calibration algorithm estimates both the
kinematic parameters and the laser rangefinder parameters by comparing the sensor
egomotion and the motion commands. This method has been implemented on indus-
trial vehicles and its real performance have been tested in real warehouses. Since on
point accuracies are about 10 — 15 mm, this method returns better results than clas-
sic manual calibration. The proposed method outperformed the canonical one even
during trials on AGV fleets. The whole procedure takes about 15 min for each AGV,

reducing calibration times up to 80% and enhancing positioning precision.

Three novel algorithms for AGV localization in unstructured environments have
been presented in Chapter 4. The feature method detecting SKIP and the registration-
based methods /CP and ARS-Grid have been implemented on industrial AGVs and
their performance has been tested in real plants. The aforementioned methods have
been compared with the standard artificial landmark localization technique using re-

flectors. The static map was obtained using a TLS and innovative software processing
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while measurement ground-truth has been provided by a TS. Localization accuracy is
less than 1 cm, offering better or comparable performance w.r.t. reflector-based local-
ization. Inaccurate initial guess and laser angular occlusion experiments have shown
the robustness of the proposed methods.

A novel signature for place recognition and loop closure with landmark maps,
named GRD, has been presented in Chapter 5. This signature encodes pairwise dis-
tances and angles between landmarks into a continuous PDF. The effectiveness of the
method has been assessed through experiments with standard literature datasets. The
lack of industrial experiments highlights the lower technological readiness level of
this solution w.r.t. the methods proposed in the earlier chapters, but further develop-
ment work will surely support industrial improvements.

The combination of the aforementioned techniques can increase positioning pre-
cision and improve localization, enhancing the efficiency of the AGV warehouse.
Plant deployment and installation times are considerably decreased due to reduction
of manual operation and artificial objects installation.

Future works will investigate the possibility of reducing the size of the area re-
quired for automatic calibration to better suit the procedure in already existent ware-
houses. Regarding localization in unstructured environments, further efforts may lead
to more robust and industrialized positioning methods, increasing efficiency while re-

ducing errors and installation times.
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