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(57) Abstract: A method or system of determining a location relative to the position of one or more natural elements within an en-
vironment, the method comprising the steps of: measuring a set of characteristics associated with the natural elements, wherein the
set of characteristics comprises at least one characteristic associated with the natural elements; creating a plurality of discrete data
sets from the measured set of characteristics; associating the discrete data sets with individual natural elements; sequencing data
within the discrete data sets to create a current data sequence; and determining a location relative to the position of one or more nat-
ural elements within the environment based on a comparison of the current data sequence with a stored data sequence.
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LOCALISATION SYSTEM AND METHOD

Technical Field
{0001] The present invention relates to a localisation system and method. In particular, the present

mvention relates to a method of determining a location refative to the position of one o more natural
elements within an environment, a method of determining a set of characteristics associated with natural
elements iy an environment for determining a location relative to the position of a phurality of natural

elements, and related systems.

Background

{0002] The population of the earth has been increasing and is expected o reach a staggering 9.6 billion
by year 2080, Additionally, this increase in population is not evenly disiributed, but is concentrated in the
cities, leading to an unprecedented urbanisation of the world. As g direct consequence, a proportionally
smaller rural poputlation must sustain a much larger urban population. In order for such a change to be
possibie, it is necessary 10 increase the efficiency of the agriculturat sector. To that end, systems are
required that are capable of autonomous orchard surveiffance, including mapping, classification and
detection.

{0003] One key problem to any autonomous robotic system is a localisation problem of how a robot
determines its position. One commion approach in outdoors environments is {o use Differential GPS
{DGPS). In orchards however, this approach is generaily only suitable for larger and taller robois, as the
dense vegetation can attenuate the DGPS signal of smaller and shorter robots. In order to enable

autonomous focalisation for smaller robots, it is preferably to use a GPS independent localisation system.

f0004] The present invention aims © overcome, or at least alleviate, some or all of the afore-mentioned
problems,

{0005] Further objects and advantages of the invention will be brought out in the following portions of the
specification, wherain the detailed description is for the purpose of fully disclosing the preferred
smbodiment of the invention without placing fimitations therson.

f0006] The background discussion {(including any potential prior art) is not to be taken as an admission
of the common general knowledge in the artin any country. Any references discussed state the
assertions of the author of those references and not the assertions of the applicant of this application. As
such, the applicant reserves the right fo challenge the accuracy and relevance of the references

discussed.

Summary

[0007] Disclosed are arrangements which sesk to address the above problems by determining & location
refative to the position of one or more natural slements within an environment, or determining a set of
characteristics associated with the natural elements in the environment for determining a location relative
to thelr position.
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28]

{0008] According to a first or second aspect of the present disclosure, there is provided a method or
system of determining a location relative 1o the position of one or more natural slements within an
environment, the method comprising the steps of: measuning a set of charaoteristics associated with the
natural elements, wherein the set of characteristics comprises at least one characteristic associated with
the natural elements; creating 3 plurality of discrete data sets from the measured set of characteristics;
associating the disorete data sets with individual natural elements; sequencing datg within the discrete
data sets to create a current data sequence; and determining a location relative to the position of one or
more natural elements within the environment based on a comparison of the curent data sequence with
a stored data sequence.

{0008] The system may include a data caplure module, 3 segmentation module, 8 sequencing module, a
characterisation module and a localisation module adapted to perform the method.

{0010] The stored data sequence may be based on a previous characteristic data set crealed by
measuring a second set of characteristics associated with the natural slements, the method further
comprising the steps of associating data within the previous characteristic data set with the specific
individual natural elements; and sequencing the associated data within the previous characteristic data

set.

f0011] Data within the discrete data sels being associated with individual natural elements may be data
associated with a first characteristic within the first set of characteristics. The data being sequenced o
create the current data sequence may be data associated with a second characternstic within the first st
of characteristics, and the first characteristic and second characteristic may be different.

[0012] Data within the discrete data sets being associgted with individual natural elements may be data
associated with a first characteristic within the first set of characteristics. The data being sequenced to
create the current data sequence may be data associated with a second characteristic within the first set
of characteristics, and the first chargeleristic and second characteristic may be the same characteristic.

{0013] The step of associating the distrete data sets with individual natural elemenis may segment the
characteristic data sel into discrate portions, and associate each discrete portion with one of the individual
natural elements.

{00141 The step of segmenting the characteristic data set info discrete portions may segment the
chargcieristic data set using a Hidden Semi-Markov Model.

{0015] The step of segmenting the characteristic data sst into discrete portions miay take discrete

measurements of the first set of characterisiics at predefined intervals.
[0018] The predefined intervals may be time intervals or distance intervals.

{0017] The step of sequencing data within the discrele data sefs to create a current data sequence may

group the discrete data sets into a defined sequence length.
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i0018] The step of sequencing data within the discrete data sels may obtain a plurality of descriptor
valuss, wherein sach desgriptor vatie is based on a plurality of single data points or a single data point,
where each single data point is selected from one of a plurality of discrete data sets that are assogiated

with one individual natural element, and position the obiained descriptor values in a defined segquence.

{0019] The descriptor value may be calculated front the single data points by selesting one of the single
data points or calculating 2 new value based on the single data points.

{0020] The step of sequencing data within the discrete data sets may obtain a plurality of descriptor
valuss, wherein gach descriptor value is based on a plurality of data points, where each data point in the
pluratity of data poinis is selected from one of a plurality of discrete data sets that are associated with one
individual natural element, and position the obtained descriptor values in a defined sequence.

{0021] The step of determining a location may use particle filters on the current data sequence,
f0022] The step of delermining a location may use a HMM algorithm.

f0023] The HMM algorithm may use a Viterbi algorithm, Forwards algorithm or Forwards-Backwards

algorithm.

{0024] The set of characteristics may be one or more of height, volume, density, colour, and temperature
characteristics of natural elements in the environmerit,

[0025] Further measuremants may be performed before, during or after determining a focation, and
those further measurements may be associated with a natural element based on the determinad location.

{0028] A potential error may be determined hased on the comparison of the current data sequence and
stored data sequence. The polential error may be created from discrete data sets not being associated
with the correct individual natural element.

{0027] Agcording to a third or fourth aspect of the present disclosure, there is provided a method or
system of determining a set of characteristics associated with natural elements in an environment for
determining a location relative to the position of one or more natural elemenis within the environment.
The method or system may measure a set of characteristics associaled with the natural elements. The
set of characteristics may have at least one charactenstic associated with the natural elements. A
plurality of discrete data sets may be created from the measured set of characteristics. The discrete dala
sets may be associated with individual natural elements. The data within the discrete data sets may be
seqguanced fo creale a data sequence. The data sequence may be stored in a manner suitable for
determining a location within the environment.

10028] Data within the discrete data sets being associated with individual natural elemants may be data
associated with a first characteristic within the first set of characteristics. The data being sequenced {0
create the current data sequence may be data associgted with a second charagteristic within the first set
of characteristics. The first characteristic and second characteristic may be different,
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{0029] Dals within the giscrele data sets being associated with individual natural elements may be dala
associated with g first characteristic within the first set of characteristics. The data being sequenced (o
create the current data sequence may be data assoviated with a second characteristic within the first set

of characleristics. The first charactenstic and second characteristic may be the same characteristic.

{0030] The step of associating the discrate data sels with individual natural elements may segment the
characteristic data set into discrete portions, and associate sach discrete portion with one of the individual
natural elements.

f0031] The step of segmenting the characteristic data set into discrete portions may segment the
characteristic data set using a Hidden Semi-Markov Model.

{0032] The step of segmenting the characteristic data set info discrete portions may take discrele
measurementis of the first set of characteristics af predefined intervals. The predefined intervals may be

fime intervals or distance intervais,

f0033] The step of sequencing data within the discrete data sets to create a current dala sequence may

group the discrete dala sets into a defined sequence length.

[0034] The step of sequencing data within the discrete data sets may obtain a pluratity of descriptor
values. Each descriptor value may be based on a plurality of single data points, or a single data point.
Each single data point may be selected from one of a phurality of discrete data sets that are associated
with ong individual natural element. The obtained descriptor values may be positioned in g defined
sequence.

{0035] The descriptor valug may be calculated from the single data points by selecting one of the single
data poinis or calcitating a new value based on the single data points.

{0038] The step of sequencing data within the discrete data sets may obtain a plurality of descriptor
valugs, Each descriptor value may be based on a pluraiity of data points. Each data point in the plurality
of data points may be selected from one of a plurality of discrete data sets that are associated with one

individual natural slement. The obtained descriptor valuss may be positioned in g defined sequence.

f0037] Atlocation value may be determined based on a GPS signal. The location valug may be stored
with the current data sequence.

{0038] The systam may include a daia capture module, a segmentation module, a sequencing moduls, a

characterisation module and a jocalisation module adapted to perform the method.

Brief Description of the Drawings
{0038] At least one embodiment of the present invention will now be described with reference to the
drawings and appendices, in which:
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{0040] Fig. 1A shows a schematic block diagram of a localisation system according to the present

disclostre;

{0041] Figs. 1B and 1C form a schematic block diagram of a general purpose computer system upan
which arrangements described can be practiced;

{0042] Fig. 2 shows a represantation of a point cloud according fo the present disclosure;

{0043] Fig. 3 shows a representation of height, density and volume values in data slices according to the
present disclosure;

f0044] Fig. 4 shows a representation of height data values in data slices according to the present

disclosure;

f0045] Fig. 5 shows a further representation of height data values in data slices according to the present

disclosure;

{0048] Fig. 6 shows an image of equipment used o collect data in an orchard according to the present

disclosura;
[0047] Fig. 7 shows a 3D point cloud according to the present disclosure;

{0048] Fig. 8 shows a state transition diagram of a Hidden Markov Model used in a method and system
according to the present disclosure;

f0049] Fig. 8 shows a comparison of the implicit duration distribution of @ HMM with the explicit duration
distribution of a HSMM.

{0050] Fig. 10 shows a state transition diagram of a model of an archard according to the present
disclosure:;

0051] Figs. 11A and 11B show megsured height data points over distance for orchard rows over 30

meters, and 80 meters {o 160 meters according to the present disclosure;

[0052] Figs. 12A and 128 show measured densily data points over distance for orchard rows over 80
meters, and 80 meters fo 160 meters according {o the present disclosure;

f0053] Figs. 134 and 138 show measured volume data points over distance Tor orchard rows over 80
meters, and 80 meters 0 180 meters according to the present disclosure;

10054] Fig. 14 shows measured volume differences aver distance for an orchard row over 80 meters
according 1o the present disclosure;

f0055] Fig. 15 shows measured difference of moving averages for an orchard row over 80 meters
aceording to the present disclosure;
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{D058] Fig. 18A and 18B show hand-funed observation and border dislributions according to the present

disclostre;
f0057] Fig. 17 shows a state duration distribution for a tree and gap according to the present disclosure;
{0058]) Fig. 18 shows a state duration distribution for a border according 1o the present disclosure;

{0059] Figs. 19A, 198 and 19C show histograms of volume measurements given the state of a free, gap
or border according to the present disclpsure;

{0080] Fig. 20 shows learnt observation distributions according to the presant disclosure;
i0081] Fig. 21 shows a histogram of the duration for g iree siate according to the present disclosure:

{0062] Fig. 22A shows a data point image before pre-processing for ground removal accarding 1o the

present disclosure;

[0063] Fig. 22B shows a data point image after pre-processing for ground rermoval according ta the
present discloswre;

{00684] Fig. 23 shows a comparison of volume measurements before and after remaving the ground
according to the present disclosure;

{0085] Fig. 24 shows hand tuned observation distributions according to the present disclosurs;
{0066] Fig. 25 shows a stats transition diagram according to the present disclosure;

{0087] Figs. 26A and 26B show hand funed observation distributions according o the present

disclosure;
{0068]) Fig. 27 shows an image depicting a section of large trees according o the present disclosure;

{00689] Fig. 28 shows an image depicting & section with two small trees surrounded by large trees
according to the present disclosure;

10070] Fig. 28 shows an image depicling a section of a medium sized free surrounded by large frees
according to the present disclosure;

{0071] Fig. 30 shows an exiract of the resulting segmentation using an ordinary Hidden Markoyv Moded
agcording to the present discloswre;

f0072] Fig. 31 shows an exiract of volume measurements and state changes using an ordinary Hidden

Markov Model according to the present disclosure;

[0073] Fig. 32 shows an extract of the resulting segmentation using 3 state Hidden Markov Model
according to the present disclosure;
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{0074] Fig. 33 shows an extract of the resulling segmentation when the gap betweentrees is labelled a5

gart of the tress according {o the present disclosure;

{0075) Fig. 34 shows a segmentation failure when the 4 state model is used with learnt volume and
height ohservation distributions according to the present disclosure;

{0078] Fig. 35 shows an overview of the resulting segmentation using a 4 state model according to the
present discloswrs;

{0077] Fig. 36 shows an overview of the resulting segmentation using a 4 state mode! according to the
present disclosure;

f0078] Fig. 37 shows two medium sized trees segmenied using the 4 state model according io the

present disclosure;

f0G79] Fig. 38 shows two small trees segmented using the 4 state model according 1o the prasent

disclosure;

{0080] Fig. 39 shows an empty portion before entering the row segmented using the 4 state model

acconding to the present disclosure;

{0081] Fig. 40 shows a medium sized tree being labelled as g amall tree according to the present
disclosure;

{0082] Fig. 41 shows one of three border errors when segmenting the longer dataset using leamt
volume distributions

{0083] Fig. 42 shows an excerpt of a data set collected by a robot moving in a sinusoidal motion

according to the present disclosure;

{0084] Fig. 43 shows estimated volumes of tress with robot moving in 2 steaight line gecording to the
present disclosure;

{0085] Fig. 44 shows volume values calculated according to the present disclosure;

{0088] Fig. 45 shows height valuss calcutated according (o the present disclosure;

{0087] Fig. 46 shows volume signature values caloulated according to the present disclosure,
{0088] Fig. 47 shows height signature vailues calculated according 1o the present disclosure;
0089] Fig. 48 shows a descriptor difference distribution according 1o the present disclosure;

{0080] Fig. 49 shows a descriplor difference distribution according (o the present disclosure;

[0081] Fig. 50 shows a cumulative observation distribution function according 1o the present disclosure;
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[D0e3] Fig.

[0094] Fig.

Fig.

PCT/AU2014/000829

51 shows a histogram of tree differences according to the present disclosure;

52 shows g histogram of tree duralion differences according (o the present disclosure;

53 shows a histogram of differences betwesn real maasurements of the same treg according

to the present disclosure;

{0085] Fig.

54 shows a histogram of differences between simulated measurements of the same iree

according to the present disclosure;

{0098] Fig
disclosure;

j0087] Fig.

disclosure;

[0098] Fig.

disclosura;

[0099] Fig.

disclosure;

001001 Fig.

disclosure;

{00101] Fig.

disclosure;

[00102] Fig.

disclosure;

100103] Fig.

disclosure;

100104] Fig.

disclosure;

{00105] Fig.

disclosure;

{00108] Fig.

disclosure;

100107] Fig.

disclosure;

55 shows a ratio of correct matches and segmentation errors according o the present

56 shows a ratio of correct matches and segmentation errors according o the present

57 shows g ratio of correct matches and segmentation atrors according to the present

58 shows a ratio of correct matches and segmentation ssrors according to the present

59 shows a ratio of correct matches and segmentation errors according to the present

&0 shows a ratio of correct matches and segmentation errors according to the present

81 shows g ratio of correct matches and segmentation errors according to the present

62 shows a ratio of correct matches and segmentation errors according to the present

83 shows a ratio of corvect matches and segmentation arrors according to the prasent

64 shows a ratic of cotrect matches and segmentation errors according to the present

85 shows a ratio of correct matches and segmeniation errors according to the present

66 shows a ratio of correct matches and segmentation errors according to the present
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{00108] Fig. 67 shows g self-similarity distibution of a volume deseriptor in the form of g histogram of

differences between measurements of the same tree according to the present disclosure;

{00109] Fig. 68 shows a self-similarity distribution of a height descriptor in the form a histogram of
differences between measuremeants of the same treg according to the present disclosure;

{00110] Fig. 89 shows a seli-similarity distribution of a volume signature descriptor in the form a
histogram of differences between measurements of the same tree according to the present disclosure;

{00111] Fig. 70 shows a self-similarity distribution of a height signature descriptor in the form a histogram
of differences between measurements of the same tree according o the present disclosure;

f00112] Fig. 71 shows a similarity distribution to other trees for a volume descriptor in the form of a

histogram of differences belween measuremants of different tress according to the present disclosure;

f00113] Fig. 72 shows a sirnilarity distribution to other trees for a height descriptor in the form of a

histogram of differences belween measurements of different trees according to the present disclosure;

{00114] Fig. 73 shows a similarity distnbution to other trees for a volume signature descriptor in the form
of a histogram of differences between measurements of different trees according to the present
disclosure;

{00115] Fig. 74 shows a similarity distribution to other frees fora height signature descriptor in the form of
a histogram of differences between measurements of different trees gecording to the prasent disclosure;

Description of Embodiments
{00116] Embodiments of the present invention are described herein with reference 1o a system adapted
or arranged to perform the methods described.

{00117] Autonomous location msthods and systems are descriped herein,

{00118] A first task examings how to segment a 30 point cloud of an orchard, collected by a 20 Laser
Scanner, into trees; allowing a surveying robot to designate astimated attributes such as health and vield
to individual trees,

[00118] A second task examings how the geometric characteristios of the mdividual trees can be
dascribed in order to enable localisation.

f00120] A third task presents a robust localisation method, based on the previously introduged
segmentation and characterisation methods. Finally, a method and system for detecting segmentation
errars when performing locslisation is described, allowing erroneous atfribute estimates o be discarded.

[00121] The presented evaluation is based on 3D point dala created from DGPS focation astimateas of the
robat’'s position. Similar results can also be obtained by using odometry data from the robot or any other
suitable method.
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100122] Aliernativaly, analysis for orchards where trees are in a trellis orwall ke shiuclure is also
envisaged. In this example, characieristic measurements can be taken such as “linearity” of 3D points,
which corresponds to trunks of the treas, and colour characteristics obtained from cameras, as desoribed
harein. Thatis, where the caplured dalta points are arranged in g lingar manner, the system may interpret

this as representing a trunk like structure.

{00128] It is acknowledged that the terms “comprise”, "comprises” and "comprising” may, under varying
jurisdictions, be attributed with either an exclusive or an inclusive meaning. For the purposse of this
spacification, and unless otherwise noled, these terms are intended to have an inclusive meaning - i.e.
thay will be taken o mean an inciusion of the listed components that the use directly references, hut
optionally also the inciusion of other non-specified componenis or elements. 1t will be understood that
this intended meaning also similarly applies {o the terms mentioned when used to define stepsin a
method Or process,

f00124] It will be understoed that, when describing various integers, such as modules, components,
elements sic., any integer may be constituted by a single integer or muitiple integers.

{00125] It will be undersiood that the embodiments of the present invention described herein are by way
of example only, and that various changes and modifications may be made without departing from the

scope of invention.

100128] In summary, the system may include at least a processor, one ar more memaory devices or an
inferface for connection t© one or more memory devices, input and ouiput interfaces for connection {0
external devices or sensors in order to enabie the system to receive and operate upon instructions from
one or more users or external systems, a data bus for infernal and external communications between the
various components, and a suitable power supply. Further, the system may include one or more
communication devices {wired or wireless) for communicating with external and internal devices, and one

or more inputfoutput devices, such as a display, pointing device, keyboard or printing device.

{00127] The processor or various modules described are arranged 1o perform the steps of a program
stored as program instructions within & memory device. The program instructions enable the various
methods of performing the invention as described herein to be performed. The program instructions may
be developed or implemented using any suitable soitware programming language and foolkit, such as, for
axample, a C-based language. Further, the program instructions may be stored in any suitable manner
such that they can be transferred to the memory device or read by the processor or modules, such as, for
example, being stored on a computer readable medium. The computer readable medium may be any
suitable medium, such as, for example, solid state memory, magnetic tape, a compact disc (CO-ROM or
CD-RW), memory card, flash memory, optical disc, magnetic disa or any other suitable computer
readable medium.

100128] | will be undersiood that the system herein described includes one or more elements or modules
that are arranged to perform the various functions and methods. The following portion of the description
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is aimed at providing the reader with an examiple of a conceptual view of how various modules andfor
engines that make up the elements of the system may be interconnected to enable the functions {o be
implemented. Further, the following portion of the description explains in system related Jdetail how the
steps of the herein described method may be performed. The conceptual diagrams are provided ©
indicate to the reader how the various data elements are processed at different stages by the various

different modules and/or engines.

{00129] It will be understaod that the modules andfor engines described may be implemented and
provided with instructions using any suitable form of fechnology. For example, the modules or engines
may be implemented or created using any suitable software code writlen in any sultable language, where
the code is then compiled to produce an executable program that may be run on any suitable computing
system. Ailtematively, or in conjunction with the executable program, the madules or engings may be
implemented using any suitable mixture of hardware, firmware and software. For exampie, portions of
the modules may be implemented using an application specific integrated circuit (ASIC), a system-on-a-
chip (8o}, field programmable gate arrays (FPGA) or any other suitable adaptable or programimable

processing device.

{00130] According to this embodiment, data is captured in a natural environment by a robotic system.
However, it will be understood that as an alternative, embodiments may use a self-contained non-mobile
system that is designed to be attached to any existing vehicle, such as a tractor or quad bike for example.

Further, as ancther alternative, the data capture system could be moved or towed by hand.

{00131] As shown in figure 1A, the System includes a data capture module 101, a characternisation
madule 103, a segmentation module 105, g sequencing module 107, a localisation module 108, and a
eonirol madule 111 adapted to control the operation of the characienisation module, segmentation
module, seguencing module and bocalisstion module. The systen also includes a data store 113,
database or data storage module arranged to store data and enable daia to be retrieved therefrom.
Further, any of the modules may imclude thelr own local data storage facility 10 enable data to be stored
and retrieved locatlly.

{00132] Muttipte sensors 115 are also part of the system and may include one or more of a 1aser scanning
and detection system, a GPS device, an odometry device, a colour or thermal camera device or any other
sensing device that may be used to detect characteristics of natural slements.

{00133] Further, other sensing devices may be used such as a soil measurement device, alr quality
measurement device, water quality measurement device or other suitable measurement device for

measuring characteristics of the environment around the natural elements in the environment.

[00134] In general terms, the data capture module is suitable for and may be specifically adapted for
capturing data associated with features of natural elements, as well as related functions. The
characterisation module is suitahle for and may be specifically adapted for retrieving data captured by the
data caplure module from sensors to determine charactevisiics associated with the natural elements, as
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well as related functions. The segmentation module is suitable for and may be specifically adapted for
creating discrete data sefs and organising the data into segmenits that correspond with individuai natural
glements, as well as related functions. The seguencing module is suitable for and may be specifically
adapted for sequencing the data, as well as related functions. The logalisation module is suitable for and
may be specifically adapted for determining a location, as well as related functions. The control module is
suitable for and may be specifically adapted for controlling each of the modules and also for ganerating
an output.

{00135] It will be understood that the arrangement and construction of the modules or engines may be
adapted accordingly depending on system and user requirements so that various functions may be
performed by different modules or engings to those described herein, and that certain modules o engines
may be combined into single modules or engings or the functions of the herein described modules or
engines may be separated out into different modules or engines.

{00136] Figs. 1B and 1C depict a general-purpose computer system 1300, upon which the various
arrangements described can be practiced.

f00137] As seen in Fig. 1B, the computer systern 1300 includes: a computer module 1301; input devices
such as a keyboard 1302, a mouse pointer device 1303, a scanner 1326, a camera 1327, and a
microphone 1380; and output devices including a printer 1315, a display device 1314 and

foudspeakers 1317. An external Modulator-Demoduiator (Modem) transceiver device 1316 may be used
by the computer modute 1301 for communicating {0 and from a commumications network 1320 via a
conneactian 1321, The communications network 1320 may be a wide-area network {(WAN), suchas the
Interneat, a celiular telecommunications network, or a private WAN. Where the connection 1321 is a
telephone ling, the modem 1316 may be a traditional “dial-up” modem. Alternatively, wherg the
conneactian 1321 is 2 high capacity {e.¢., cable) connection, the modem 1318 may be a broadband
modem. Awireless modem may also be used for wireless connection to the communications

network 1320,

{00138] The computer module 1301 typically includes at feast one processor unit 1305, and a memory
unit 1306, For example, the memaory unit 1308 may have semiconductor random access memaory (RAM)
and semiconductor read only memory (ROM). The computer module 1301 also includes an number of
input/output (VQ) interfaces including: an audio-video interface 1307 that couples to the video

display 1314, loudspeakers 1317 and microphone 1380; an O interface 1313 that couplas to the
kevboard 1302, mouse 1303, scanner 1328, camera 13237 and optionally a joystick or other human
interface device (not Mlustrated), and an interface 1308 for the external modem 1316 and printer 1315, as
well as sensars as described herein. In somes implementations, the modem 1316 may be incorporated
within the computer module 1301, for example within the interface 1308, The computer module 1301
alsp has a local network intetface 1311, which permits coupling of the computer system 1380 via a
connaction 1323 to a local-area communications network 1322, known as a Local Area Netwark (LAN).
Ag illustrated in Fig. 18, the local communications network 1322 may also couple to the wide

network 1320 via a connection 1324, which would typically include a so-called "firewall” device or device
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of simitar functionality. The local nefwork inferface 1311 may comprise an Ethemet circuilt card, 8
Bluetooth® wireless arrangement or an |EEE 802.11 wireless arrangement; however, numerous other

types of interfaces may be practiced for the interface 1311,

{00139] The VD interfaces 1308 and 1313 may afford sither or both of serial and parallsl connectivity, the
former typically being implermeanted according to the Universal Serial Bus (USB) standards and having
corresponding USB connectors (not lustrated). Storags devices 1308 are provided and typicaily include
a harg disk drive (HDD) 1310, Other storage devices such as a floppy disk drive and a magnetic tape
drive (not llustrated) may also be used. An optical disk drive 1312 is typically provided 10 act as a non-
volatile source of data. Portsble memary devices, such optical disks {e.g., CD-ROM, DVD, Blu-ray
Discm), USB-RAM, portable, external hard drives, and floppy disks, for example, may be used as
appropriate sources of datg to the system 1300.

[00140] The componenis 1305 to 1313 of the computer module 1301 typically communicate via an
interconnected bus 1304 and in a manner that results in a conventional mode of operation of the
computer system 1300 known 1o those in the relevant art. For exaniple, the processor 1305 is coupled to
the system bus 1304 using a connection 1318. Likewise, the memory 1306 and optical disk drive 1312
are coupled to the system bus 1304 by cormections 1318, Examples of computers on which the
described arrangements can be practised include IBM-PC's and compatibles, Sun Sparcstations, Apple

Mac'™ or a like computer systems.

{00141] Various methods as described herein may be implementad using the computer systerm 1300
wherain the processes to be described, may be implemeanted as one or more software application
programs 1333 executable within the computer system 1300 as modules. In particular, the steps of the
method of determining a location relative o the position of one or more natural slements within the
environmaeant or the method of determining a set of characteristics associated with natural slements in an
environmaeant for determining a ocation relative to the position of one or more natural elements within the
environmeant may be effected by instructions 1331 (see Fig. 1Q) in the software 1333 that are canied out
within the computer systent 1300. The software instructions 1331 miay be formed as one or more code
madules, each for performing one or more particular tasks. The software may also be divided inta two
separate parts, in which a first part and the corresponding code modules performs the herein described
methods and a second part and the corresponding code modules manage a userinterface between the
first part and the ussr,

{00142] The software may be stored in a computer readable medium, including the storage devices
described below, for example. The software is loaded into the computer system 1300 from the computer
readable medium, and then execuied by the computer system 1300. A computer readable medium
having such software or computer program recorded an the computer readable medium is a computer
program product. The use of the computer program product in the computer system 1300 preferably
effects an advantageous apparatus for determining a location relative to the position of one or mors
natural elements within the environment or an apparatus for determining a set of characteristics
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associated with natural elements in an environment for determining a location relative to the position of

one or more natural elements within the environment.

{001438] The software 1333 is typically stored in the HDB 1310 or the memory 1308, The sofiware is
loaded into the somputer systemt 1300 froms a computer readable medium, and executed by the computer
systerm 1300, Thus, for example, the software 1333 may be stored on an optically readable disk storage
medium {e.g., CD-ROM) 1325 that is read by the opticat disk drive 1312. A computer readable medium
having such software ar computer program recorded an i is a computer program product. The use of the
computer program product in the computer system 1300 preferably effects an apparatys for defermining a
iocation relative 1o the position of one or more natural elements within the environment or an apparatus
for determining a set of characteristics associated with natural elements in an environment for
determining a location relative to the position of ane or more natural elemeants within the environment.

f00144] In some instances, the application programs 1333 may be supplied to the user encoded on one
or more CD-ROMs 1325 and read via the corresponding drive 1312, or alternatively imay be read by the
user from the networks 1320 or 1322. Sl further, the software can also be loaded into the computer
system 1300 from other computer readable media. Computer readable storage media refers to any non-
transitory tangible storage medium that provides recorded instructions and/or data to the computer
system 1300 for execution andfor processing. Examples of such storage media include floppy disks,
magnetic tape, CD-ROM, DVD, Blu-ray'™ Disc, a hard disk drive, a ROM or integrated circuit, USB
memory, a magneto-optical disk, or & computer readable card such as a PCMCIA card and the like,
whether or not such devices are internal or extemal of the computer module 1301, Examples of transitory
or non-tangible computer readable transmission media that may also participate in the provision of
software, application programs, instructions and/or data 1o the computer module 1301 include radio or
nfra-red transmission channels as well as 8 network connection to ancther computer or nefworked
device, and the Internet or Intranets including e-mail transmissions and information recorded on Websites
and the like.

{00145] The second part of the application programs 1333 and the corresponding code modules
mentioned above may be executed o implement one or mere graphical user interfaces (Gllis) to be
rendered or otherwise represenied upon the display 1314. Through manipulation of typically the
keyboarg 1302 and the mouse 1303, a user of the computer system 1300 and the application may
manipulats the interface in a functionally adaptalie manner to provide controlling commands andfor iput
to the applications assaciated with the GUIs). Other forms of functionally adapiable user interfaces may
also be implemented, such as an audio interface utilizing speech prompts cutpul via the

foudspeakers 1317 and user volca commands input vig the microphone 1380

{001486] Fig. 1C is a detailed schamatic block diagram of the processor 1305 and a “memory” 1334, The
memory 1334 reprasents a logical aggregation of all the memory modules {including the HDD 1308 and
semiconductor memory 1306) that can be accessed by the computer module 1301 in Fig. 1B.
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100147] When the computer moddde 1301 is inifially powered up, & power-on selftest (POST)

program 1350 executes. The POST program 1350 is typically stored in a ROM 1349 of the
sericonductor memory 13086 of Fig. 18. A hardware device such as the ROM 1348 storing software is
somstimes referred fo as firmware. The POST program 1350 examines hardware within the computer
module 1301 to ensure proper functioning and typically checks the processor 13085, the memory 1334
{1309, 1308}, and a basic input-output systems software (BIOS) madule 13581, also typically stored in the
ROM 1348, for correct operation. Once the POST program 13580 bas run sucoessfully, the BIOS 1351
activates the hard disk drive 1310 of Fig. 1B. Activation of the hard disk drive 1310 causes a bootstrap
ivader program 1352 that is resident on the hard disk drive 1310 o execule via the processor 1305, This
ivads an operating system 1353 into the RAM memory 1308, upon which the operating system 13583
commences operation. The aperating systen 1353 is a system level application, exetutable by the
processor 1305, to fullil various high level functions, including processor management, memory
managament, device management, storage management, software application interface, and genstic
user interface.

i00148] The operating systam 1353 manages the memory 1334 {1309, 13086} to ensure that each process
or application running on the computer module 1301 has sufficient memory in which to execute without
colliding with memory allocated {o another process. Furthermore, the different types of memory available
in the system 1300 of Fig. 1B must be used properly so that each process can run effectively.
Accordingly, the aggregaled memuory 1334 is not intended to illustrate how particular segments of
mernory are allocated {unless otherwise stated), but rather o provide a general view of the memory

accessible by the computer system 1300 and how such is used.

{00148] As shown in Fig. 1C, the processor 1305 includes a number of functicnal modules including a
controf unit 1339, an arnthmetic fogic unit (ALU} 1340, and a local or internal memory 1348, sometimes
called g cache meamory. The cache memory 1348 typically includes a number of storage registers 1344 -
1346 in g register section. One or more intemal busses 1341 functionally interconnedt these functiorsal
modules. The processor 1305 typically also has one or more interfaces 1342 for communicating with
external devices via the system bus 1304, using a connection 1318, The memory 1334 is coupled o the
bus 1304 using & connection 1318,

{00150] The agpplication program 1333 includes a seguence of instructions 1331 that may include
conditional branch and [oop instructions. The program 1333 may also include data 1332 which is used in
execution of the program 1333, The instructions 1331 and the data 1332 are stored in memory

focations 1328, 1328, 1330 and 1335, 13386, 1337, respectively. Depending upon the relative size of the
instructions 1331 and the memory iocations 1328-1330, a particular instruction may be stored in a single
memory location as depicted by the instruction shown i the memory location 1330, Alternately, an
instruction may be segmented into a number of parts each of which is stored in 3 separate memary

focation, as depicted by the instruction segments shown in the memory locations 1328 and 1328,

{00151] In general, the processor 1305 is given a set of instructions which are executed therein. The
processor 1105 waits for a subsequent input, to which the procassor 1305 reacts to by executing another
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set of instructions. Each input may be provided from one or more of a number of sources, including data
generated by one or morg of the input devices 1302, 1303, data received from an external source across
one of the networks 1320, 1302, data retrievad from one of the storage devices 1306, 1308 or data
retrisved from a storage mediom 1325 inserted into the corresponding reader 1312, all depicted in

Fig. 1B. The exscution of & set of the nstrucHons may in some cases result in cutput of data. Execution

may also involve storing data or variables to the memory 1334,

{00152] The disclosed localisation arrangsments use input variables 1354, which are stored in the
memaory 1334 in corresponding memory locations 1355, 1386, 1357, The localisation arrangements
produce cutput variables 13681, which are stored in the memory 1334 in corresponding memaory
iocations 1382, 1363, 1364, Intermediaie variables 1358 may be stored in memory

focations 1359, 1380, 13686 and 1367.

{00153] Referring to the processor 1305 of Fig. 1€, the registers 1344, 13485, 13486, the arithmetic logic
unit (ALUY 1340, and the conirol unit 1338 work together (o perform sequences of micro-operations
needed to perform etch, decode, and exacute” cycles for every instruction in the instruction set making

up the program 1333, Each fetch, decode, and execute cycle comprises:

{00154] a fetch operation, which feiches or reads an instruction 1331 from a memaory
location 1328, 1328, 1330;

{00155] a decode operation in which the controf unit 1338 determines which instruction has been fetched;

and
100156] an execute operation in which the conirol unit 1339 and/or the ALU 1340 execute the instruction.

{00157] Thereafter, a further felch, decode, and exgcute cycle for the next instruction may be execuled.
Simitarly, a store cyele may be performed by which the confrol unit 13398 stores orwrites a value lo a
memaory location 1332,

{00158] Each step or sub-process in the processes as described herein is associated with one or more
segments of the program 1333 and is performed by the register section 1344, 1345, 1347, the ALU 13408,
and the control unit 1338 in the processor 1305 working fogether to perform the fetch, decode, and

exsoute oycles for every instruction in the instruction set for the noted segments of the program 1333,

{00159] The maethods of localisation and characteristics determination may alternatively be implemented
in dedicated hardware such as one or more integrated circuits performing the functions or sub functions
of the modules as described. Such dedicated hardware may include graphic processors, digital signal
Processars, of One of more microprocessors and associated mamories.

100160

100181] The following describes a method and associated system for determining a location relative {o the
position of one or more natural elemenis within an environment. The natural elements may be, for
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example, a tree, bush, plant elc. The natural elements may be arranged individually and/or separately in
the natural environment, or may be arranged such that they combing {o form a irellis or hedge like
structure. The natural environment may be g farm, orchard, field, nursery or other type of natural

environment in which natural elements are grown, nurtured, farmed ete.

{00182] In order to perfoim incalisation, an initial data set may be captured 1o provide a benchmark
against which a current data set can be compared. Bootstrapping may provide a spegific reference point
so the data can be associatad with one or more geo-referenced points, fof example, within the natural
environment.

{D0163] A current data set may be captured using the same reference point(s) as that used during the
capture of the initiaf data set. The current data set may be compared to the initial data set to find a
match, which enables a location 1o be determined based on the reference point.

[00184] When capturing the initial data set and the current data sei, the following three steps may be
performed.

Step 1 - Data Capture

f00165] Feature data of natural elements in an environment is captured by the data capture module at
discrete intervals and transformed into disorete datg sets [.g. a shice of data]. This data is stored inthe
database. For example, the feature data may include characteristics such as height, volume or density
measurements (or any combination thereof). Other features or characteristics may also be gaptured,

such as eolour and thermal imaging for exampie.

Step 2 - Segmentation

{00168] The feature or characteristic data within the discrele data sals is analysed {0 segment the
discrele data sets. This segmentation step is performed by the segmentation module and identifies which
of the discreta data sels are associated with one or more natural elemeants in the environment and which
of the discrete data sets are associated with gaps or boundaries within the environment.

{00167] The segmentation of the discrete data sels requires the analysis of the feature data within gach of
the discrete data sets o identify whether the feature data relates to a natural element. An example of a
suitable method for performing segmentation is based on the Hidden Semi-Markov Model (HSMM),
Feature data determined from individual disorete datfa sets may be placed info the HEMM model to
perform segmentation. Oplionally, the feature data could be hand tuned to reduce errors. As a further
opiion, a state duration distribution (such as a Gaussian distribution) could be applied to the HSMM
model in order to define the expected spatial distances within the natural environment.

{00188] After sagmentation has been performed, ong or more discrate data sets may be associated with

a particular natural element.

Step 3 - Characterisation
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{00189] Each natural element is then characterised by the characterisation module using the feature data
within the segmented discrete data sefs. The characterisation could be by way of a basic descripior or a

more complax signature descriptor.

{00170] A basic descriptor uses a single value {data point} asscociated with a pasticular feature of the
natural element.

{00171] For example, a height value for naturatl element n may be determined fron one or more discrete
data sets that have been associated with 1 via the segmentation process. The maximum height value in
each of three discrete data sets associated with a specific tree may be averaged to provide an indicative
height value for that tree. Other methods may be used o detarmine the indicative height value.

{00172] A signature descriptor uses multiple vaiues within a plurality of discrele data seis that are
associated with a specific natural element.  For example, a height signature for a natural element m may
be determined from multiple discrete data sets that have been associated with m via the segmeniation
process. The height signature may consist of the maximum height value taken from each of the
assoctated discrete data sets for m. This may result in a signature descriptor consisting of a series of
numbers associated with a particular natural feature of the natural element, where the series of numbers

are taken from a plurality of discrete data sets associated with that natural element.

{00173] The natural feature being measured for the purposes of characterisation may be the sameor

different to the natural feature being meastured for the purposes of segmentation.

Localisation

[00174] After characterising the segmented captured data, localisation may be performed by the
tocglisation module, Localisation may include one or more of the following tasks. Determining that the
current data set being captured is assaciated with @ data set that was caplured prior to the current data
set, Determining that a current discrete data set being caplured is associated with g discrate data set that
was captured prior {o the current discrefe data set. Determining that equipment being used o capture the
current data setis located at g pre-defined location based on earlier captured data. Determining that a
data sel {(whether the whole daia set, a part or portion of the whole dala set, or a discrele data set within
the data seb) within & stored medium matches a further data sel (whether the whole further data set, 3
gart or portion of the whole further data sel, or a discrete data set within the further data set) within the
same or different stored medium, where the data sel and further data set were gapiured in the same
environment at different fimes. In each of these localisation tasks, a non geo-reference or a geo-

reference may be provided as a location reference point.

{00175] Localisation is performead by finding an associatipn between two sets of data, e.g. by finding a
match between a first sequence of basic descriptors in a first data set (or first distinct data set) apd a
second sequence of basic deseriptors in a second data set (or second distinet data set). The sequencing
module groups the data sets into a defined sequence length. Alternatively, as g further example, a match
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may be found between a first sequence of signature descriptors in a first data set (or first distinct data set)

and a second sequence of signature descriptors in a second data set {or second distinct dala set).

{00176] One example msthod for matching signaturs descriptors is the use of a Hidden Markov Model
{HMM). Other sequence matching methods are also envisaged, such as the use of a particle filter for
example.

Particle Filters
001 77] Particle fifters could be used in a way that combines aspects of the basic focatiser method and
the ocalisation mathod using HMM.

{00178] A database is initially producad in the same way as aiready described.

f00179] It is assumed that the location is unknown. Evenly weighted {gqually likely) hypotheses (partictes)

randonily distributed are placed all over the sywironment {e.g. farm).

f00180] A current tree measurement is taken (either a discrete slice or a segmented tree), and a similarity

measurement is taken using the data in the database.
{00181] The first mast likely focation is not necessarily considered the best match.

{00182] All potential possibilities are gathered from the entire database, weighted by a similarity score
where more similar equals a higher weight.

f00183] The similarily weight is muttiplied by the particle (hypotheses liketihood) weight.

{00184] In a new Heration, a prediction is made whether the movement is g little forwards, or backwards,
or stayed still {but nat jumped four rows to the left for example). This prediction is equivalent to the
“ransition matrix” as described herein. In this case, all the pariicles are moved to possible new locations,
shightly forwards, backwards or in the same spotl, because the hypotheses contain the possibility of any

valid motion.

{00185] This process is repeated predicting where particles (hypotheses) may go, and updating those
based on the sensing/similarity to database.

{00188] Over a few tarations, the particles (hypoihesis) with the largest weight will be in the true location.

{00187 Further, renormalisgtion and deleting of unlikely particles may be applied to maintain efficiency
and tractability on finite machines, as wall as acsuracy.

Bootstrapping

[00188] An initlal reference point is needed if it is a requirerment that the result provides an indication of a
focation within the natural environment. E.g. an indication of whereabouts the current data set was

captured within an entire orchard, an area of an orchard, 8 particular free within 3 particular row, etc.
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{00188] However, an initlal referencs point is not strictly needed if the only resul required is {o identify
when the current data set malches & previous data set 1o identify a specific iree. For example, if 8
specific reg needs 10 be Jocated for some purpose and that tree was identified in the initial data set, then
an initial reference point is not requived. The speaciiic tree would be identified when the current data set i

matched with the initial data set.

{001280] The initial reference point is not required o be a geo-reference point. However, a geo-reference
point may be used initially If it is required to associate the captured data with a speeific gen-reference 1o
provide location information. The geo-referance point may be caplured by a GPS device or may be
provided manually by using map references.

{00191] An example of a reference point that is not a geo-reference point may be a row and treg number
identifying where the start of the capture of the initial data set oocured.

Specific example using LADAR
{00182] The following portion of the description provides a specific example of data capture using laser

scanning sensors,

{00183] Using a laser measurement system (such as a SICK LMS 281}, data is captured at 75 frames per
second in a 180 degree vertical window. A first scan caplures data at 0, 1, 2, 3, through to 179, 180
degrees at 1 degree intervals. A second scan captures data at 0.25, 1.25, 2.25, 3.25 through to 178.25,
180.25 degrees at 1 degree intervals. A third scan captuves data at 0.5, 1.5, 2.5, 3.5 through 1o 179 5,
180.5 degrees at 1 degree intervals. A fourth scan captures data at 0.75, 1.75, 2.75, 3.75 through to
178.75, 180.75 degrees at 1 degree intervals. The scanned data is then interleaved to produce a
resciution of approximately 0 25 degrees.

{00184] The scanned dala produces g point cloud, which is a set of continuous valyed points that may be
tocgted anvwhere, To start providing a reference point for the points within the point cloud, a
determination of the position of the {aser measurement system relative to points is required. An odometer
tocgted on the wheels of the vehicle holding the laser measurement system may be used 1o determine
how far the laser measurement system is moving relative 1o the targel natural elements. 1t will be
understood that other methods of determining distance relative to the targset natural elements may be
used.

{00195] All point cloud data captured within a defined distance based an the edometer reading is then
combined by projecting the scarned points into & common reference frame.  For exampls, the defingd
distance may be 0.2 metres. Fig, 2 shows an example of the distribulion of data in g point cloud.

{00198] This common reference rame is then discretised by voxelising the data thersgin to produce 0.2
metre slices perpendicular {or at lsast substantially perpendicular) to the direction of fravel of the laser
measurement system. By taking these series of vertical measuremants and combining them into 0.2
metre slices in the horizontal plang, a 3D point cloud of data is produced containing 0.2 metre” voxels.
That is, a series of adjacent vertical slices of dala points is produced whers each slice is based on data
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collecied over 8 0.2 metre range. 1 will be understood thatthe resolution of data capture may be

adjusied ug or down,

{00197] Each data point (0} is referencad to an X value, a'Y value and g £ value to identify its location in
the 3D point cloud,

{00198] The X value is dependent on the 0.2 metre slice it is a part of and is based on the position of the
faser measuremeant system relative (o the target natural element along the horizontal X-axis. According to
this example, the X value is calculatad using the odometer attached fo the vehicle upon which the sensor
is mounted.

{001899] The Y value (height) is calculated from the degree position (or elevation) within the 180 degres
scan and the range detected by the sensor as measured by the laser measurement system.

f00200] The Z value {depth) also based on the degree position {or elevation} within the 180 degree scan

and the range detected by the sensor.

f00201] In this example, the X, Y, Z values are captured assuming that the robot moves perfectly in line
with the row, while positionad so it is logking at exactly 90 degrees to the trees. 1t is also assumed that
there is no pitch in the vehicle motion. However, it will be undesstood that, if the rehot is not constrained
to move perfectly in line with the row {2.g. it can have yaw maotion / changes in heading} and that the
vehicle may also pitch with undulating ground, then each of X, Y, Z values may be a function of vehicle
pose {north, east, down, roll, pitch, yaw) and sensor {range, bearing).

{00202] That is, the sensor returns polar co-ordinates in the form of 8 range and elevation value where
light bounces off an object. The polar co-ordinates are converted to Cartesian co-ordinates to produce an
{x, v} value for the sensor, where the x value is the depth value (£) and the y value is the height value (Y.

{00203] The {x, vi sensor values are iransformed of converted into a common frame using the X, Y, Z co-
ordinate systam with spatial units in metres. A grid of 0.2 metrs cubes is used so that alf the origingl free
form points in the raw point cloud that fall into any one individual cube are combined by averaging their
Cartesian lbcation (X, Y, Z) to produce the location value associated with that cube. Therefore, the
captured data is down-sampled while still maintaining a suitable sharpness or resolution in the daia, and

a more uniform density of points. That is, each cube contains one averaged point location or none,

{00204] Each slice of data points is considered a discrete data set, thus the system produces multiple
discrete data sets.

How LIDAR measurements relate to height, volume, density

Height
100205] The faser returns range/elevation values whers the light bounces off an oliject, such as a tree.
The laser retums a no-refum” or “‘max-range” indication for non-returns where light has not bounced off
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an object. These range/elevation values and “max-range” indications are interpreied in software

accordingly.

{0062086] For all valid range/slevation pairs, & conversion is performed from polar co-ordinates (rangs,
elevation} to Cartesian co-ordinates (x, ¥ in sensor frame} as discussed ahove. The results are
referenced into the common frame using X, ¥, Z co-ordinates as discussed above.

{00207] The highest Y value in alt of the cells that had & data point (i.e. did not include a "max-range”
indication) within them is taken 1o be the maximum height value. [t will be understood that other
vatiations are envisaged for determining the height value, including, for example, only counting 0.2 metre
cubes that have > N raw points {front the point cloud before crealing the voxels), ignoring the top M% of
points because it i8 assumes that there may be noise, ete.

{00208] Referring to figure 3, it can be seen that the highest Y value in which a value was returned was in
the voxel having co-ordinates (G, 0.6, 0.4}, Therefore, the maximum height value is calculated from the
average Y value of all the points associated with that voxel. It will be understood that alternative ways of
determining a maximum height value may be used. For exampls, the maximum non-averaged Y value

from all points in the voxel may be used.

Density
{00209] By counting the number of raw points within a slice, an estimate ¢of the density in that slice can be
obtained. That is, a point value is not returned if there is a gap in the canopy or between trees and so

point value counts approximately equate to a density measurement.

{002 10] Alternatively, density may be caloulated from the volume measurement measwred using the
method below, In this case, density may be calculated by dividing the volume value calculated below by
the total volume of all cubes i the shice,

{00211] Referring to figure 3, i can be seen that four voxels in the slice of data returned values {iLe. did
not retun a max-range indication). Therefore, the density value is given a value of 4 points. As an
alternative, the density value may be calculated by counting the tolal number of points within the 4 voxels.

Volume

{00212] In each 0.2 metre slice (X value), sections of 0.2 melre by 0.2 metre (Y value = height, and 2
value = depth measurement) were created to produce 0.008m3 voxels. By taking a count of each
0.008m3 voxel {lL.e. 0.2 metre3 blocks) that had at least one point detected therein, the approximate

volume was calculated.

[00213] E.g. if 100 blocks were detected with at least ong ranga/elevation pair returned from the sensor,
the volume would be calculated by 100 x 0.008 = 0.8 m3 volume for that particular 0.2 metre slice.

{00214] Referring to figure 3, a5 there are 4 voxals with points measured, the volume value returmned for
this slice is 4 x (0.008 = 0.032 m3 volume for the slice.
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1002185] It will be understood that any combination of these different values (height, density, volume) could
be used. Also, other characteristic measurements such as eolour, thermal characteristics ete. could be

used.

Segmentation

{00216] Using any of the features above, segmentation is performed by the segmentation module on the
data set using HEMM o determiing where the data points specifically relate to frees, gaps or borders.
This information is then used later so that only tree related data is used to caloulate height, volume or
density etc.

[00217] Referring to Fig. 4, it can be seen that various data slices maybe allocated as a TREE1, GAP or
TREE2 depending on the height data value in those slices. For example, because the height data
includes in stice F and slice G are below a predetermined value, the system determines thal those data
points refate to a gap between the natural elements.

{00218] Using basic or signature descriptors, each natural element within the environment can be

characterised by the characterisation moduie.

Basic Descriptors
100219] A single value for each tree may be used in the data set to compare to the previous baseline data
set. These single values are obtained using the segmenistion data. That is, a number of slices related {o

a single tree are analysed to determine the descripior value.

Height Example

100220] & slices of data identified as a tree from the segmentation step are analysed to determine the
height of the iree. For example, Slices A to E idenlified above are analysed. The height is the highest
height value taken from those 5 slices of data, e.g. the height value in Slice C.

[00221] Height values from multiple trees are grouped together in a sequence (e.g. a length of 5 trees
fromires 1 to free 5);

fHeight A, Height B, Height C, Height D, Height E]

{00222] This sequence is then compared by the characterisation module to the baseline data settofind a
match.

Volume Example
{00223] For volume values, an average of all the volume values for all slices associated with a trea 15
taken as the volume for that tree.

100224] Volume values from mudtiple trees are grouped together in a sequence (e.g. a length of & trees
from tree 1 fo tree §)

[Velume A, Volume B, Volume G, Volume D, Volume E]
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{00225] This seguence is then compared by the characterisation module to the baseline data settofind a
match.

Signature Descriptors

{00226] A number of feature values from consecutive 0.2 metfe slices assaciated with a particular tree
are groupad together to provide a signature value, The slices are determined by the segmentation
module in the segmentation step, which identifies the individual trees. The length of the signature may be
differsnt dependent on the segmentation of the slices orwidth of the stices. For example, a first tree may
be defined by a signature taken from 5 slices, whereas a secand treg may be defined by a signature
taken from 6 slices.

{00227] As the signatures may vary in width (because of the number of cells that contributed to the
measurement of the tree features) and because perfect signature alignment is not guaranteed, it wilt be
understood that comparison functions may be used to test multiple alignments to find the best mateh
when comparing whether wo signatures are similar.

Height Example
{00228] As shown in an example in Fig. 5, the highest point in each slice is used fo determine the height

for that 0.2 metre slice a5 discussed above.

100229] This is repeated for each group of 0.2 metre slices associated with a particular tree to provide the

signature,

[00230] E.g. [21.8; 22; 22.2; 21.8; 21.4] may be the height signatwe descriptor for the tree wdentified in
Fig. 5 by Shces Ato E.

Velume Example

{00231] The volume values calculated for each 0.2 metre slice associated with a particular tree are
grouped fogether to form a volume signature descriplor for that tree. See above for valume calculation
for each 0.2 metre slice.

Slice A Slice B Slice € Slice D 8lice E [FOR TREE 1]
0.8 0.8 8 8.7 0.8
{00232] Producing a signature (volume} of [0.8, 0.9, 0.6,0.7, 0.8].

f00233] This is repeated for each group of 0.2 mstve slices associated with a particular tree.

{00234] Sequance malching by the sequencing modude of the basic descriptors or signature descriplors in
two or more sets of data enables monitoring of the natural elements to occur over time, The monitaring of
the natural slements may include monitoring the nalural features as previously discussead or may include
monitoning other factors associated with the environment wherg it is important to understand the relative
tonation of the point where the monitoring is taking place. For example, soil samples may be obtained at



WO 2015/024059 PCT/AU2014/000829

b2
wh

regular intervals, crop vield may be determined for parlicular trees or plants, or indeed any other factor

that i5 capable of being measured.
{00235] Further details of various aspects of the present invention are now described.

Data Collection and Datasets

{00236] A field trial was performed at an aimond orchard in Mildura {Victoria, Australia). As seen in figure
8, a number of robots {881, 803, 605) ware utilised in the data collection, however the work presented is
based solely on the data collectad by the robot known as Shrimp.

{00237] Data from two of the robot’s sensors was utlised. The first one is a novatel navigation system,
gtilising DGPS o estimate the robot’s position. The second one is a SICK LMS-291 2D Laser Scanner
{LIDAR). Tha LIDAR is mounted vertically and oriented to the right, giving a sheet of measurements at
every frame. Combining these two sensors, a 3D point cloud is created, an excerpt of which is presented

in figure 7. Every pointin the 3D point cloud is represented by an X, ¥ and Z coordinate,

f00238] Nine different datasets were collected during the trial. Three of these were collected by the rabot
moving in a straight line past both sides of the same row. A fourth dataset was collected by the robot
traversing 8 different rows, including the row in the smaller datasets. Furthermore, a fifth dataset was
collected by the robat traversing the same row in & sinuscidal motion, resulting in the data being rather
distorted.

[00238] Additionally, 3 datasets containing only empty space were utilised, without any trees. To be noted
i5 that these empty dataseats weare collected on the path right before entering the row of trees, and not in
an empty area inside the actual rows. This resulfed in the ground structure of these datasets being
different from the empty spaces in the inner parts of the rows, as the ground in the rows has a hill-like
structure not shared by the area next to the rows.

100240] In order to-simplify {ater refersnces to the datasels, they are defined as:

{00241] The 3 shorter datasels - The 3 datasets collected by the robot moviing in a straight line past both
sides of the same row.

{00242] The longer dataset - The dataset collected by the robot fraversing 6 rows in a straight line.
{00243] The 4 shorter datasets - The 3 shorter datasets and the corresponding row of the longer dataset.

{06244] The distorted dataset - The dataset collected by the robot moving in @ sinuscidal motion.

{00245] The emply datasets - The 3 datasets containing only ground and no trees, Additionally, the same
row was offen viewed or saeer from different sides as separate rows unless the similarity between the two
sides is explicitly investigatad. Ulilising this view, the shorter and distorted datasets contain 2 rows and
the farger dataset contains 10 rows.
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{002486] Finally, in order to give an estimaie of the size of the datasets, i should be mentioned that each
row containg &8 traes, with an extent of roughly 320 meters, and is representad by approximately 1.5
million points. The emply datasets are significantly smaller, each having a length of approximatsly 10

meters.

{00247] There exist numercus approaches o segmenting 3D data, however many of these are general
solutions, created to ssgment data consisting of undefined types of objects. Assuming that better results
can be obtained by orchard specific methods, allowing integration of the known orchard structure, we
focus on these methods. One such method uses Caussian mikture models with unknown numbey of
clusters 1o segment the individual points into trees, The method was evaluated in a peach orchard,
showing good resulls, howsaver the frees in the ulilised datasets appear 1o have suffered from significantly
less over- fap than the trees in an almond orchard.

{00248] Instead of a per-point segmentation, an alternative method based on splitting of the row into
°slices” of 0.2 meters could be used, Based on the height of sach slice, the dataset is segmented into
trees by employing a Hidden Semi-Markov Model. Furthermore, this method also allows an a pricr

estimatle of the widths of the tree 1o be incorporated into the segmentation.

{00249] In order to characterise the segmented trees, it is necessary 1o use a descriptor to describe the
3D data. There exists a multitude of 3D descriptors, one of the more well-known being spin-images,
which describes the local neighbourhood with regard to an estimated normal direction. Other descriptors
based on local normal estimation include shape contexts and point feature histogram. Furthermorg, there
exist other descnptors, such as shape disiributions and shape functions, which are based on the

distribution of the points.

{00250] One interasting localisation model is Dynamic Time Warping used to perform sequence-based
visual localisation. High precision localisation can be achieved through sequence matching even when

the information in each ingividual element is severely limited.

{00251] Another approach o localisgtion, which allows more modgling freedom, is © use Hidden Markov
Maodels (HMMs). This was used to perform indoor localisation basad on the recognition of landmarks such
as door and corridors. Additionaily, there exisis more complex HMM localisation methods that integrate
bath landmark observations and robot odometry.

Further Description of Embodiments

{00252] First it is examined how 1o segment the orchard into individual trees using the segmentation
module. In order to do so, the Hidden Semi-Markov Mode! approach is utlised. The model is extended, a
number of different variants of the segmentation method are described and their performance is
avaluated.

[00253] Secondly, it 5 investigated how to characterise the segmentead tregs using the charactensation
module. One significant altribute of the utilised datasets is that the rees arve sparsely sampled. Thisis a
major problem for the spin-images, shape contexts and point feature histograms, as they all rely on the
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correct estimation of surface normials. Furthermore, if the robot moves at non-uniform speed, or happens
to trn shightly, the trees will be non-uniformiy sampled. This is problematic when utilising shape

distributions and shape functions, as it assumes that the point distribution is consistent.

{00254] Recognising these problems, a set of descriptors for the specific application is defined. ltis
showr how these can be used 1o bulld a map of the orchard and introduce a simple localisation aigorithm.
Additionally, it is investigated how the map of the orchard may best be built from multiple measurements
of each tres.

[00255] A Hidden Markov Maodel is utilized with the previously introduced descripiors to create a robust
focalisation method. Parformance is evaluated and i is shown that it is robwst both o measurement
noise and segmentation errors.

{00256] A preblem with building the map of the orchard from multiple measurements ig that segmeniation
arrors, though supposedly few, risk corrupting the niap. In order to addrass this problem, @ method for
detecting segmentation errors whean performing localization is described,

{00257] In conclusion, the contributions pregented in the document can be summarised as follows:
{00258] A method and system for segmenting individual trees from a 3D point cloud is desetibad.
{00258] A number of ree descriptors are defined and their usafulness evaluated.

{00260] A robust localisation method and system is described and its performance evaluated.

{0G261] A method and system for detecting segmentation errors when performing localisation is
described.

Hidden Markov Models

[00262] Hidden Markov Models (HMMs) are used in a varisty of argas such as speech recognition,
computationat biology and computer vision. At the core of the model is a sat of states, each stale
producing an obsearvation in accord with a probabilistic distribution, At each time, the modet is in one
active state, the state currently producing the obiservation. Furthermore, the prabability of transitioning
between the different states is also modeled. Having modeled the complete HMM it is possibie to
estimate the most probably sequence of states given a sequence of observations,

{00263] Three of the common algorithms for estimating the sequence of states are described.
Furthenmore, #t is described how the model may be ulilised with muiltiple observation features as well as
how to avoid numerical underfiow problems. Additionally, in order {o aid in the derivation of the introduced
algorithms, the utilised probability theorems are provided at the end of the description. However, before

presenting the optimisation methods, i is necessary to define the notation.

{00284] First of all, the probability of transitioning from state gy =/ {o state g =/ 15 defined to be

wndependent of both previous stales and of time. These assumptions make if possible 1o create a
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transition matrix A with elament A;; = P (g1 =§ {gy = §). The slates and state transitions can be visualised

in a state fransition diagram, an example of which is seen in figure &

{00265] Secondly, the observation distribution of each state, P (g}, is modeled. This allows the likelihoad
of state g, = j given measuremeant x, to be calculated. In order o simplify notation, the tikelihood of g, = |

for all observations are coliected in a vector 8, such that 8, () = P (¢ |¢, = /).

[00266] To use the model it is necessary 1o define the a priori probabilities of each state. These pricr

Mgy = Hwhere §ony = 1

orobabilities are dencted ¢ T ¢
{00267] To further simplify the notation we define x,, to be the sequence of observations from x, 1o x,.

Simitarly g, , is defined to be the state-sequence from g, to g, . Furthermare, the total number of stales is

defined as M.

Definition of Optimal States

{00288] A commuon application of Hidden Markov Models is {0 find the most probabile state sequence
given & sequence of gbservations. In order {6 investigate the problem however, i is necessary 10 properly
define the optimality exprassion. In many applications it 15 of nterest to find the individually most

probable states given all measurements, formally expressed as

Geg = g max Py fp b argmex Pl dprh s argmax Mg ap iy {210

i 2 2y

{00269] One problem with the optimisation is that it is only possible in an offline situation. The equivalent

causal problem is expressed as

Qp = {argmaxPgex; hargmaxPlgy, roph woaargmasPlgeiv i b {2.2}

5 3 g

{00270] The common denominator for both equation {2.1) and equation (2.2} is that they both target the
individually most probable states. This approach is applicable in many instances, however it risks crealing
invalid state sequences if there exists any element A;; = 0 in the transition matrix. In such situations it is

better to oplimise with regard {o the jointly most probably state sequence, formally expressed as

ti
Rrx
pur -

. e TR " Y 3
8 MENS G N b §

{00271] All thres optimisation criteria are common in practical problems, with optimisation algonthms
readily available for each one. The non-causal optinvisation of equation (2.1} is performed using the
Forwards-Backwards algorithm. Removing the anti-causal part of the Forwards-Backwards algorithm
yvields the Forwards algorithm usad for optimising eguation (2.2). The optimisation of equation (2.3} is
done using the Viterbi aigorithm.



WO 2015/024059 PCT/AU2014/000829

00272] Itwill be undersioad that i is possible to create the presented optimality criteria with conditional
probabilities instead of joint probabilities. Joint probabilities were chosen over conditional probabilifies to
remove g scale factor. This has no affact on the choice of optimal sequence since the scale factor is the

same for all states, however it slightly simplifies the derivation of the optimisation algonthms.

The Forwards Algorithim
{00273] The Forwards algorithm solves (2.2) using recursive updates. Begin by infroducing

f00274] recursively updated by

,
vl
e,
-
"

O
54
i

s

{00275] Initialisation of g is performed by setting
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The Forwards-Backwards algorithm
{00278] The Forwards-Backwards algorithm is the non-causal extension of the Forwards algorithm,

emploving a similar recursive algorithm for selving (2. 1). Begin by introducing
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{00279] The recursive update of o is performed using (2.5) while £ 15 updated by emploving
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{00283] and the most probable state at gach time calculated as

{00280] The g and S variables are initialised by
{00282] Having calculated g and B, v is calculated by

{00281] and

{00284] The algorithm in s entirety is presenied in algorithm 2
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The Viterbi Algorithm
{00285] The Viterbi algorithm solves (2.3) by employing & dynamic programming approach. Start by
defining

Oyt

ft=  max Plyyeesod = f ek {318}

-y Ny % . N
§i o 2r ooy

thus &'is the joint probability of the most likely state sequence and the observations. The update step is

s Y o
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= nan BipA s, U
calculated as ;

{002886] Initinlisation of § is done by
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{00287] In order to do find the most probable sequence, the previous maximising state is stored in a
variable @ for each time and state:

iy = argmanBd 140,00 {2.1%;
) ]
{00288] Having calculated & for the entire sequence, the most probabile final state is found as
gy = arg maxdyplfl {2,203

{00289 Given the final state, the most probably state-sequence is found using < to hackirack along the

sequence:
gy = \‘?a 3{&?; b {3

100290] The complete algorithm is pressented in aigorithm 3.

» Indtiaiivetion
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Use of Multiplie Features
{00281] Previous sections have treated the observation x as a scalar value, however i is possible to use
multivariate obsarvations. Let
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Avoiding Numerical Underfiow

{00282] A practical problem for all three presented optimisation algorithms is the under- flow problem
resufting from the large number of products smaller than 1. This problem can be resolved either through
scaling or by working in the logarithmic domain. The standard solation for the Forwards and Forwards-
Backwards algorithms s the scaling method, however this method does not generalise to HSMMs,
therefore we present the logarithmic approach. The core idea of the logarithmic approach is to oplimise

the ingarithm of the probability, this effectively removes any risk of underflow problems since

sitton,
et

Forwards Algorithm
{00293] The logarithmic version of the Forwards algorithm is presented in algorithm 4.
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{00284] The logarithmic version of the Forwards-Backwards algorithm is presented in algorithm 3.

Forwards-Backwards Algorithm
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{00285] Due to the fact that

Viterbi Algorithim
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{00286] the derivation of the modified Viterbi algorithm is very straight-forward.  The resulling algorithm

is presented in algorithm &.

» Recurion

end Tor

e
» Termination

» Rack-Tracking

Hidden Semi-Markov Model

{00297] The Hidden Semi-Markov Mode! (HSMM) is an extension of the Hidden Markov Modet where the
fime spent in each state is explicitly modeled. in this chapler the mode! is introduced and the
corresponding optimisation algorithms used in the document. This exiension is important for the reasons

described below.

[00288] First, the prohability of a Hidden Markov Mode! remaining in the same siate for exactly d
ohservations is

FhExactiy o vonssoptive ohervation of state = {4

{00289] This gives, since

P
Hhrod

A,
L
b

{00300] that the probability of the model remaining in the same state is effectively de- creasing
exponentially with time, thus limiting the usefuiness of HMMs. To further stress this point, figure 9
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compares the implicit duration distribution 801 of a HMM with the explicit duration distribution 903 of 5
HSMAM.

{00301] As mentioned, the key feature of the HEMM is that the duration spent i each state is explicitly
modeled using a probability distribution, This allows the transitions between states o be defined in the
same way as in HMMs while aliowing complete freedom in modeling the duration distribution. Taken
together, this al- lows most of the simplicity of the HMM to be kept while making the model much more
acsurate for many problems.

{00302] In order to specify the notation, we define
Ci{d) = PlExactly d consecutive observations of state j). {3.3}

{00303] Furthermaore, the integer variable D s infroduced to define the maximum duration spent in a state.
This variable adds no information to the model from g theoretical viewpoint, however it is necessary to
fimit the computational complexity of the optimisation algorithmis.

{00304] As only the HSMM variant of the Viterbi algorthm is used in this document, the HSMM variants of
the Forwards and Forwards-Backwards algorithms are not presanted here. However, they are explainad
in detail in "Hidden Semi-Markov Models (HSMMSY", 2002 by Kevin P. Murphy.

3.1 The Viterbi Algorithm
{00308] In order to derive the HSMM version of the Viterbi Algotithm the notation introduced in "Hidden
Semi-Markoy Modeis (HSMMSY', 2002 by Kevin P. Murphy is used.

vt the
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{00308] This allows g &, similar o the one used in the HMM Viterbi algorithny, 10 be introduced as
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{003G67] Due to the fact that §, is & random vavigble, equation (3.4) cannot be implemented iy practice. In
grder to resolve this, G, = (G L) is inserted. Furthermore, a variable Fis introduced to signify when a

state finishes:
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{00308] Itis also used that

Y FRSIVOVERE
: .‘s{ £11] _3»£T’§ i}

00309] thus assuming both that the duration of the current state is independent of the previous siate and

that the transition probabilities are independent of the duration of the states. Applying this to {(3.4) vields

{00310] It can be cbserved that the update step is similar to the ordinary HMM  algorithm, the difference
being that the duration probabilities gre factored in and that it is necessary to search for the maximising
arguments over the durafion of the states. Furthermore the 8 in the HMM algorithm is defined as the joint
probability of being in state f at ime ¢ In the HSMM algorithm however it is defined as the joint probability
of transitioning from state jat time £

f00311] In order to do a proper initialisation it is necessary o intlialise S notonly for t=1 bt forall t2 D,

The initiglisation is exgressed as
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i00312] As in the HMM algorithm the sequence path has 10 be stored in a storage variable ¢. In order to

store the path sequence, i is necessary to store both the previous state and the duration spent in the

pravipus state. This is expressed as

AR R RS AN,
P rPRFrErrEL

o
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oo
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{00313] for the update steps. Furthermore, it 1S necessary o initialise the storage varable as

FRIES RN

[00314] for all t5 D.

{00315] The last state is found as

S FNG

3§ P
1 dave Sy
SR W

it

g =

{00316] and the back-tracking as

{00317] The complete algorithm is presented in algonthm 7.
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Alporithun 7 The HEMM Viterd Alporithm

A3

» Inftialisntioe

end for
s for

w § then
oontinge
end i

end faw
st For
end for

» Termination

Pracking

Avoiding Numerical Underflow

{00318] Similarty as for the HMM optimisation algorithms, the HEMM variants suffer from underflow
problems. As mentionad above, for HIMs this may be resolved either through the use of scaling or by
working in the logarithmic domain. However, scaling is not a valid approach for HSMMs, thus only the
fogarithmic method is applicable. Using the same approach as presented in the resulis above resulls in

algorithm 8.
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Begmentation

{00319] A key part of running an orchard is to keep an up to date inventary of the tress, this is necessary
both to estimate the crop vield and health, as well as for general farm management. Currently, much of
this labour is performed manually on selected parts of the orchard, and the resuits extrapoiated to
accowit for the entire orchard. Automation of this process would thus not only result in reduced labour,

but also in more accurate estimates. However, in order to perform estimates ona per tree level, it is
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necessary to determing the exdent of the individual irees. This process is denoted as "segmentation”, as

it involves dividing the rows info segments based on the extent of the individual trees.

{00320] Segmentation is based on a 3D point cloud, presented above. The reason for basing the
segmentation on 30 data is that it has a high signal {o naise ratio, due o the confrasting depths in the
data. Furthermore, # is robust {o lumination variance. This can be cantrasted 1o the possible use of
visual sensors, suffering both from the general similarity of the environment while also being sensitive to
#Humination changss.

[00321] A method based on a Hidden Semi-Markov Model (HSMM} is used, integrating knowledge about
poth tree spacing and measured tree features. In order to improve the performance further, & number of
different vartiants of the introduced method are described. Finally, the different methods are evaluated and
their results compared.

Modeling the orchard

{00322] A 3 siate HSMM model for modeling an orchard is known. In this example, the model contains 3
states: free, gap and border. The free represents a tree in the orchard, gap represents a space without a
tree and border reprasents the transition between the other two states. Of importancs is that horder does
not pnly represernt the transition between free and gap but also from free 0 ree and gap to gap. This

setup assures that all legal state sequences effectively delimil the individual trees with borders.

{00323] The observations of the HSMM are calculated by extracting features from the 3D point cloud.
This is done by dividing the rows into vertical “slices” of a specified width. A feature is then extracted
from each slice. This approach gives a sequence of observations that can be input o the Viterbi algorithm
as desoribed herein,

{00324] In order o finalise the model, it is necessary (o specify the state duration distributions. These
distributions are a kev part of the model and allow the integration of a priofi knowiedge of tree width o be
integrated into the modsl.

Transition Probabilities
{00325] In order to set the notation, define the states as

y
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f00326] To assure that the time spent in sach state is uniquely controlfed by the state duration densities,
the self-transition probabifity is set to O for all states. Furthermore, set the transition probability between
tree and gap to 0. This gives the transition probability from tree and gap io border is 1. The transition

probability from border 1o tree and gap is set to 0.5, The complete transition matrix is given as
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{00327] and the corresponding state transition diagram is presented in figure 10.

initial Probabilities
{00328] To adhere {o the standard of bounding gaps and frees by borders, the inifial probabilities are
defined as

; .
=i 8 1 4.3}

Choice of Observation Feature

{00329] ldentifying the state sequernce i5 dependent on how informative the obiservation features are.
There exists a muititude of possible feature and feature combinations. A problam with the height feature
is thal it is heavily affected by small branches, making it hard to detect the borders between overlapping
trees.

{00330] Another featurs is volume, a benefit being that it is less heavily affected by minor branches. A
third feature is a point-count, giving a rough estimate of the density of the slice. In order to set the
notation, we denote these 3 features as the ariginal features in order to distinguish them from the fealures
that may be derived from them.

{0033 1] Furthermore, the level of noise has a great effect on the performance of the model, thus being
necessary o take into consideration when choosing feature. As the noise level is closely related to the

shice width, we discuss the choice of slice resolution in the next section.

Resolution

f00332] The resolution is defined to be the width of each slice. | is difficult to quantify the exact effects of
the resolution, however some broad points can be noted. A larger resolution, thinner slices,; allows for a
more exact segmentation of the datasetl, On the other hand, a too small resolution makes the features
more susceplible to noise. 1t is thus necessary o balance segmentation preciseness against the noise
fevel, Having no method for performing such analyses theorstically, the problem was examined by
calculating and plotting the thwee original features for different resolution. The usefulness of each
resaiution was determined by how easy it was 1o detect the borders between the individual trees using
visual inspaction. From the results of the analysis, it was determined that a resolution of §.2m is suitable.
Having 3 larger reseolution than this had significant negative effects on the noise level while a lower
resaiution did not improve the noise level by any significant degres,

Height
{00333] The height feature is calculated by finding the largest helght of the slice. In order to get an

sstimate of its usefulness, the feature was calculated and plotted for one examined row of frees. Extracts
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of the row presented in figures 114 (measured height gver first 80 meters) and 11B (measured height
from 80 to 160 melers} show that miost frees and gags are distingt. However it also shows that the bovder

seems o be unclear between some frees, presumably because of overlap between the trees.

Density

{00334] The density feature is calculated by counting the number of points in the slice. One negative
aspect of the feature is that it is correlated to the speed of the robot. L is possible that this can be handled
by dividing the point feature with the current speed of the robot, howaver this may be problematic if the
robot is not moving in a straight line. However, addressing this issue is out of the scope of this documeant.
One reason for this choice is that most of the dalasets were collected by the robot moving at uniform
speed, thus any negative effects from the correlation should be minimal.

[00338] The usefulness of the densily feature was evaluated in the same way as the usafulness of the
height Teature. The plols in figures 12A and 128 show that most trees are clearly distinct. Furthermore,
the feature seems not to be as heavily affected by overlapping branches as the height feature. A
niegative aspectof the feature however is that it does not appear {o be as sensitive 1o the very small trees

as the height feature.

Volume

{00338] In order to caloulate the volume feature, the slice is first split into uniform voxels of width 0.2m.
Thereafter the volume s computed by adding the volume of all voxels containing at least one point. The
usefuiness of the feature was evaluated in the same way as the height and density features. Figures 13A
and 13B show that most treas are very distinct. Furthermore, the feature seems o be less noisy than the
density feature while also suffering from the same lack of sensitivity to very small trees. Taking these
points into consideration, it was decided to use volume as the primary observation feature.

Volume Difference

{00337] A problem with using height difference to indicate border states is that difference calculations
amplifies the noise of the data. As can be seen from figure 14 the noise level is dearly too large for the
used dataset. In order to negate the effect of the noise, it was decided to introduce an ad hoc feature
termed “difference of moving averages”.

{00338] The "difference of moving averages” featurs is computed by calculating the difference between
one farge moving average and one small moving average. The large moving average, calculated by
filtering the volume feature with a rectanguiar filter of width 30, gives an estimate of the volume in a farger
neighbourhood around the current slice. The small moving average, calculated by filtering the volume
feature with a rectangular filter of width § gives a smocthed estimate of the volume at the current slice.
The definition of the feature means that it vields large values at borders between large trees. Similarty, it
yields large negative values both for tree centres and at the borders between gaps and frees. An example
of resuliing feature values is presented in figure 15. The measured volume 1501 and the difference of
moving averages 1503 are shown., Note that the difference of moving averages vields clear peaks

between large trees.
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Hand-Tuned Observation Distributions

{00339] Itis known o achieve good results dsing hand-tuned observation disiributions. Usingthis
approach, the observation distributions were hand-tuned by visually inspecting figures 13A and 13B. The
observation distribution of gap was set such that it is more likely when a small volume 15 observed.
Similarly, the cbservation distribution of free was sat such that it is more likely when a large volume is
observed. The ohservation distribution based on the "difference of moving averages” was set o be
moderately large for small valuas and large for large values. The reason for having the distribution
moderately large for small valuas is that these may both indicate a tree centre and a border bebwean a
gap and a tree. The resulling observation distributions are presentad in figures 18 A and 16B. in Fig. 18A
the ohservation distributions for the tree 1601 and gap 1603 states are shown. In Fig. 16B, the
observation distribution 1806 for the border state is shown.

State Duration Distributions

{00340] The state duration distribulions are used © smbed knowledge of the spatial dimensions of the
orchard into the HSMM miodel. it has previously been known to approach the probiem by modelling the
duration of the frees and gaps with 2 Gaussian distribution centered on 8 mean. Furthermore, the
standard deviation of the Gaussian was made fairly broad to allow for smaller trees. Finally, the Gaussian

was truncated at a certain point as 1o set an upper limit of the tree width.

{00341] This approach is reasonable for trees; however it is problematic for gaps. The reason is that the
gap between a replanted tree and its full grown neighbours is at most half the width of a tree. Modelling
the width of the gap with the same distribution as the irees wauld thus introduce 3 bias into the model,
possibly forcing small trees 10 be labeled as gaps. Furthermore, there exist many small gaps between
targe trees in the dataset, thewr extent being badly modelied by a Gaussian based on the width of the
frees. Taking these issues into consideration, the duration distribution of the gap state is setto be

uniform.

{00342] The duration distribution of border state is set 1o Kronecker's delir, thus imiting the duration of
the border to 1.

{00343] In order to limit both the computational complexity and the width of the trees, the maximum
duration D is set fo 35 observations {7 meters). The Gaussian free disiribution is set to have a mean of 25
obsarvations (5 meters) and a standard deviation of 5 observations {1 meter). The duration distributions
are displayed in figures 17 and 18. Figure 17 shows the state duration distributions for the tree 1701 and
gap 1703, Figure 18 shows the stale duration distiibution for the border 1801.

Model Alterations and Exiensions

{00344] A 3 state model was presented above. This section describes how this model can be altered and
extended {o increase both its performance and its simplicity of use. First it is described how the
observation and duration distributions can be leamt from a labeled datasset. Secondly, the maodel is
extended by introducing a ground removal pre~processing step. Thirdly, it is described how the model can
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be extended to 8 4 state model in order to increase its performance with regard o small trees. Finally, the

possible usage of the height and density features is described.

Learnt Observation Distributions

{00345] Instead of using hand-tuned observation distributions, such as those presented in above, it is
possible to lsarn the distributions from a labeled datasel. The histograms of the abservations forthe 3
different states are shown in figures 18A, 19B and 18C. Figures 18A and 19B show that both tree and
gap distributions are fairly close to Gaussian while the border distribution in figure 18C is clearly non-
Gaussian. Despite this, we still decide {6 model all observation distributions as Gaussian in order o
investigate if it is possible to achisve good results using a very simple learming method.

{003486] Assuming that the distributions are Gaussian, they can be learnt by estimating the mean and
vatiance of the observations for the different states. Performing this operation, using a dataset labeled
with the model described in the “muodeling the orchard” section, vields the observation distributions
presented in figure 20. The leamt obiservation distributions for tree 2001, gap 2003 and border 2005 are
showiy,

Learnt Tree Duration Distributions

{00347] The tree duration distribution described in the "modeling the orchard” section was modeled as a
Gaussian distribution. Figure 21 shows that this model fits the data rather well, with a central Gaussian
and a few outliers originating from the smaller trees in the dataset. Furthermore, this allows the tree
duration distribution 1o be leamt from a labeled dataset by estimating the mean and vanance of the
duration. This, combined with the results presented in the learnt sbservation distribuions section, gives

that all critical parameters in the HSEMM model can be learnt from a labeled dataset.

Ground Removal

{00348] One potential problem with the use of the volume feature is that the measured volume is not only
the volume of the trees bt also the volume of the ground. Given that the volume of the ground remains
constant, this is not a problem. Howaver, if thers is a difference in the ground volume estimates, then the
ground might have negative effects on the segmentation, most nofably with regard to small trees. One
sifuation where therg is such a difference, is in the ground just before entering the row of trees. As this
ground is flat, compared to the slightly hilly structure of the ground in the rows, a slight increase in volume
is estimated due o the back of the "hili” not being occluded.

{00349] In order {o avoid such effects, the ground was removed from the dataset in a pre-processing step
using readily available matlab functionality. The effect of the pre-processing can be seen in figures 22A
and 22B, showing that most of the ground has been correctly removed. Furthermore, comparisons of the
estimated volumes with and without ground removal, presented in figure 23, show that the pre-processing
might make the small trees slightly more distinet.  Figure 23 shows a comparison of volume
measurements before 2301 and after 2303 removing the ground. Note that the two small trees are more

distinat after the ground has been removed.
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100350] In order to use the pre-processing method with the HSMM miodel, # is necessary {o change the
free and gap observation distributions. These observations distributions are presented in figure 24.
Figure 24 shows the hand-tuned observations distributions with ground removed for tres 2401 and gap
2403,

State Model

{00351] A weakness of the 3 state mode! presented in the “modeling the orchard” section is that it
sometimes fails o detect small trees, Thera are two diferent reasons for this. First, the durations of the
very small trees are much sharter than the modeled duration of the ree state. Secondly, these trees visld
very small volume measurements, thus in many cases appearing more hikely to originate from the gap
state ratherthan the tree stale according te the used observation distributions. In order to solve these
problems a fourth stale is introduced, a state specifically designed 1o represent a small free.

{00352] The smalf tree is given an cbiservation distribution with a significantly lower mean than tree. The
obsearvation distributions of ail states are presented in figures 28A and 26B. Furthermors, the duration
distribution is modeled {0 be uniform with 8 maximum duration of 5 abservations {1 meter), the short
duration chosen as the 3 stale model appears o correctly handle trees larger than this width. Figure 26A
shows the hand-tuned observation distributions for tree 2601, gap 2603 and small free 2605. Figure 268
shows the hand-tuned observation distributions, for the ground re-moved data, for tree 2607, gap 2809

and small tree 2611.

{00353] As the trees madeled with small ree are very thin, any borders delimiting the trees are bound to
reprasent alarge part of these trees. Furthermore, the border state is modeled on the transitions to and
fram large trees, making it suboptimat to mode! transitions {0 and from small trees. This problem is
avoided by deciding that srmall rees are bounded by gaps instead of borders. This vields the fransition
matrix:

and the exiended state transition dlagram in figure 25. Note that the explicit state durations are not

shown.

{00354] A problem with the presented mode! is that both gap and smalf lree tacks a minimum duration.
This presents a risk that the mode! will "switch back and forth between gap and small free under the
influence of noise. In order to avoid this problem and make the mode! more robust to noise, a minimum
duration of 5 observations is introduced for the gap state.

Density Observations
{00355] The discussions i this section have focused on the volume feature, however all presented
methods may also be used in conjunclion with the density feature. To be noted is that no hand-tuned
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obsarvation distributions were created for this feature, instead it was only used in conjunction with leamt

observation distributions.

Height Observations

{00356] It order 1o evaluate the feasibility of using the height feature, a set of hand-funed height
observation distributions were created. Furthermore, using this labeled dataset, learning of the height
distributions was done in the same way 8s was presented in the “learnt observation distribution™ section.

Combined Volume and Height Observations

{00357] The discussion in the “choice of observation feature” section implies that the volume Teature is
good for delimiting largse trees while the height feature is gooad for detacting small trees. In order to utilise
both of these advaniages, i is possibie to combine both features. One way of combining the features is
to allow each siate to utilise both volume and height observations. However, since the haight
obsarvations have negative effects on the segmentation of large trees, different ghservation features for
different states were used. The lree and border states are defined to be observed by the volume feature
and the gap and smafl free to be observed by the height feature. Furthermore, this combination both for

hand-tuned and leamt observation distributions.

Qualitative Evaluation

{00358] This section presents a gualitative evaluation of the results of the models introduced in the
*modeling the orchard” and "model alterations and extensions” sections. First of all however, it is
explained how small, medium and large sized frees, terms are defined that are necassary 10 explain the

performance of the segmentation.

{00359] Large trees are defined as the trees which are full grown and, much of the time, overlapping with
neighbouring trees. A section of large trees is seen in figure 27. Small trees are trees which have a width
smaller than or equal o 1 meter, an example of which is seen in figure 28. Medium sized trees are the
trees between these two extrames, they are smallerthan the large frees and do not overlap their
neighbours, at the same time being larger than the small trees and thus sasier to detect. An example of a
medium sized tree is presented n figure 28

HMM vs HSMM
{00360] In order {o show the benefit of the HSMM model, we compare it 1o an ordinary HMM modsel. The
used HMM model is based the HSMM model discussed above, the difference being that the duration

distributions are replaced with seif transition matrices defined as:

L - - A
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{00361] Fig. 30 shows an exiract of the resulting segmentation using an ordinary hidden Markov model.
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{00362] Fig. 31 shows an extract of volume measurements 3101 and stated changes 3103 when using an
ordinary Hidden Markov Model. The stale being 1 equals tree, 0.5 equals border and U equals gap. Note

the quick changes between free and border that occur on numercus oCoasions.
{00363] Fig. 32 shows an extract of the resulling segmentation using the 3 state HSMM model,

{00384 The resulting segmentation whan using this model is presented in figure 30, showing that many
trees are far too wide. Furthermore, figure 31 shows that some trees are vary thin, Given the limitations
of the HMM mpdel, i is impossible to address both these problems af the same tims. These rasults can
be compared to those prasented in figure 32, showing that the resulling segmentation when utilising the
HSMM model is not affected by these two problems.

Hand-Tuned vs Learnt Distributions

{003865] Using the leaming methods described above to leam the duration and observation distributions,
the resulting segmentation is similar to the one obtained with the hand-tuned equivalent. However, the
segmentation errors, although few, appear {o be slightly more frequent when using leamt distributions.
Additionally, it should be noted that the learning does not appear to be sensitive {o the choice of labeled

dataset as long as it contains all types of states.

Ground Removal
{00388] Using the ground removal pre-processing does not yield any notable effect on the detection of
small trees when utilising the volume feature. However, removing the ground prevents the volume

varigtions cutside the rows from creating false frees.

{003687] Whaen using the tuned height feature, the effects of the ground removal is negligible. However,
when ysing the lsarnt height feature, the results appear slightly worse. This is assumed 1o be due 1o new
height variations oceurring because of all points baing removed in soms slicas while not in others.

3 vs 4 State

{00368] Both the 3 state and 4 state models yield similarty good resulls for large sized trees, The 3 stale
modsl also segments aff medium sized trees correctly. However, the 4 state model labsled a few medium
sized trees slightly wider than & observations {1 meter) as small frees. This imils the extent of the tree to
8 observations, resulting in its non-central parts being labeled as gaps. Furthermore, the minimum gap
duration sametimes causes ground between two trees 1 be labeled as part of the frees, an example of
which is seen in figure 33. Figure 33 shows an exiract of the resulting segmentation when the gap
betwaen tregs is Iabeled as part of the trees.

{00388] Regarding the small trees, the 3 state model fails to detect many of them. At the same tims, tha 4
state model is able of segmenting all small trees in the examined datassts, sven when ground removal is
not applied.

Choice of Feature
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100370] Using the volume feature yislds very good results, property segmenting trees of all sizes.
However, unless ground removal is used, it aiso tends to create false trees in the open areas directly

otside the rows. The density feature vields similar, albeil slightly worse results.

{00371] The height feature vields good results for small and medium sized trees, however it often falls to
correctly segment overlapping trees. Furtharmore, it does not dappear to have any problem with creation
of false trees in the empty datasets.

[00372] Uiilising the combination of volume and height observations discussed in the "combined volume
and height observations” seclion yields very good results when using the 4 state model with hand-tuned
distributions. However, when the obsearvation distributions are leamt, the introduced lower limit of the
duration of the gap causes some segmentation arrors when small and large trees are closa to each other,
an sxample of this is shown in figure 34, Fig. 34 shows a segmentation fallure when the 4 state model is
used with lsarm volume and height observation distributions. Nevertheless, using learnt distributions with
the 3 state model yields very good resulis, aven with regard to small trees. Notably, the hand-tuned
observation distributions ulilised with the 3 siate model vields poor results with regard to small trees,

assumedly because of bad tuning of the observation distributions.

{00373] The evaluation shows that there are multiple methods that yield egually good results. Using the
volume feature and a 4 state model yields good resulis inside the rows, however, unless ground removal
ia used, it may yield false trees just before entering the rows. Furthermore, the method yields equally

good results both with hand-tuned and learnt distributions.

{00374] Additionally, the combination of height and volume festures was also shown to vield good results.
Whaen usging hand-tuned distibutions, the 4 siate model yields better results. Howewver, using leamt
distributions, similar resuits can be obtained using the 3 siale model. Furthermore, this method appears
robust both with regard to detection of small trees as well as the greation of false trees before entering the

fOWS.

{0Q375] Excerpls of the performance of the 4 sigte model, using hand-tuned volume and height
distributions are shown in figures 35 and 36, showing that the large trees are correctly segmented. Figure
35 shows an overview of the resulting segmentation using the 4 state mode! with hand-tuned volume and
height observation distributions.  Fig. 36 shows an exiract of the resuliing segmentation using the 4 siate
model with hand-tuned volume and height observation distributions.

{00378] Furthermore, figures 37 and 38 show thal smiall and most mediurn sized treas are comrectly
segmentad. Figure 37 shows two medium sized trees segmented using the 4 state model with hand-
tuned volume and height observation distributions,  Figure 38 shows two small trees segmented using
the 4 state model with hand-tuned volume and height abservation distributions. Additionally, an empty
dataset is shown in figure 38, showing that no false frees have heen crealed. Figure 38 shows an empty
part just before entering the rows segmented using the 4 state model with hand-tuned volume and height
observation distributions. Finally, figure 40 shows an example of a medium sized tree incomectly labeled
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as g small tree, thus giving it a oo small extent. Figure 40 shows g medium sized tree iabeled as small

trae, resulting iy parts of the tree being Iabelled as gap due o the limiled duration of the small iree state.

Quantitative Evaluation

{00377] This section presents a quantitative evaluation of the methods discussed above. The evaluation
is split into three different parts. First, all methads are compared against a ground fruth datasst, giving an
estimate of the relative performance of the different methods. Furthermiore, this part focuses on the
performance with regard to segmsntation arrors and detection of trees, not the accuracy of the borders
between traes.

[00378] Secondly, a number of the best performing methods are evaluated visually on a larger datasel.
This evaluation is performed both with regard o segmentation errors as well as inaccurate bordey
placement betweaen trees.

{00379] Finally, the segmentation methods’ robusiness is evaluated on a dataset distoried by the

collection process.

Method Comparison
f00380] This section evaluates the performance of all methods discussed above on the 4 shorter and the

3 empty datasets described above.

{00381] The evaluation performed on the emply daiasets is used o determing how susceptible the
different segmentation methods are o creating false trees. However, as described in the “ground
removal” section, the ground structure is slightly different from the ground inside the rows. Nevertheless,
we consider the ground similar enough to give an estimate of the susceptibility to creation of false irees.

[00382] The evaiuation on the shorter datasets is done by applying the evaluated method on the dataset
and comparing the resulting trees to ground truth data. The ground truth data is created by using the
hand-tuned volume 4 state model and calculating the centres of the segmented trees. Furthermore, the
groungd truth segmentation was visually inspected to ensure that it was entirely correct. The datasets wers
then segmented using the evaluated methods and the results compared to the ground truth data.

{00383] For both dataset types, the resulting segmentations were counted according 1o

= Trug Positives {TP) - The number of centres found within 2 meters of a ground truth centre.

» Double Positives {DP) - The number of times more than one centre is found within 2 meters of a ground
truth centre

* False Positives (FP) - The number of times g tree is found without there being a ground truth cantre
within 2 meters

« False Negatives (FN) - The number of ground truth centres where no tree 5 found within 2 meters.

100384] There are two reasons for using the relatively large malching distance of 2 meters. First, there is
navigational inaccuracy between the different datasets, meaning that the centra of one free in one dataset
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is slightly different in another, Secondly, the large matching distance allows the evaluation to focus on
large segmentation errors, while we foous on evaluating the segmentation accuracy in the “multiple row

rohustness” section below.

Hand-Tuned Volume Distributions

{00385] The results obtained using the hand-tunsd volume obsearvation distributions arg presented in
table 4.1, Visual inspection shows that all large trees are found and correctly segmented, and that all
false negatives originate from the small trees being iabeled as gaps. Furthermore, all false positives are
from false trees in the emply datasets.

[00386] The results show that the addition of a fourth state clealy improves the performance with regard
to the small trees. Furthermore, though ground removal is not necessary to properly ssgment the small
trees, i is necessary to avoid false trees being created in the empty areas outside the rows,

Method TP DP FP FN
3 state with Ground 440 { ¢ 168
3 state without Ground 443 O G 13
4 state with Ground 456 0 2 0
4 state without Ground 456 0 g 0

Table 4.1: The performanes of the segmentation method using hand-tuned volume distributions on the

shorter and emply datasets.

Learnt Volume Distributions
[00387] The resulis obtained using learnt volume and duration distribulions are presented in table 4.2,
The results show that the method is on par with the equivalent hand- tuned method.

Method TP DP FP FN
3 state with Ground 440 0 G 16
)3 state without Ground 444 0 & 12
4 state with Ground 456 O 2 0
4 state without Ground 456 O G 0

Table 4.2: The performance of the segmentation methed using learmt volume distributions on the shorter

and empty datasets.

Learnt Density Distributions
{00388] The resulis obtained using leamt density and duration distributions are presented in table 4.3.
The results show that the method i worse when ground has not been removed, assumedly because of

variations in the number of points in the ground.

{00389] The method performs better after ground has been removead, however it is still considerably

worse than the volume feature.,
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Method ™ DP FP FN
3 state with Ground 435 0 B 21
3 state without Ground 442 0 0 14
4 state with Ground 441 0 B8 15
4 state without Ground 456 0 0 0

Table 4.3: The performance of the segmentation method using leamt density distributions on the shorter

and empty datasets,

Hand-Tuned Height Distributions
1003980] The resulis obtained using hand-tuned height distributions are presented in table 4.4, The rasulis
show that the height Teature works well when the accuracy demand of the segmentation is low and

ground has not bean ramoved,

Method TP DP FP FN
3 state with Ground 452 0 0 4
3 state without Ground 456 0 0 1
4 state with Ground 456 {0 & 0
4 state without Ground 445 0 8 11

Table 4. 4: The performance of the segmentation method using hand-tuned height distributions on the

shorter and empty datasets.

Learnt Height Distributions
{00381] The results obtained using fearnt height distributions are presented in table 4.5, The rasulis show

that fsamt height observations works slightly better than the hand-tuned equivalent, assumediy because

of bad tuning of the latter.

Method TP DP FP FN
3 state with Ground 456 0 0 O
Sstatewithout Ground 440 0 O 18
4 state with Ground 45 0 0 O
dstate withoutGround 456 0 G O

Tabie 4.5: The parformance of the segmentation method using fearnt height distributions on the shorter

and empty datasets,

Combined Hand-tuned Volume and Height Distributions
{00392] The results oblained using hand-tuned volume and height distributions are presented in table 4.8.
The results show that the effects of the ground removal seem 16 be rather non-intuitive; It improves the

performance with regard to small trees for the 3 staie model but decreasing the performance forthe 4
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state model. This non-intuitive behaviour i5 assumed 1 be doe to all points being ramoved in some slices
bt not in others, causing the height to vary even in areas where the ground is flat. Nevertheless, both the

3 state modet without ground and the 4 state model with ground vield perfect results.

Method TP DP FP FN
3 state with Ground 440 ¢ 0 16
3 state without Ground 456 0 g 0
4 state with Ground 456 g 0
4 state without Ground 454 0 6 2

Table 4.6: The performance of the segmentation method using hand-tuned volume and height

distributions on the shorter and emply dataseis.

Combined Learnt Volume and Height Distributions

{00383] The results obtained using learnt volume and height distributions are presented in iable 4.7,
Notably, these resulls show that the 3 state mode! properly detects all small trees without ground
removal, somsthing which the equivalent hand- tuned method failed to do. This difference is assumed to
be due to bad twning of the hand-tuned observation distributions. Furthermore, the performance of the 4

state model is similar to the performance ohtained with the equivalent hand- funed method.

Method TP DP FP FN
3 state with Ground 456 0 8 @
3 state without Ground 440 0 0 16
"A state with Ground 458 0 0 0
4 state without Ground 456 0 g 0

Tabie 4.7. The performance of the segmentation method using learnt volume and height distributions on

the shorter and emply datasets,

{00394] The performed evaluation shows that using only volumse or using a8 combination of height and
volume features both yield good resulls. The former however demands the ground-removal pre-
processing step in order to avoid creation of false frees culside the raws while the latter howsver
performs best when ground has not been remaved. Moreover, as the evaluation is not focused on the
accumcy of the segmentation, the bheight feature Alse performs wall.

Multiple Row Robustness

{00385] This section evaluates the perfarmance of a limited number of methods on the larger dataset
described above. The aim of the evaluation is both to determine the performance on a larger dataset as
well as to gef an estimate of the segmentation accuracy of the different methods. The svaluation is
performed by visually inspecting the segmented dataset and counting the resulting:
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« True Posilives {TF) - Trees labeled as trees.

* False Positives (FP) - Gaps labeled as trees

+ False Negatives (FN) - Trees labeled as gaps

« Merge Errors (ME) - Segmentation errars where two treas have been merged into one.

« Bordar Ervors (BE) - A segmentation where the border has been incomectly placed between two trees.
As the evaluation focuses on the segmentation accuracy, we countt all ervors, even small ones, where it
would have been possibie (o better place the border using the human eye.

{00388] The evaluated methods and the evaluation results are presented in {able 4.8, These resulls show
that the volume feature performs slightly better without ground removal. Furthermore combined hand-
funed observation distributions used with a 4 state model yields equally good results. Additionally, the
same results can be achieved using combined leamt observations with a 3 state model. Further- more, it
should be mentioned that the border errors when using these methods are small, being of the scale seen
in figure 41. Figure 41 shows one of three border errors encountered when segmenting the longer
dataset using learnt volume distributions. Note that the border between the second and third tree is

shightly misplaced.

Mathod TP FP FN ME BE
Hand-Tuned Yolume 4 State With Ground 580 © 0 0 2
Learnt Volume 4 Siate With Ground 580 0 g 0 2
Hand-Tuned Volume 4 State Without Ground 578 O g 1 2
Leamt Volume 4 State Without Ground 579 0 ¢ 1 2
Hand-Tuned Combined 3 Slate With Ground 573 0 7 0 1
Leamt Combined 3 State With Ground 580 0 H 0 2
Hand-Tuned Combined 4 State With Ground 580 0§ g 0 2
Leamt Combined 4 State With Ground 577 © O 3 3

Table 4.8 The performance of the segmentation methods applied on the larger dataset (TP - true
positives, FP - false positives, FN - false negatives, SE - segmentation errar)

Data Collection Robusiness

100397] The evaluation presented in this section aims to evaluate the segmentation mathods robusiness
o the data collsction process. The evalugtion is parformed in the same way a5 in the previous segtion,
the difference being that the distoried dataset presented above 18 used. An excerpt of the dataset is seen
in figure 42. Figure 42 shows an excerpt of the dataset collested by the robot moving in & sinusoidal

motion.

{00398] The evaluation resulls are presented in table 4.8, showing that the dataset can be segmented
comectly despite the distortions. Furthermore, none of the examinaed methods appear {o vield better
results than the others.
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100329] It could be notad however, that even though the data can be correctly segmenied, i may stil be
too distoried to be of any use for characterisation. Az an example of this, figure 43 shows the volume of
individual trees caloulated from the four shorter datasets as well as from the distorted datasel. Figure 43
shows estimated volumes of trees when the data has been collected by a robot moving in a straight line

4301 and in a sinusoidal curve 4303.

Mathod TP FF FN ME BE
Hand-Tuned Volums 4 Siale With Ground w6 g g 2
Learnt Volume 4 State With Ground e Q@ & a 2
Hand-Tuned Volume 4 Siale Without Ground 188 ¢ g g )
Learnt Volume 4 State Withou! Ground 06 ¢ g g 2
Hand-Tuned Combined 3 State With Ground 104 § 2 g 2
Learnt Combined 3 Stste With Ground 08 & { g 2
Hand-Tuned Combined 4 Siate With Ground 108 O g g 2
Learnt Combined 4 Stete With Ground 108 ¢ g g 2

Table 4.9 The perfaormance of the segmeniation methods when applied on
the distorled dalasel. {TF - frus posidives, FP- false posilives, FN - falss
negalives, &E - segmeniation arvar}

{00400] Evaluating the resulting methods, it has been shown that a combination of volume and height
features vields the best results. Using a 4 state model and hand-tuned observation distributions, #can
both acourately segment large trees as well as detect small trees. Furthermore, the method does not
create any fajse trees, neither inside nor outside the rows. Furthermore, similar results can be obtained

using a 3 state model with learnt volume and helght distributions.

{00401] Additionally, i the arsa outside the rows s not taken into consideration, using only the volume
featiwe and a 4 state model vields similar results. Furthermore, this method vields eguivalent results both
when using learnt and hand-tuned observation distributions. Finally, if the ground removal pre-processing
is used, the method does not yield any false trees outside the rows.

Characterisation

{00402] As mentioned earlier, one goal is to utilise the segmented trees to perform GPS independent
jocalisation. A key step in this process is to be able to tell the different trees from each other. ity order o
address this, descriptors are introduced to describe the characteristics of the trees.

{00403] A simplifying factor when performing localisation in an orchard is that the trees are aligned into
rows, resulting in all trees appearing in sequences. This simplifies the localisation as it allows the
focalisation to depend on sequence matching instead of one-to-one matching. This is important as many
of the trees are individually very similar. Furthermore, the trees are both sparsely and non- uniformty
sampled, further limiting the usable information that can be extracted from them. The use of sequence
matching allows this lack of information in the individual trees to be compensated by combining the

information from multiple trees.
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100404)] Two different descriptor {ypes are infroduced based on the features described above denoted as
the simple and signature descriptors. Thereafier, a method is described for performing localisation in a
map built from the introduced descriptors. Using this focalisation method, the informativenass of the
different descriptors s evaluated. Furthermore, the possibility of building the map both from a single

descriptor of each tree as well as by combining muitiple ree descriptors is described.

Descriptors

{00405] It order to characterise the segmented tress, it s necessary to use a descriptor to describe the
3D data. A common iralt for many existing 3D descriptors, £.9. spin-images, shape contexts and point
feature histograms, is that they describe the local neighbourhood with regard to an estimated normal
direction. However, since the dataset is sparsely sampled, these descripiors are considered to be
unlikely to vield good results.

{00406] Another conwmon set of descriptors, including shape disiributions and shape functions, are based
on the distribution of points. However, these may also be problenyatic as i depends on the sampling of
points being consistent. This is not frue in the utilised datasets, as uneven speed or a slight tum result in
varying sampling densities. it will be understood that such problems can be negated by adequate re-

sampling.

{00407] Two new descriptor types have been described based on the features discussed above. The first
descriptor type, denocted the simple descriptor, is a single feature value describing the tree. The two

simple descriptors examined are the simple volume and simple height descriptors. The second descniptor
type evamined, the signature dascriptar, is slightly more complex, storing a sequence of featuras for each

tree.

Simple Volume Descriptor

{00408] The simple volume descriptor stores the estimated volume of the frse, calculated as described
above. In order to estimate the informativenass and consistency of the descriptor, it is plotted for four
different datasets in figure 44, Figure 44 shows the volume calculated over the same row seen four
times. The figure shows that the volume is both fairly consistent between runs and that it is also different
between trees, therefore heing both informative and consistent.

Simple Height Descriptor

{00409] The simpie height descriptor stores the maximum height of the tree. Plolting the descriptor for
four different datasets yields figure 45.  Figure 45 shows the height calculated over the same row seen
four times. The figure shows that the descriptor is both consistent and informative, while also appearing

o be slightly less noisy than the volume descriptor.

Volume Signature Descriptor
{004 10] The volume signature descriptor stores the estimated volume of each §.2m slice of the trea. A
raugh estimate of the usefulness of the descriptor was obtained by ploting the descripior of the same tree
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for multiple datasels. A typical example of this Is presented in figure 46, showing that the signature is

rather noisy. Figure 46 shows the volume signature of a free seen four fimes from the same side.

Height Signature Descriptor

{00411] The height signature descriptors stores the maximum height of each 0.2m slice of the tres. An
example of the descriptor plotted for the same trés over mulliple datasets can be seen in figure 47,
Figure 47 shows the height signature of atree seen 4 times, The noise level appeaars to be on par with
the valume descriptor, with possibly slightly less noise.

{004 12] Figures 67-74 shows a number of descriptor similarity distributions.

{004 13] Figures 67-70 show how 4 shorter datasets were utilized to caloulate the self-similarity
distribytion of the same treg seen again from the same side.

{004 14] Figures 71-74 show the comparison of the descriptor of each tree comparad to the descriptor of
all other trees in all datasets.

Comparing Descriptors
[00415] In order to use the deseriptors descoribed herein it is necessary to define how hwi descriptors of
the same type are compared. This is dong here, both for the simple descriptor and the signature

descriptor.

{004 16] Additionally, it should be mentioned that having defined how to compare two descriptors, itis
possible 1o caloulate the self-similatity distributions of the descriptors. These are described below and are
utilised in the localisation algorithm discussed below.

Simple Descriptor

{004 17] The difference, 6, between fwo siniple descriptors is calculated as

st
“n:

R IT TR A S 2 N 4.3
Sutedy = Wy~ @ {& i3

3 W S SN ST NI JUNNIE U S
wheve dy and s ave stinple descriptors,

Signature Descriptor

{06418] In order to calculate the difference, &, between iwo sighature descriptors it is necassary (o take
into gonsideration that the signatures may be of different length. This problem is approached by finding
the best fit between tha two signatures and calculating the difference for this fit,

{00418] To begin with, denote the fonger sequence drand the shorter sequence o, the difference in
length between them being N. In order to find the best match between the signatures, we offset d for iV +
1 different steps and determineg which signature which is least different. However, # is also necessary o
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zero pad the offset vector such that it is of the same length as o, Therefore this zero padded and offset

vector are defined as:

E3

The differenve et tod &g

23%
R &Y
%3.—‘3‘373

Localisation Method
{00420] The idea of the localisation method is to match a sequence from one dataset against ail
sequences in a map of the orchard. The location of the current sequence is then obtained by finding the

best matching sequence in the map.

f00421] To begin with, a tree in the dataset to be localised is chosen. Assuming a sequence length of N,

the descriptor of the tree is combined with the descriptors of the N — 1 previous trees to form a sequence
of descriptors. The same procedure is performed for all trees, exempting the N - 1 first, in the map. The

difference hetween the individual sequences is then calculated using the L1-norm as:

thigs giving the matehi

Maps From Single Descriptors
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{00422] The performance is evaluated when performing localisation on a map created from a single
descriptor of each tree. Logalisation is performed in three different situations. In the first situation,
iocalisation is performed on g single row, where the compared descriptors have beean seen from the same
side. Secondly, the same localisation is performed but on muliiple rows. Finally, localisation is performed
on a single row but instead match against descriptors seen from the other side of the row. The matching

is parformed for all possible frees in the compared datasels and the ratio of correct matches calculated.

Same Side Single Row Maiching

i00423] In this method, the 4 shorier datasets arg ulilised {0 parform 4-time cross validation of the
iocalisation methed. In order{o avoid any problems with ambiguities, the matching of the trees is kept
separate for the two different sides, i.2. 3 free in the first dataset seen from ohe side is only matched
against trees seen from the same side:

{00424] The results when using the four different descriptors discussed above are displayed in table 5.1,
The resulls show that the simple descriptors perform significantly worse than the signature deseriptors, a
result which is expected given their imited amount of information.  Furthermore, the two height

descripiors appear 1o be slightly better than their volume counterparts.
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Same Side Multiple Row Matching

[00425] In this method the larger dataset was used in combination with the 3 smialler datasets. The
tocalisation was done by maiching the trees from the smaller dataset with the larger dataset. In order (o
avoid ambiguities, the same row seen from the other side was removed from the larger dataset during the
matching.

{00428] The resulis of the matching are pressnted in table 5.2, showing that i is necessary (o utilise a
longsr sequence when matching against a larger dataset. Furthermore, the performyance of the signature
descriptors is considerably betler than the simiple descriptors, Finally, the height variants of the
descriptors appear to perform slighlly batter than their volume counterparts.
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Cpposite Side Single Row Matching

1004271 "In this method, we perform localisation on a single row against a map where the trees have only
been seen from the other side. The evaluation is performed using 4-time cross validation, the results
being presented in table 5.3, These results show that the performance of the matching is significantly
worse compared to when malching against desceriptors from the same side. Nevertheless, it also shows
that it is possible to perform locglisation in this situation given a fong enough tree sequence.

Length  hmple Vo Sumple H
i R 1304
28 180,84

Maps From Multiple Descriptors
100428] It is examined whether betier results are achleved by utilising multiple descriptors for each tree.

Iy order 1o merge muitiple descriptors, two different methods are desoribed.

[00429] When using simple descriptors, # 15 possible (o average the descriptors’ values, Assuming that
the mean of the measurement error is zero, the averaged value should be closer to the correct value,

thus giving that the performance of the matching should improve.

{00430] This approach however, is not applicable for signature descriptors, as the signatures may be of
different lengths. Instead the multiple instances of the descriptors are stored, and the compared
desgriptor is matched against alf stored descriptors. The difference between the tree and compared
descriptor is defined as the difference between the two best maiching deseriptors.

{00431] These approaches of combining muiltiple measuraments are investigated in two different
situations. In the first situation, the frees are seen multiple times from the same side and their
measurements combined. in the second situation, the wees are seen once from each side and thelr
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measuramenis combined. In order i determine if this usage of multiple measurements increases the
iocalisation performancs, single row localisation is performed and the resulls comparad to the resulls

obtained during same side single raw matching.

Descriptors From The Same Side

{00432] In this situation, multiple descriptors of the same tree seen mulliple times from the same side are
combined to perform lacalisation on a single row. The method is evaluated by using 3 of the shorter
datasets to build a map and 1 dataset to perform the maiching. Furthermore, this is done four times in
order {o perform 4-time cross validation.

{00433] The performance of averaging the simple descriptors are presented in table 5.4, showing a sfight
increase in performance comparsd to table 5.1,

length SimpleV  Simple H
1 14.04 21.80
3 6644 75.39
5 92.58 93.74
10 100.0 100.0
20 100.0 100.0

Table 5.4: The ratic of correct matches i percent when averaging the simple descriptors seen from the
same side.

{004 34] The results when storing muitipie descriptors are presented in {able 5.5. These resuits show only
a very slight increase in performance when storing multiple simple descriptors. However, there is a
notable increase in performance when storing multipie signature descriptors,

Length SimpleV SimpleH V Signature H Signature

‘ 1 1381 2268 87.26 893.85
38622 77.63 98.86 100.0

: 5 89.80 94,43 100.0 100.0

10 100.0 100.0 100.0 100.0

20 100.0 100.0 100.0 100.0

Table 5.5: The rativ of correct matches in percent when storing mulliple descriptors seen from the same

side.

{00435] Based on these results, it is concluded that a distinct increase in matching performance can be
obtained by using muitiple descriptors. When using simple descriptors, the best results are obtained by

averaging them, whife it 5 necessary to store mulliple descripiors when using signature descriptors.

Descriptors From The Opposite Side
{00436] In this situation, multiple descriptors of the same tree seen from different sides are combined fo

perform localisation on a single row. The map is created by choosing one of the shorter datasets to
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create a map and combining the two descriptors of the free. The three other dalasets are then maiched

against this map. Furthermaore, this is done four fimes using 4-time cross validation.

{00437] The resulis when averaging the simple descriptors are presented in table 5.8, showing a
decrease in performance compared to table 5.1.

Length  SimpleV SimpleH
| 1 11.68 14.83
3 53.17 58.32
| 5 76.18 83.53
10 99.40 98.64
20 100.0 100.0

Table 5.6; The ratio of correct matches irf percent when averaging the simple descriptors seen from the
opposite side.,

{00438] Table 5.7 shows the resuits when multiple instances of the descriptors are stored. These resulis
show a decreass in performance for the simple descriptors while the performance of the signature
descriptors appear t0 be unaffected by the addifional descriptor.

Length SimpleV SimpleH V Signature H Sighature
11044 17.71 74.51 86.25
3 58317 68.07 88.08 89893
5 80.28 88.87 £29.69 100.0

10 09.49 88.15 100.0 100.0

20 100.0 100.0 100Q.0 100.0

Table 5.7: The ratio of correct matches in percent when storing mufiiple descripfors ssen from opposite
sides.

f00439] Based on these results, it may be preferable (o keep separate descriptors foreach side of the row
rather than combining them.

1004407 It has been shown how descriptors may be utilised to perform focalisation in the orchard, both on
a single row and aver multiple rows. 1t has also been shown that it is possible 16 perform localisation even
when the tress have previously only been seen from the other side of the row.

{0044 1] Additionally, the change in performance whern using mutliple descriptors of sach ee (o create a
map has heen described. This increases the lpcalisation performance when descriptars seen from the
same side are combined. However, combining descriptors seen from different sides decreases the
localisation perfarmance. Furthermore, when ulilising the simple descriptors the best results are obtained
by averaging them. For the signature descriptors however it is necessary {o-store the mutltiple descriptors
i the map.
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{00442] Finally, based on all examined localisation and map building msthods, it has been shown that the

height signature descriptor yields the best localisation results.

Localisation

{00443] The localisation method described above was dependent on no segmentation errors having
ocousted, an assumption that may not always be applicable. In order to resolve this, a HMM hased
focalisation method is described that properly handles segmentation errars. Furthermore, multiple
variants of the localisation method are proposed in order to handle different localisation scenarios. Finally,
the perfarmance and robustness of the presented localisation methods are described using both the
datasels from the orchard as well as randomiy generated datasets. Usage scenarios and how
focalisation may be employsd in these instances is first described.

Usage

{00444] In order to perform jocalisation, a map of the archard must first be created. This can be done by
using the segmentation and characterisation methods discussed above, resulting in & map where each
trae is represented by a descriptor. Given that such a map exists, the problem Hes in matching a new
sequence of observed trees, collected during another survey of the orchard, with the corresponding trees

in the map.

{00445] There are two distinct uses of the localisation. The first one is o find the current position in the
map based on the trees that have been observed so far, thus enabling sutonomous localisation it the
orchard withaut the use of g GPS system. This localisation is denoted as onling localisation, as # is

possibie to employ in an online situation.

{00448] The second use is t0 observe a part of the orchard and batch process all observations in order o
match them with the map. This makes it possible {0 assogiate observations from a new survey with the
trees in the original map, allowing the change of the individual trees to be monitored. Furthermore, since #t
does not depend on any high performance GPS system, it makes it both easier and cheaper to carry out
surveys. As this localisation can only be performed after alf data has been collected, the method is
dengted as offfine localisation.

{00447] Ancther point {o consider is what additional information that is available regarding the arder that
the trees are observed in. On one exireme, no additional information is available; the next tree may be
anytree. However, given that the segmentation is reasonably ok, it can be assumed to be one of the
nearby trees. On the other extreme, the odometry of the vehicle may be used to ulilised to give a qualified
estimate of the next tree. Two methods are described, both bordering the former extreme. The first
method, denoted the undirected method, assumes no knowledge of which direction the next tree is
observed, however it is assumed to be one of the nearby trees. The second method, denoted the directed
method, assumes knowledge of which direction the next free is observed, thus slightly limiting the

problem.
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{00448] In both online and offine situations, knowing the transition direction is squivalent to knowing the
movement direction of the robol. Since it is only necessary 1o determing the sign of the bidirectional
movement in a global reference frame, this can be done using only 8 compass and information of the
vehicle’s forwards-backwards direction. Furthermore, if it is assumed that the vehicle doas not change
diragtion in the middie of 8 row, the offling situation allows the problem to be solved by ordering the
observations in all rows according o a global reference frame, e.g. defining that the beginning of a row is
always in the southeny end of the row.

Localisation Method

{00449] The core ides of the localisation methaed is to model the orchard as a Hidden Markov Model with
each state representing an individual tree seen from a specific side. Furthermore, a height signature
deseriptor, described above, is stored for each state. Similarly, a descriptor is calculated for gach newly
observed tree, allowing the map descriptors to be comparad 10 the observed descripiors.

{00450] The ttansition matrix is used to mode! the order that the trees are observed in. Furthermore, the
possibility of segmentation errors is integrated by allowing transitions fo non-adfacent states. In addition,
two different variants of the transition matrix is presented, allowing both for directed and undirected
focalisation. Finally, the maiching is done using either the Forwards or Forwards-Backwards algorithm

depending on whether online or offine localisation is performed.

Transition Matrix

{00451] The transition matrix models the order that the trees are pbhserved in. iy order to handie
segmentation errors, it is necessary 1o allow for fransitions to non- adjacent trees. Furthermors, row-
endings are explicitly modeled o allow for transitions both o other rows and (o the same row.
Additionally, two different ransition matrices arg presented; a directed transifion matrx, where the
direction to the next observation is known, and an undirected transition matrix, whera the direction to the
next observation 1s unknown.

Directed Transition Matrix

{00452] To begin with, denote the number of states as N, thus giving a transition matrix of size Nx N If
the segmentation is correct, the fransitions will always be from one state to the next. If if is assumed that
the localisation is only performed an one row, this could be representad as a transition matrix A where the
individual elements ars defined as

e,
peni
nesi
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[00453] where element A, denotes the probability of transitioning from state /o state . It is however
necessary to incorporate the possibility of segmentation ervors, thus allowing both for self-transitions as
wall as fransitions 1o non-adjacent treas. Theoratically, the optimal mode! should mateh the actual
probabilities of segmentation failures in the orchard. However, since these probabilities are unknown, the
transition matrix is designed to allow for larger segmentation errors than is to be expected. An initial
version of the transition malrix is given as

Himiasd
Himisl
by STy
Wimiad o
Agp= o {82}
’ Hi=mi+3 ’
=i
£ sdsr
3 b . o . PR P o B E e SR
Howevey, the above transition magdeix fs not corvect @
e N -4 1865

Farthevmore, it does ot handle fravsitons between different rows.

In order to model the transitions between different rows, transition elements are managad between frees
belonging to different rows separately. First, infroduce
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it is necessary to allow fransitions in both

»

directions. This can be achieved by creating an initial transition matrix by

{00454] In the case that the direction of the robot is not known

Undirected Transition Matrix
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{00455] As the initial position in the orchard is unknown, the initial probabilities are set as

s o= AN YL AL &

QObservation Distributions

{004 58] For all observed trees, the comespanding height signature descriptor is used, as observation
feature. To compare the descriptors to those in the map, the differences between these observed
descriptors and those representing the states are calculated as described above. As a means o caleulate
the likelihood of the state from this difference, the self- similarity distdbution shown in Fig. 80 is used.
One problem however is that the self-similarity distribution is not monotonic. Using the self-similarity
distribution directiy would thus result in two very similar descriptors yielding a moderately large likelihood.
Conversely, two descriptors with moderately similar descriptors would result in a large likelihood. A visual
representation of the problem is presented in figure 48. Fig. 48 shows an example of a non monotonic
self-similanty distribution 4801, Note that the likelihood of a medium sized error 4803 is larger than the
fikelihood of a small error 4805.

100457] In order to avoid this counter-intuitive behaviour, we define the likelihood of the state to be the
probability of observing a difference larger than the measured difference, visualised in figure 49. To be
noted is that this is equivalent to defining the likelihood as the comiplementary cumulative distribution
function. Fig. 49 shows an example of a self-similarity distribution 4801, The probability of a difference
being larger than g certain value 4803 has beesn marked.

{00458] The resulting likelthood function based on the seif-similarity distribution in Fig. 60 is presented in
figure 50. Fig. 50 shows the complementary cumulative difference distribution of the height signature
dascriptor.

Matching Algorithm

{00459] Malching is performed using the oplimisation algorithms described above. In the case of online
tocalisation, the Forwards algorithm is employed, Similarly, the Forwards-Backwards algorithm is
gmployed for offling localisation. Furthermore, in the case that the abserved trees are not in the same
order-as in the map, but the direction between each observation is knpwn, the used aptimisation
algorithm may be altered o integrate this knowledge into the optimisation. This direction based
iocalization is explainad in detail below.

100480] It should be noted that it is possible to make use of the Viterbi algorithm instead of the Forwards
and Forwards-Backwards algorithm.,

Randomised Dataseis
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i00481] The performance of the localisation method is parlly evaluated on a set of randomised datasets,

created by perturbing the original datasets presenied above.

{00482] First of all, noise is added to the height featurs measured at each slice. Thereafter the
segmentation s altered in order to simulate an imperfect segmentation. Initially, this is done by
introducing | npise to the border positions. This does not represent an actual segmentation error but
simply the impreciseness of the segmentation. In order to simulate segmentation errors, some pairs of
trees ane marged into one, some trees are split in half, and some are labelled as gaps.

{004863] In order for the evaluation o be valid, #is imperative that the magnitude of the noise, both with
regard to feature measurements and border positions, are based on the equivalent cbserved jevels within
the data. The following sections describe how this is measurad.

Feature Noise

{00484] In order to estimate the distribution of the noise from the data, measurements from the four
shorter datasets were aligned and the differences between the measurements in the same slice were
calculated. Due to inaccuracy in the navigational system, the measurements become unaligned after a
certain distance, demanding the datasets to be aligned again afier approximately 50 to 100 observations.
Calculating the measurement differences using 1000 measurements from each dataset yielded the
difference distribution presented in Fig. &1 (which shows the estimated height noise distribution), showing
that the distribution appears to be fairly Gaussian. Based on this notation, it was decided to model the
obsenvation noise as Gaussian with mean ¢ and g standard deviation of 0.25 meter estimated from the

difference distribution.

{00485] In order to introduce the feature noise info the randomised datasets, a value is drawn from the
distribution at each slice and added to the measurement of the original dataset at this slice.

Border Noise

f00468] In order 1o estimate the distribution of the border noise, the durations of the same trees in
different datasets were compared. The comparison was done by choosing one tree in one dataset and
then calculating the difference between the duration in the chosen dataset and the durations in the other
datasets. Doing this for all trees and datasets yields the distiibution presented in figure 52, The figure
shows that the estimated duration noise distribution appears 1o be Gaussian.

{00467] In order to ealculate the border noise distribution from the duration noise distribution it is
necessaary to make some assumptions. First it is gssumaed that the duration noise distribution is indeed
Gausstan. Secandly, it is noted that the duration noise is dus to movement in the two borders delimiting
the tres. Assuming that the twa delimiting borders move independently, which is not entively true given
the effects of the duration distribution, it follows that the border noise distributions are independent
Gaussians. This gives that the standard devistion of the border noise distribution and the duration noise
distribhution are related by
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{00488] allowing the border noise distribution to be calculated from the estimated duration noise
distribution. Utilising this relation gives that an appropriate model of the border noise is a Gaussian with
zerny meaan and a standard deviation of 1.0 slices.

100469] In order to introduce the border noise into the randomised datasets, a value is drawn from the
distribulion at each border iy the onginal dataset. The drawn value is then rounded to the nearest integer

and the border position moved by this many steps.

{00470] The correctness of the feature and border noise modelling can be estimated by calculating the
self-similanity distributions from the randormised dataset and comparing it to the self-similarity distribution
gstimated from the datasets. Both these distributions are presented in figures 53 and &4, showing that
the distributions are rather different. Fig. 53 shows the self- similarity histogram estimated from real
measurements. Fig. 54 shows the self- similarity histogram estimated from simulated measurements.
Furthermore, the simulated self-similarity distribution has a notabile larger mean arror. Nevertheless, we
consider the distributions to be similar enough to accept the performed noise modelling.

Merge Errors

{00471 In order o simulate trees being incorrectly merged during segmentation, merge eyors are
introduced into the randomised datasets. This error is introduced by removing the border bebween two
trees. Furthermore, the merging algorithm also ensures that no more than two trees are merged
togethar,

Split Errors

{00472] A possible segmentation error is that some trees are split into two during segmentation. In order
to model this, a border is infroduced in the middle of the tree. Furthermore the splitting algorithms ensures
that only trees with more than 3 observations are split, thus avoiding impossible splitting of very small
trees.

Detection Errors

{00473] A possible error during segmentation is that some trees are labelied as gaps. Inareal
application, the probability of this happening s negligible for all but the small trees. Nevertheless, the
effect of the error is inveshgated both when large and small trees are labelied as gaps. In order {0
introduce the error into the randomised dataset, the state of a tree is simply changed o gap.

Evaluation

{004 74] The performance of the localisation method was evaluated by matching a sequence of
chservations from one dataset against a map created from another dataset, For each such matching, the
ratio of correctly matched trees was calculgted. As the counting of comrect matches is non-trivial after
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segmentation errors have been added, the counting is explained in detall above. These maiching tesis
were performed both for the original datasets as well ag the randomised datasets, thus giving an estimate
of both the performance in the curvent application as well a3 the robustness to noise and segmentation

erors,

{00475] The localisation was evaluated both when performing localisation on a single row as well as on
multiple rows. Furthermore, the differsnt variants of the localisation method were separately evaluated,
allowing their performance 10 be compared. Finally, it should be noted that each test was dane multiple
times, a8 to ensure that the estimated performance was based on the matching of at legst 10000 trees.

Counting Correct Matches
[00478] In the performed avaluation, the griteria for & match being considered correct is defined as:

« A corectly segmentad reg is carrectly maiched when the matched tree is the same as the original tree.
+ For-a split reg, the correct match for both new trees is the original tree

« For a merged tree, a match is considered {o be correct if the new tree is matched with either of the two

original trees.

~Trees labelled as gaps are not part of the matching process and yield neither coract nor incarrect

matches.

Evaluation Sefup

{00477] The evaluation was performed both using the randomised datasets and the onginal datasets.
When evaluating the performance using the randomised datasets, the performance was evaluated by
changing one parameter while keeping the other parametears fixad.

[00478] In order to simulate the measurement noise, the fixed value of the feature noise standard
deviation was sef to 0.25 maters, the value calculated above in the “feature noise” section. Similarly, the
fixed value of the border noise standard deviation was set to 1.0 slices as described above in the “border
noise” section. I order to accomimodate for possible segmentation errors, the fixed probability of any
specific segmentation error occurring was set to 2%. This meant that approximately 5% of afl trees wers
affected by segmentation errors, a larger ratio than encountered in the existing datasets,

{00479] When matching single randomised rows, an original dataset was used to create the map while a
gofresponding randomised row was matched against the map. Similarly, when mudtiple rows were
matched, a map with 10 rows was created from the large dataset. A randomised dataset was then

created from the large dataset and matched against the map.

{00480] When evaluating the performance using the original datasets, ohservations from one dataset
were matched against @ map created from another datasel. No noise was added 1o the observations,
however the performance when introducing varying amounts of segmentation errors was evaluated.
Vithen matching on a single row, 4-time cross validation was emploved, using one dataset 10 create the
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map and another datasel (o match against it Similarly when malching mulliple rows, the large dataset
was used 1o create the map while the three smaller datasets were matched against it

{00481] The settings applied both for the randomised and measured datasets are presented in table 6.1,

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Dataset Border BtdDev  Feat. StdDev  Seg. Error Prob. |
jRandmmised 0.0-30slices  0.2&m 0.02 |
Randomised 1.0 slices 0.0-1.0m 0.02 |
Randomised 1.0 slices 0.25m 0.00-0.10 ‘
Measures - - 0.00-0.10

Table 6.1: The parameters used for determining the performance and robustness of the evaluated
localisation methods.

Single Row Localisation

{00482] The performance of the foealisation methods with regard to border noise is presanted in figure 55,
showing that offine localisation perfornis better than online localisation. Fig. 55 shows the ratio of
correctly matched ireas using offling, directed 5501 and undirected 5503, and online, directed 5505 and
undirected 5507, localization when varying the border noise standard deviation. The ratio of introduced
segmentation errors 5508 is also displayed. The figure also shows that the offline localisation is less

affected by the usage of robot direction than the online localisation, especially at low noise levels.

{00483] Figure 56 shows the performance of the jocalisation methods with regard o feature noise, again
showing that the offling localisation performs better than the online localisation. Fig. 56 shows the ratio of
correctly matched trees using offlineg, directed 58071 and undirected 5803, and onling, directed 5607,
localisation when varying the feature noise standand deviation. The ratio of introduced segmentation
errors 5608 is also displayed. Furthermorg, the figure shows that the undirected localisation meathods
degrade significantly worse than the directed localisation methods. This is frue for the onling localisation
even from fow noise levels while the severe performance degradation in the offfing situation only begins
at noise levals significantly larger than those ocourring in the original datasets.

{00484] The performance with regard to segmentation errors in the randomised datasets is presenied in
figure 57 shows the ratio of correctly matched trees using offling, directed 5701 and undirected 5703, and
online, directed 5705 and undirecied 5707, localisation when varying the ratio of segmentation errors
infroduced to the randomised datasets. The ratio of introduced segmentation errors 8709 is also
displayed. This shows that offline localisation degrades gracefully with regard 1o increased segmentation
erors. Similarly directed online localisation degrades well while the undirected online localisation
performs worse. These results can be compared to the performance with regard to segmentation errarsin
the original datasets presented in figure 58, Fig. 58 shows the ratio of correctly matched frees using
offling, directed 5801 and undirected 5803, and online, directed 5805 and undirected 5807, localisation
when varying the ratio of segmentation errors introduced o the original datasets. The ratio of introduced
segmentation errors 5808 is also displayed. The figure shows that the performance in the original
datasets are similar 10 the performance in the randormised datasets, however one notable difference is
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that the matching for the undirected offtine and the directed onling localisation is notably worse when
there are no segmentation errors. Nevertheless, it should also be noted that ali methods degrade betler in

the original datasets.

{00485] Fig. 59 shows the ratio of cofrecly matched tress using offling, directed 5901 and undirscted
5903, on online, directed 5805 and undirected 5807, ocalisation whean varying the border noise standard
deviation. The ratio 5907 of introduced segmentation errors 5809 is aiso displayed.

[00486] Fig. 60 shows the ratio of correctly matched trees using offling, directed 8001, and undirected
6002, and onling, directed 8005 and undirected 8007, localisation when varying the feature noise
standard deviation. The ratio of introduced segmentation errors 8008 is also displayed.

{00487] Fig. 81 shows the ratio of correctly matched trees using offline, directed 6101, and undirected
6103, and online, directed 6108 and undirected 8107, localisation when varying the feature noise

standard devigtion. The ratio of introduced segmentation errors 6109 is also displayed,

{00488] Fig. 62 shows the ratio of correctly matched trees using offline, directed 6201, and undirecied
8203, and online, directed 6205 and undirected 6207, localisation when varying the feature noise

standard deviation. The ratio of introduced segmentation errors 6209 is alsc displayed.

Muitiple Row Localisation

[00488] The performance of the localisation methods with regard to border noisg is prasented in figure 55.
The figure shows that the performance is similar to the performange of the single row matching, the
notable difference being that alt methods degrade stightly worse.

[00490] The performance with regard to feature noise is presented in figure 58, showing that the
performance is very similar to the single row localisation. As for the performance with regard to border
noiss, the matching on multiple rows degrade slightly worse with regard to increased feature noisa.

{00491] The performance with regard to segmentation errors in the randomised datasets is presenied in
figure 57, showing that results are on par with the single row localisation. Furthermore, the resulls in

figure 58 show that the results in the original datasels are similar.

{00482] The evaluation shows that the directed offline localisation yields good results even when the
datasets suffer from large amounts of noise and segmentation errors. Using undirected offiine localisation
yields similar albeit slightly worse rasults for fow noise levels, however as the noise level increases the
difference between the two localisation methods becomes more distinet. Furthermore, the directed onling
fccalisation performs worse than the two offline methods. Finally, the undirected online localisation
performs significantly worse than the other methods, especially at large noise levels.

{00483] A localisation method 15 described that is robust both to noise and segmentaton emors.
Furthermore, the effect of integrating the direction of the robot into the localisation has been described,
showing that it has a distinct positive impact on the performance. Finally, the performance of both online
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and offfine localisation has been compared, showing that the offline localisation yields distinctively betier

results.

{00494] The major use of the online localisation is, naturally, to use it in an online situation. However, this
is dependent on the segmentation being performed online as well. Furthermore, i the goal is to estimate
the robot’s position, there exist multiple other plausible approaches that dor't depend on the
segmentation. A related approach wauld be to ulllise g Hidden Markov Model where each state
reprasents a slice.  Another approach would be to utilise a particle filter and a grid map based on slice
observations.

{00495] There exist several alternatives for improving the localisation performance. Oneg approach would
be to ufilise nultipte types of descriptors, such as both height and volume signatures. Furthermore, as
described above, an increase in performance can be obtained by storing multiple variants of the same
descriptor for each tree. Additionafly, it can be assumed that & more complets integration of odometry
data can greatly improve the performance with regard to segmentation efrors,

Robust Segmentation

{004 86] A possible usage of the localisation method described herein is to continuously update a map
with new tree observatlions, giving a map that is always up to date. A problem however is the incorrect
segmentations that sometimes ocour in the segmentation step. As described herein it is still possible to
match most of these trees with the comedt corresponding tree in the map. However, even if multiple
descriptors of each ires is stored, the segmentation errors risk eventually corrupting the map.
Furthermaore, if the localisation method is used to monitor the changes of the individual trees, the
segmentation ercor will result in an incorrect estimate of the ree’s growth. In order {o avoid these
problems, a method for detecting segmentation errors can be introduced. As this error detection adds a
certain robustness to the segmentation, this ervor detection is denotaed “robust segmentation”.

{00497] The segmentation error detaction is based on comparing the observed tree with the
corresponding treg in the map, thus it assumes that localisation has been performed. Having matched
two trees, their height signature descriptors are compared. if the difference between the descriptors is
farge enough, a segmentation error is assumed to have ocounred. The performance of this method s
described using both randomised and real datasets and show that it correcty detects most segmentation
erors while onfy labelling a very small amount of correct segmentations as incorrect.

Segmentation Error Detection
{00498] In order {o detect segmentation arrors, the difference, D, between the observation descriptor and
the matched map descriptor is calculated. Introducing a threshold T | a segmentation error is defined to

have ooourred if
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Evaluation

{00489] The performance of the error detection method was evaluated both with the randomised datasels
as well as the original datasets. The reason for evaluating the performance on the randomised datasets
was that it gllowed the method’s robustness to noise o be evaluated. This is important as an increasa in
noise levels makes the matched descriptors less similar, possibly causing correct segmeniations to be
tabelied as incorrect. Similarly to the evaluation performed ahove, the evaluation 15 performed by varying
one noise paramater while keeping the others fixed. The investigated noise levels are presented in table
7.1

Dataset Border StdDey  Meas. StdDev  Seg. Error Prob. |
Randomised 0.0-3.0slices 0.25m 0.02 i
Randomised 1.0 slices 0.0-1.8m 0.02 |
Randomised 1.0 shices 0.256m Q.00-0.08 '
Measured - - 0.00-0.06

Table 7.1: The parameters used for determining the performance and robusiness of the segmentation
error detection method,

{00500] In order to quantify the performance, the result of the error detection for each ree was labelled as
either:

= True Positive (TP) - A tres is correctly segmenied and labelled as corract.

« False Negative (FN) - A Iree is corectly segmented and labelled as incorrect

» True Negative (TMN) - A tree is incorrectly segmented and iabelled as incorrect,

» False Positive (FP) - A tree is incarrectly segmenied and labeled as correct.

{005801] This allows the True Positive Ratio (TPR), defined as

{00502] and False Positive Ratio (FPR), defined as

Fp
FP+TN

i

S

FPR =

e,
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I00503] to be calculated. These ratios are calculated for each noise setlting, based on the matching of
maore than 10000 trees, for values of T ranging from 0 to 100. The result is presented as a Receiver

Operating Characteristic {(ROCY curve for each evaluated setting.

Results

{00504] The ROC-curves abtained for different rates of segmentation errors inserted into the ariginal
datasets are presentad in figure 63, showing that approximately 95% of alt percent of all segmentation
errors can be detected whils abelling less than 1% of the correct segmentations gs incorrect. Fig. 63
shows the segmeniation error detection performance when introducing varying amounts of segmentation
errors into the onginal datasets. Probabiiity of segmentation error: 0.00 {(8301), 0.02 (6303}, 0.04 (8305),
0.08 (8307). The resulls when introducing different amounts of segmentation errors into randomised
datasels are presented in figure 84, showing similar results. Fig. 64 shows the segmentation error
detection performance when introducing varying amounts of segmentation errors into the randomised
dataset. Probability of segmentation error: 0.00 {84013, 0.02 (6403}, 0.04 {6405), 0.06 {6407}
Furthermore, the similarity of the ROC- curves for different error ratios indicate that the method is robust
to the ratio of segmentation errors.

{00505} The performance of the segmentation error detection method for different border noise and
feature noise levels is shown in figures 65.and 68. Fig. 65 shows the segmentation error detection
performance whent vandng the border noise standard deviations. Border Noise Standard Deviation: 0.0 slices
{6501), 1.0 slices (8503),.2.0 slices (6505}, 3.0 slices (6507). Fig. 66 shows the segmentation efror detection
performance when vanying the fealtre noise standard deviations. Feature Noise Standard Devialion:
Probability of Segmentation ervor: §.0m (86013, 0.25m (8603), 0.50m (6605}, 1.0m (66G7). Both these figuvres
show that the performance of the error detection decreases with ingreasing noise. Nevertheless, even for
noise fevels double the size that was measured in the dalasets, the misthod detects over 80% of all

segmentation ernors while only labeling very few correct segmentations as incorrect.

f005086] The resuits show that it is possibie to detect more than 9536 of all segmentation errors while
fabeling less than 1% of the correct sggmentations as incorrect. Furthermore, the method appears robust o
nereasing naise levels.

{00507] The results also show that it is possible to detect more than 95% of ali segmentation errors while
fabelling less than 1% of the correct segmentations as incorrect. Furthermors, it has been shown that the
method is robust o increases in noise levels.

{00508] it will be understoad that it may be necessary to utilise a more complex error detection method,
A direct extension could beto utilise multiple types of descriptors, such as height and volume, or a

descriptor which describes the characteristics of the tree in greater detail.

f00509] i has been shown that the orchard 3D data could be segmented into individual trees usinga 3
state Hidden Semi-Markoy Mode! with both high accuracy and repeatability. 1t was shown a
number of alterations were described such as the introduction of a fourth state, ground removal,
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and the use of different observation festures. Finally, the different variants were described and itwas
showit that the best results were obtained by using a combination of height and volume obiservations
without employing any ground removal pre-procassing step. When using hand-tuned observation
distribulions, the bestresulls were obtained when using the mentioned settings in conjunction with a 4
state model. However, the 3 state model vielded very similar results. Furthermore, when learning the
observation distributions from a labelled dataset, the 3 siate vanant yielded betier results than the 4 state

equivalent.

{00510] Secondly, a set of descriptors were introduced for charactensing the trees. The descriptors were
used with a simple matching method, showing that the descriptors were informative and consistent
enough to allow localisation. Furthermore, i was shown that the height signature descriptor was the most
informative of the invesligated descriptors. Additionally, different methods of combining muitiple
measurements when building the map of the orchard were described.

{00511] Thirdly, a robust localisation method were described based on a Hidden Markov Model. The
method was used both on single and multiple rows, showing that it yields similar results in both sHtuations.
Furthermore, t was shown that integration of the direction of the observed trees had a notable increase
on the perforrmance. Additionally, it was shown that offiine localisation performs distinctively better than

the onling equivalent.

{00512] A method for detecting segmentation errors after having performed localisation was described.
The method showead that most segmentation errors can be detected while only labeling very few correct

segmentations as incorrect.

{00513] It will he undersiood that GPS independent focalisation system may be used by basing the 3D
dataset on robot cdametry instead of GPS positioning.

{00514] The same HSMM mathod could be utilized, but base the segmentation on the amount of “tree
pixeds” observed with a visual sensor. Additionally, the system may ulilise image processing approaches
such as curve fitting o delimit individual trees. Another altemative could be 1o utilise a single-point laser
rangefinder to measure the distance to the frees at a certain height.

{00515] Regarding characterisation, it will be understood that the trees may be described using image
descriptors.

{00516] The described online localisation method may be dependent on the segmentation being
performed online. One approach for performing the localisation online could be o utilise a HMM method
based on the individual slice measuraments, another 10 use a particle filter with a grid map based on slice

observations.

Basic probability Theorems
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The dertvations presented above miake use of @ fow basic probability

thearems, these are prosented here,

Marginal Probability The marginal probability Flxd can be caloulated from the
joint probability Pix, piby

Py = Y Py, vh {11
"

Conditional Probability Thoe conditional probabdliny Pyl can be expressed as

Pix, p)

L Pl e ()

?{“&g‘} =

{n the vase thay Pip) = O then POy s undolined,

The Chain Rule The chatn rule, dertved by rewriting (1Y, s expressad as

(i

Bayes' Theorem The classic Raves” theovem, dertved From {3} and (U, states
that

{1V

2%

Direction based localisation

Two further methods for preforming localisation are described. The first one, directed variant, relies on
the ohservations being observed in the same order as the map, while the second one, in the undirected
variant, does not have this restriction. However, as the performance of the directed variant is betler, #t
would be beneficial if the directed variant could be ulilised even if the order of the observations were

different.
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e A p sroach t achieving this i o wse the known ffii‘z"{'i‘iﬁ‘?i af the robot 1o
detenirine how it transitions from one tree fo the next, Using this informeation, i
wondd be possibile to oreate @ divection vector O delined &

}Q 1, i the nest observed tres is o the front of the current observation
Cy=40 | i the direction & unknown or the row hmgc»‘.
§‘»§ F the rent observed fros {5 10 the haok of the current observation

(W13

This could be utilised by slghtly mudifying the cployed optimisation algorithm

. . ¥
toy e thres different i &zasziwn *mm west one forwards transition matng, &7, wae
(AT, and one uadireciesd {1 fon drix, &Y. The

bankwards transition ma
frausticon matrnx weed et sact siep wor dd then be based on the correspomding
elerment of the direction vector. The re sulting Porwards algeciihm 5 presentsd
ty algorithm 9, Aun'e’sfer corresporsing variants of the Porwards-Backwands and
Viterbs slgorithm can be created 1 the same way

Algorithm ¢ The Direction Baved HMM Forwards skigs'szrii’ima

for j =1 - N deo = {ivitialisation
ayify= B (R4

end for

fort =2« Tdo » Recursion
H Ot~ 1i==1 then
,\"i = A'%"?
else i C{f — 11 == 0 then

A= '% H

end for

fory =1 - Tda » State Maximisstion
‘g'_‘w- m mam (i

end for
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CLAIMS

1. A method of determining a location relative to the position of one or more natural elements within an
environment, the method comprising the steps of;
measuring a set of characteristics associated with the natural elements, wherein the set of
characteristics comprises at least one characteristic associated with the natural elements;
cregting a plurality of discrefe data sets from the measured set of characteristics;
associating the discrele data seis with individual natural elemenis;
sequencing data within the discrete data sets to create a curent data sequence; and
determining a location relative to the position of one or more natural elements within the

environment based on a3 comparison of the current data sequence with a stored data sequence.

2. The method of claim 1 wherein the stored data sequence is based on a pravious characteristic data
set oreated by measuring a second set of characteristics assodiated with the natural elements, the
method further comprising the steps of associating data within the previous characteristic data set
with the spedific individual natural elements; and

sequencing the associated data within the previous characteristic data set.

3. The method of claim 1 whevein:

data within the discrete data sets being associated with individual natural elements is dala
associated with a first characteristic within the first set of characteristics;

data being sequenced o create the current dala sequence is data associated with & second
characteristic within the first set of characteristics, and

the first characteristic and second characteristic are different.

4. The method of claim 1 wherein:

data within the discrete data sets being associated with individual natural elements is dats
associated with & first characteristic within the first set of characteristics;

the data being sequenced to create the curent data sequence is data associated with a second
characteristic within the first set of characieristics, and

the first characteristic and second characteristic are the same characteristic.

5. The method of claim 1 wherein the step of gssociating the discrate data sets with individual natursl
elements comprises the step of
segmenting the characteristic data set info discrete porlions, and
associating each discrete portion with one of the individual natural elements,

8. The method of claim 5 wherein the step of segmenting the charactenstic data set into discrele
portions comprises the step of segmenting the characteristic data set using a Hidden Semi-Markov
Model.
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The methad of claim 5 wherein the step of segmenting the charactersistic dala set into discrete
portions comprises the step of taking discrete measurements of the first set of characteristics at

predafined intervals.

The method of claim 7 wherein the predefined intervals are time intervals.

The method of claim 7 wherein the predefined intervals are distance intervals.

The method of claim 1 wherein the step of sequencing data within the discrale data sets to create g
current data sequence comprises the step of grouping the discrete data sets into a defined sequence
tfength.

The msthod of claim 1 wherein the step of sequancing data within the discrete data sets comprises:
gbtaining a plurality of descriptor values, wherein each descriptor value is based on a plurality of
single data points, where each single data point is selected from one of a plurality of discrete data
sets that are associated with ong individual natural slement, and
positioning the obtained descriptor values in a defined sequence.

The method of claim 11 wherein the descriptor vaiue is caloulated from the single data points by
selacting one of the single data points or calculating a new value based on the singie data poinis.

The method of claim 1 wherein the step of sequencing data within the discrele data sets comprises:
obtaining a plurality of descriptor values, whersin each descriptor value is hased on a plurality of
data points, where each data point in the plurality of data poinis is selected from one of a plurality of
discrete data sels that are associaled with one individual natural element, and
positioning the obtained descriptor values in a defined sequence,

The method of claim 1 wherein the step of determining a location comprises the step of using particle

filters on the current data sequence.

The method of claim 1 wherein the step of determining a location comprises the step of asing a HMM

algorithm.

The method of claim 15 wherein the HMM algorithm comprises one of a Viterbi algorithm, Forwards

algorithm and Forwards-Backwards algorithm.

The methad of claim 1 wheren the set of characteristics comprises one or more of height, volume,
density, colour, and temperature characteristics of natural elemeants in the environment.

The methad of claim 1 further comprising the steps of.
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performing further measurements before, during or afier determining a location and

assoaciating the further measurements with a natural element based on the determined location.

The method of claim 1 further comprising the steps of determining a potential error based on the
comparison of the current dats sequence and stored data sequence, wherein the potential enroris
created from discrete data sels not baing associated with the correct individual natural element.

Asystem for determining a focation relative to the position of one or more natural elements within an
ervironment, the system comprising a data capture module, 8 segmentation module, a sequencing
module, a charactenisation module and a localisation module adapted to perform the method
according to any one of ¢laims 1 to 19.

A method of determining a set of charactenistics associated with natural elements in an environment
for determining 8 focation relative to the position of one or more natural elements within the
environmernt, the method comprising the steps of.

measuring a set of characigristios associated with the natural elements, wherein the set of
characteristics comprises at least one characteristic associated with the natural elements;

arsating a plurality of discrete data sets from the measured set of characteristics;

associating the discrete data sets with individual natural elements;

sequencing data within the discrete data sets 1o create a data sequence; and

storing the data sequence suitable for determining a location within the environment.

The method of claim 21, wherein dalz within the discrete data sets being associated with individual
natural elements is data associated with a first characteristic within the first set of characteristics:

the data being sequenced to create the current data sequence Is data associated with 2 second

characteristic within the first set of characieristics, and

23.

the first characteristic and second characteristic are different.

The method of claim 21, wherein data within the discrete data sets being associated with individual
natural elements is data associated with a first chargcteristic within the first set of characteristics;
the data being sequenced o create the current data sequence is data associated with a second

characteristic within the first set of characieristics, and

24,

the first characteristic and second characteristic are the same characteristic,

The method of claim 21, whersin the step of associating the discrete data sefs with individual natural
elements comptises the step of;

segmenting the characteristic data set info discrete portions, and

associating each discrete portion with one of the individual natural elements.
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25, The method of claim 24, wherein the step ¢of segmenting the characteristic data set into discrete
portions comprises the step of segmenting the characteristic data sat using a Hidden Semi-Markov
Model.

26. The method of claim 24, wherain the step of segmenting the characteristic data set into discrete
portions comprises the step of taking discrete measuwremeants of the first set of characteristics at
predafined intervals.

27. The method of claim 28, wherein the predefined intervals are fime intervals.

28. The method of claim 26, wheredn the predefined intervals are distance intervals.

29. The method of claim 21, wherein the step of sequencing data within the discrete data sets to treate a
current data ssquence compy ises the steps of:
grouping the discrete data sets into a defined sequence length.

30. The method of clainy 21, wherein the step of sequencing data within the discrete data sels comprises:
obtaining & plurality of descriptor values, whevein each descriptor value is based on a plurality of single
data points, where each single data point is selected from one of a plurality of discrete data sets that are
associated with ene individual natural element, and

positioning the obtained descriptor values in a defined seguence.

31. The method of claim 30, wherein the descriptor value is calculated from the single data points by

selecting one of the single data points or ealculating a new value based on the single data poinis.

32. The method of claim 21, wherein the step of sequencing data within the discrete data sets
comprises;
abtaining a plurslity of descriptor values, wherein each descriptor value is based on a plurality of
data points, where each data point in the plurality of data points is selected from one of a plurality of
discrate data sets that are associated with one individual natural element, and
positioning the obtainad deseriptor values in a defined saquence,

33. The method of claim 21 further comprising the step of determining a location value based on a GPS
signal, and storing the iocation value with the current data sequence.
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34. A system for determining a set of characieristics associated with natural elements in an environment
for detenmining a iocation ralative to the position of one or more natural elements within the
ervdronment, the system comprising a data capture miodule, a segmentation module, a sequencing
rodule, a characterisation module and a localisation module adapted to perform the method
according to any one of claims 21 to 33.

The University of Sydney
Patent Attorneys for the Applicant/Nominated Person
SPRUSON & FERGUSON
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