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Abstract

The increase in the efficiency of agricultural machinery is a theme that attracted the attention
and investments of the industrial and researchneonity. In addition, in a global market,
where the prices of agricultural commodities are so volatile and the prices of the inputs
increase, farmers and agricultural contractors struggle to obtain at the end of the agricultural
season a consolidated profibr these reasons, it is important to carefully plan the usage of
combine harvesters, to reduce the unproductive time and the input usage such as the fuel,
that at the end of the harvesting season could increase costs.

This study ains to develop an algithm able to automatically identify and evaluate the time
spent by the combines in each of the identified activities, identify the field boundaries of the
harvested fields and perform a performance evalualiobe able to develop the algorithm,
during he harvesting season§2020 and 2022, two combine harvesters operating in real
worl d condi ti ons weremoBitoreddhg daaathaces®ary toperfarm the
analysis were acquired as CANBUS data and processed by using the MATLAB ® suite.
The resuls obtained from this analysis show that the monitored combines have spent over
60% of the time performing harvesting activities, 13% of the time idling at the field, 10%
performing headland turthe 3% and 4% of the time respectively in trangpor the field

and road and 2% of the time in unloading. In addition, the performance of the monitored

combines resulted similgrto the performance reported in other studies.



fiThe first rule of any technology used in a
business is that automationpdipd to an
efficient operation will magnify the
efficiency. The second is that automation
applied to an inefficient operation will
magnify theinefficiencyo .

Bill Gates
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Chapter 1

1. Introduction

1.1 Problem description

Farmes and agricultural managestruggleto obtaina profitat the end of the harvesting
seasonand thispushedresearchers tmvestigatethe performance aéverysingleactivity
carried outfor growing crops This is necessarin order to cutthe operationalcostsof
machines which are accountied almost 3046[1].
The performancef agricultural machingrincreasedhanks to technological developments
which ledto anincreasd in the size of agriculturamachinery a reductionn the required
workforce andan increasenma c¢ h i rfuactiopaiites All these improvements permitted
to increase field capadds, grain quality, and minimise lossedHeld capacityis thearea
covered by agricultural machinery in dmur and it represents &ey parameterfor
performance evaluationnstead grains quality ensembleseveral characteristics such as
physical {.e.,moisture content, bulk density, etsafety(i.e.,absence of fungal infections,
mycotoxins etc.) and compositional factorg€., protein contentstarch content, etc.).
Researchers investigatedwide range ofgricultural activitiesin order tofind possible
inefficiencies andorovide possible solutions to increabe field capacity Most ofthese
investigationsare related to tillage and crop protectioactivities and onlya few have
investigatel harvesting activies However, most of theseanalyseswere performed in
constrainedconditionswhich donot completelyrepresenwwhat happesin real working
environmentbecauseéf operators knovthat theyareinvolved intoa researclactivity, they
may change their behaviour influencing tiesults In this thesisthe activities carried out
by combine harvestesperating inreatworld conditionswere monitorediuringan entire
harvesting seasonn order to investigaten which and how combine hanesters are
effectively used on fieldsn particular this thesis reports methodology to

1 Classification of the operational states

1 Classification ofields and estimation of the fielmbundales

1 Estimation of thgparametershat permit tcevaluae combine performance and their

comparison witlthe dataeportedn theliterature.
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1.2 Technological developmenin combine harvesterand profit
reduction in agricultural companies

Since the development tife first combinepulled by horsg equipped with a steam engine
andrequiing at leasfour operatorsmanytechnologicadevelopmerghad been mad|[2].
The first andnost important development was mangta combustiorenginemaking them
selfpropelled thus, they couldimultaneouslymoveand processrops This improvement
was achieved duringcrucial historical momenthe Second Industrial Revolutigbetween
XIX and XX century, in which industry become a leading sector in most developed
economiesThis growthof industryresulted in aincreasen thei n d u svorker €alsries
thatattracedpeople from rural areas to theieg with a consequent workforce reduction in
agriculture Indeed, as reported by Federico and Malanimé#aly as well as in most of the
developed countriesjncethe end of the&XX century the amount of agricultural workforce
was reducedo 5% of the tota[3]. In addition for almost thirty yearsincethe end of the
Second Industrial Revolutiothe world faced twavorld wars that creatd a reductionn
food availability however,at the end of thiperiod the world populationgrew rapidly as
well as thef o o dequest To supportthese two demandsgricultural manufacturers
developed new agricultural machigemdimplementswhere thedemandedvorkforcewas
reducedand at the same timigeld capaities and grains quality increasedIn combine
harvestersthe cutter bar width wasincreasd together withthe size of combine, engine
thrust and tank capacity. THed to more powerfuhndheavier machines able to process a
greater amourdf grain. Thencombines were equipped wighectrically controlled systems
and thisallowedengineerso access a wide range of informattbatfurtherly increasd the
efficiency of combine harvester§he electronicsimplified the work of the operatand
operedthepossibility of mouning different kinds of sensordéike moisturemetersandnear
infrared spectrometer (NIRs) and permitting to obtain reaitime information about the
c 0 mb iparferinancesettings andrainquality.

The applicationin agricultureof global navigation satellite systsfGNSSs) permittedto
obtain the global position of a vehicle franconstellation of satelliteendintroduced the
possibility of geareferencingthe beforementionedataandthe developmenbf automatic
guidancesystems[4]. In particular, he combination ofnformation conng from yield
monitorsand GNSSreceives permittedto monitor the variability otrop yield in a field
helpng farmers in their sitespecific crop managemen{5]. The aforementioned
technological development in combine Vestershad, asa consequencencreased the
purchase and servigpeices of these complegricultural machingy [6]. Indeedas reported

by Mimra and Kavkd7], the purchasing price ofombinesncreasd by 24% from 2008
13



2015 But in modern combines, not only the purchasing price has been increased but also
the repair and maintenance costs. Indeethaderncombine harvestgrmanycomponents
couldfatally increag the probability ofmalfunctiors or failuresandcancause an increase
of repair and maintenance casksdeed, a stated by Calcante et &], the repair and
maintenance costgenerallyrepresentlO + 15% of theotal coss of combines but these
costscouldincrease with the age tifemachinery Thesecostitems, together with fuel cost,
representin economic termsavariable cosaind they changeith the increase of thennual
use.Otherbudget iters thatmustbe consideredrethe commaodities pricg which belong
to the cerealprice and théuel price.Indeed, theereal priceepreserda source of revenue
for farmers and agricultural magers anda variation of thidudget itencan influence the
profit; while the fuel pricerepreserg an expense itenand canconsequentlyncrease the
costs.These pricevariation of the commoditieare related toa worldwide phenomenon
known agglobalisationThe globalisatiorof commodiy 6 s  nirdrodlcel the concept of
uncertainty because the pricinig no longer dependent to natiorfattorsbut insteadto
global factorsandthosepricesnormally presentmonthly marketfluctuations Nowadays
farmers and agricultural managestsuggleto makea profit at the end of théarvesting
seasomue to thechangeof the abovanentionedoudgedtems.Thismeans thafiarmersand
agriculturalmanages mustreduce the cost3his goal can bachievedby increasing the
annual utilizatiorof the combine harvesteas reported bivlimra and Kavkan their study
[7]. Moreover nowadays technological developmeéstnot able tofurtherly increasethe
efficiency of combines due to ight international standasdabout thereductionof the
emissionof greenhouse gasses (G8J@] and problemsvith soil compactiorj10,11] For
these reasongesearchers started tavestigate other possible ways to increase the
combi ne6s ecbnkequemtighe profit. Sanmedbsearcherstarted to monitothe
fleet focusing onthe importanceo optimise machinery siz¢12]. Specifically,the optimal
machnery size isdependent onnteractions between machineand the biological and
meteorological systesn[12]. From those angies, it was dscovered thato increase
productivity and reduce the costd agricultural machineryit is mandatory to plan and
control the use of resourcesarable farmingThis istrue, especially for large machinery,
such as combine harvestgn whichit is important to maintain a high efficienby limiting
nonproductive time which represerd a higher proportional loss in potentiahachine
production[13]. To reduce the amount of timgent on noiproductive activitiesand
increase efficiencys necessary to increase theanagemenand plaming capability of
farmers and agricultural managettsisis possible thanks tleet management tools. &e
instrumens, developed forthe transport businesshave found an application also in
14



agriculture to increaseschedulingactivities operational efficiency and effectivend&d].
Otherresearchers monitedhowtheo p e r askillacan nffuenceharvestingperformance
[15], while othersmonitoredthe machinery int is entirety [16]. Each one of the proposed
solutionscanin a certain way increase tpeofit, butto provideto farmers and agricultural
managerswith the best solutions is mandatory tollect and storea wide range of

information about these ofcombine harvestein reatworld conditions

1.3 Literature review

The possibility ofa furtherincreag efficiency of combine harvestrand in general of
agricultural machineryattracted the attention of researchers since the advent of precise
agricultureand international policig 0132020 aboutGHGs. In literature there are many
studes about different methodologiesadoptedfor monitoring andanalysng different
farming activities To obtain a completpicture of the harvesting activitgerformed by

combinesjt wasdecided to breathis studydown into three different steps

1. Identify a way toacquirea wide range of data from agricultural machinand
classifiedit into tasls.

2. ldentify theharvestedield boundariesnd obtain information aboutdh parameters
and characteristics

3. Obtain and analysthe operationaperformance of the combine harvestdiging

harvesting season.

This choicewas maddecause in this way waspossibleto deeply understand each aspect
of the harvesting activitand at the same timié permits toidentify possible relatiom

betweereachoneof the thregart in which the activityvas split
1.3.1 Data acquisition and aitomated taskidentification

For acomplishing the before mentioned steps, data coming from real usages of combine
harvesters must be properly collect€danks to technological developmemowadayghis
operationis easierto performthan in the past Indeed, the development performedaof
communication protocol calle@ontrol Area Network (CANBUShy Boschand it is
adoption by agriculturalmachinerymanufacturer§17] led many researchers tmalyse
CANBUS technologies [18,19] CANBUS technolog is based ona multiplex
communication network where there are no master or slave devices in the; sydesd

the devices connected to the network can freely transmit mesfage®ntain information
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by using a unique message identifier (IDs). In the CANBUS netyeorkmunication occurs
between the electronic control units (ECUs) displaced in differerg gfattie machinergas
shown in Figure 1. The ECUs are microcontrollers that monitor, control anuerface
with some function omachinesThe CANBUS network presesstandard CAN messages
but manufacturers can createroprietary CAN messageso improve machinery

management and performance by including more se[#&ars

ECU ECU

CAN low

CAN high

ECU ECU

Figure 1.1: Electric scheme of the CANBUS network

The combination of CANBUS and GNS&ceiver providd researcherwith a wide range

of information and opered the possibility to analysand understandhow agricultural
machiney were used in their daily taskgithout installing bulky and expensive sensors
where their durability in field conditions cannot be guaranteed.

In order to be able tmentify the best methodology acquirea wide range oflata ando
identify the tasks in whichhe combinesare invohed during harvesting seasmeveral
researchaboutdata acquisition and/or tasks analysere investigated=or these reasons
the investigatedtudiesare not referreéxclusivelyto combine harvesters but alsmother
kinds of agricultural machinesvhich embed CANBUStechnology such as agricultural
tractors Bottinger and Fliegemonitored seven Claas Lexion 580 combines with a data
loggerfor evaluaing the working performance of cleaning units of combine harvesters on
slopal fields and recorded operational parameters such as the ground speed, the inclination
of the machine, the position, machine adjustments, grain loss and throligjputhe
authors explained thdte obtained data satrerecheckedor validity and uncertain data set
were filtered outFrom the analysis of these paramettrs authors were able tmderstand
how the cleaning unit woddon hillside terrais. The proposed methodologhowedhow

to automatically acquire large amount of dafaom combineharvestersbutin this study

there wasot reportedany informationrelated to thedata logger choseor the approach

16



used forthe data analysjsand the authors considered only the evaluation of the cleaning
system Insteal, Molari et al.in their researchuseda datalogger developed by Vector
Informatik GmbH, StuttgayDE (i.e., CANcaseXL log wheredata were stored ons&cure
digital (SD) card In this study, they monitoredfor an houra tractorin three different task
such as trailer transportation, cultivatiand ploughing The research aimetb identify
which wasthe most used gean each operatiofl18]. The poposed methodoffy showeda
possible solution to recouifferent signalgrom the CANBUS network abotitactorusage
In a study performed bySalim et al. a John Deer®430 was monitored to evaluats
performancehroughCANBUS data Theanalysiswvas performed im fieldthat waddivided
intothree block®f 16strips eachandCANBUS data were collected witHaptop connected
to aCANBUS analysedeveloped byector(i.e.,VN 1610. In this casgt was also creatk
a backup data set by usiag/ector GL1000 data loggand data were statistically anadygs
through SAS software(SAS Institute Inc., Cary, North Carolina 27513, USA this
analysisthe researchermonitoredthefuel rate position,slip percentage aheffective field
capacity the first two information were obtained the CANBUS while the field capacity
was indirectly obtainedut regardingthe devicé configurationthe prgosed one resugdt
aretoo compleX21]. In all the before mentioned studid¢ise operator had to turn on and off
the data recording process limiting the amount of recordable data and therefore the
generalizationsf the research resultadeed, collecting data in the most realistic conditions
is crucial to make the operator unaware of the recording prfggs#/olari et al.were the
first to extensively record CANBUS data in the most realistic conditiotisheay adopted
standalone CANBUS data logger optimised bi}B Industrialand adashcamerg23]. The
dataloggerwas able to automatically record all the CANBUS messages every time the
tractor engine was turned ,owhile the cameraecordedwhat happened during idl&he
data analysis wasarried out withMATLAB (MathWorks Inc., Natick, MA, USAand to
individuate the idlingconditiors they developed an algoriththat create a logical variable
thatwas set td anytime theractorwasin a stanthg position and the PTO wa®t engaged
while was 0otherwise Even if this studyhelped to desigan extensive data collection of
CANBUS data, the analysis was mostly focused on the analysis of a specific operating state
of the tractor (i.e., idling)The aloptionof a camera thatcorcedwhat happened every time
the vehicle was in idle conditiarould bea prosecution of the efficiency analysis in combine
harvestersMattetti et al.in their analysisproposed solution to outlinéghe mission profile
of agricultural tractors by using CANBUS data ars&édy19]. In this studythe datawere
acquired by using the same devadopted by Molaret al.[23], that has allowed tacquire
the data foelmost 107 days/Vhile the data analysis was performed by uSi#grLAB and
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an ad hocalgorithm that was able tadentify all the operating activitiesn which tractos
are typically involved. The methodology proposed by Mattetti et al. presaltthe
characteristics required to perforan automated identifidain of the tasks in which
combines were involved during harvesting season both for the chosen dataalodjtper

the algorithm presented for the data analysis.

1.3.2 Automatedfield boundariesidentification

As reported byVebster and Olivetheearths surfaces heterogeneou$utit could change
multiple timesand creat a sort of endless varie{g4]. The point of view of these two
researcherperfectly explainsheconcepiat the basis of precision agriculture (RA)hich
the parametersould changen space and timd& he application of PA wuld have not been
possible withoutthe developmentof certain technologiesuch as computersGNSS,
geographic information systems (GlSgnsors and application contf2b].
Each yearthe land coveand theboundaries of the fieldouldchanges accordinglyith the
planned crop rotatioar due to theshifts inagricultural markets and policy initiativéag].
So, f farmers or agricultural managers want to have adcesgriculturalfunds orwant to
develop ahistoricaldatabasevhere stoesall information abouthe monitored parameters
for each fieldthedelineation of field boundaries is aperation that farmeend agricultural
managersave toperformeveryyear In theearly fleet management solutions developed by
agricultural machinery manufacturetbe field boundary delineatiomad tobe performed
by the operatorwith a tractorequipped witha GNSS receiverThis operatiorwascarried
out by seting on the monitotthe recording mode andunning the tractoraround the field
boundaies At the end of thgorocessthe operator fato stop the acquisin, set a field
name,and savehe acquiredinformation This procedurés mandatoryfor usng automatic
guidancesystemsandit must be carried out any time there is a change in field boundaries
This leads to anunproductiveuse of tractors in a cropping cycl&éhanks to software
developersaind researcherthis operations nowadaysasiersince it can be carried out with
Farm Management Information Syst®(RMISs) using satellite maps. Even if this aveid
the unproductive use of machinery, the operatiowadaysemairs manual
For these reasonsggearcherbegn to look for more efficien and lesstime-consuming
solutionsto automateheidentification offield boundariesThesolutions found in literature
canbe divided ino two grous in function of the data source usdzhsed on the satellite
images andon machinery trajectory measured W#NSSreceivers
By starting from the solutions that permit the use of satellite imagethat come from
unmanned aerial vehideone of the proposed idewas based on theseof a multistage
18



approachfor segmenting field object§his approachproposed byMarvaniya et a) was
developedwith the purposeto automaticallyidentify the field boundaries of small fiedd
which was not investigated befofiéhe authorsdentified croplandsby adoping a reversed
method in which wereexcludednonagricultural land (forests,villages, grasslandR7].
This goalwas achieved byapplyingto the acquiredaerialimagery theglobal land cover
mask provided by Buchhorn et a[28]. After this first stage contour detectionvas
performed only on theregions identified scroplandsby appying theHolistically-Nested
EdgeDetection (HED}echniqueThis technique consists e@dge detectiowhere a sort of
clearrup of the output datevas performedby applying image operations such as ergsion
dilation,andexplicit edge thinningThis operatiomesuledmandatory because the algorithm
can misclassyf polygons for the followingreasoss:
1 Areaswithout crop fields orwith small isolated buildiigs, builtup or norcrops
areadnside an area consideredaepands.
1 Polygonscan beformed by multiple fields
1 A single field can be split into multiple polygoasd identifiedas multiple fields
To reduce the risk of misclassificatiothe authors applied methodology based am
heuristics method based @ deep knowledge of the field cheteristics such asthe
convexity,size andaspect ratioThe authors meamspect ratio a ratio between the average
width and perimeter of the polygarighis correction of the dataas performed by setting
different threshold valigrelated to:
1 A minimum area and perimeten which all the fields with thseparameters lower
than athreshold value were excluded
T A minimum value of convexity of the fields, where the fields excluded from the
analysis do not have a ratio of the area of the convex hull drawn around the identified
polygon to the area of the polygdselfwerenot too large
1 A minimum ratio between the area and peegimeter of the field, in which the fields
that pass therevious two thresholds need to present astiolkel ratio between area
ard perimeter.
1 A minimumaspect ratio of the polygons which theidentified polygons that have
passed the previous thréests were excluded whenevee thspect ratis of the
polygonswere belowthe set thresholdalue.

Once obtained thfirstp o | y glassifitationthe attentiorf the authors shifted teerify
if the identified polygonsverecomposef a single polygon dby a group of polygong.o
obtainthis information the authorchecled the absencgf thep ol ygonds boundar
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points Marvaniya et al considedas cut points all #hlines along whickarge polygongan
be split. In order to be able to identify the field boundaries in each situation, the authors at
the end of the previous steps, performed on each identified polygons a -Ba@ind
Al ocal i zedod clTo betablauto perdoet tlescahalysisn authorssdopted the
Canny edge detectanethodologj29], in which were checked the pixels present in the
image This analysiswas performed by applying &aussian filter to remove the noise,
individuate the maximum intensity ghants for the imageand compare the gradient
intensity with the gradient direction of each pixel in order to be able to identify if the pixel
analysed is linked to done that follove. If this relation igrue,then those two pixels could
be consideredsaedges. To reduce even more misclassification two threshold gradient values
were sehamed as low and high threshold; thus, pixels were classified into three groups:

1 Strong: any time the gradient value of thegbis higher thathe high threshold.

1 Weak: any time the gradient value of the pixelbestween the low and high

thresholds

1 Suppressed: any time the gradient value of the pixel is lowmethbdow threshold.

In the endto be sure thaverecognised only agricultural fieldsd excludeesidual portions

of buildings ornatural vegetatiositedinside agricultural regionshe authorgerformed a
training phasef the algorithmin whichtheycreated a data set contiaiginformation about
thespectral and shape features of agricultural andagpicultural field§27]. The solution
proposedy Marvaniya et alrevealed thathe adoption o multistage pproach helpdto
perform an automated field boundaridentification,andit could be performed also for
smallfields. In addition,deep learningpproacimormallyrequires a wideaumberof images
(10,000 to 50,000fpr the training phaséut in the proposed methodology this number can
be reduced t@5. The mehodology proposed by the authors can find an appbicati this
analysisbecausét wasable to identifyboth small and big field boundaries, the problem is
only related to theequired computing powedsy the proposed algorithnfior the above
mentionedreasonthis approacitould not be consideed

GarciaPedrero et al. proposash approach baseondeep learning30]. In particular, bey
proposé the use othe Land Parcel Identification Syste(thPIS), a web portal developed
for the European Communit{EC), in which are reportedll boundaries and areas of the
parceleligible for the payment of the Common Agricultural Policy (CAPhis porta) as
reported by the authorsanprovide a sort of cadastre africultural fieldsper eaclstate
memberand the informatiorwithin this platform are weful for studying and monitoring

various aspect of agricultural actiei$ [31]. This portalwas wsually kept updatedn order
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to reduce the risk of payimrganctions due to improper identificationagricultural lands
Authors stated thahe updating proceduiis laboriousand prone to human errprocess
[32] peformed by photanterpretation of high resolutions orthophoto81]. In their
analysis, Garcidedrero et aproposed &olutionbased on deep learning (Dwhere207
raster tilesprovided by the SIGPAGvere considered As reported by the authorthe
SIGPAC isthe Spanismame for theLPIS; for eachof the raster tilesit wasavailable also
the boundaries of agricultural pargelater bodiesandcities Fromthe availabledatg the
authos selectedonly the parced corresponding to the following land cover classification:
fruit trees, nuts, olive groves, orchards, arable damadd vineyards.The information
provided by thisselection were used tauthors as ground trutin which the ground truth
represents data sethat can be used for the training phase of the deep learning algorithm.
To be able tautomaticallyidentify agricultural boundarieghe authorsapplied a UNet
methodology based on a convolutional neungttwork model Wwerefor the trainingphase
they usedthe information provided by the LPISAs stated by Garci®edrero et al, the
application of this methodology presented a probletmch turns out to be related to the
computational requirements to perform the training ph&se.this reason,the authors
reducedthe spatial resolution of the datetto 1.173 by 1173 pixelsby using the nearest
neighlour algorithmandapplied the same resolution also to theterized ground truth data
set To perform a good training phasad avoid ovefitting, the data sehad a high
variability andfor this reasonthe authorsaadopteda random Dihedral transformatioAs
stated by the authqrghe adoption of a deep learning methodology adidva very good
performance offield boundaries identificatiorfrom different images The proposed
methodologycould not be used to perform an automated field boundatestificationif
the kind of data used by the authors were not easily available and ifdimetearequired
computational capacity
Anotheradoptedsolutionconsisted in theseof satellite imagscoming from the Sentinel
2 satellite Theseimagespresent anediumspatial resolutiorbut are freely availablewith
an open data policy33i 35]. Sentinel2 image are usualy used for crop classification
becausehe images presegiood spectral information and medium spatial resolytioese
features make these imagasuitable foragricultural field boundaries identificatiolm this
research performed byMasoud et al[36], it was developed amultiple dilation fully
convolutional network (MEFCN) and asupefresolution semantic contour detection
network (SCR-Net) to performpixel-wise image analysiAs seen in other stigbk these
deeplearning approachegere trained toxract semantic informatioinom satellite images
In this analysis the authorsusedSentinel2 and RapidEyeimages of Flevoland inThe
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Netherlands,and to perform the automated field boundaries identificatianbasic
registrationcrop parcel (BRP)datasetdownloaled from a Dutch governmentalopen
platform that offersup-to-dategeodataAs reported by the authgthe BRPdataset contains
information about land use theNetherlang and is divided into five attributes: arable land,
grassland, wadiand naturalandother.Thanks to this datasd¥lasoud et al. were able to
define agricultural field(arable land and grassland)onagricultural field (wasteland,
natural and otherand agricultural field boundarig®\FB). For the authorsAFB was
represented by the outer extehat defines the transition from one fiéddanother ofrom
a field to a noragricultural field.At this point the authors identifiedrom the Sentinel
dataset10 tileswith the same size as ground trditin the training and fothe testingthe
samething was performedor the RapidEye dataseAs mentioned by the autrsrthe
analyss was performed previously only on two s$jlehispart was necessary setfilter size
patch size and the trainisgmplesafter on the entire dataséthen the AFB were identified
from the datasethe authorgerformed an accuracy assessment by usng-score As
reported by the authqrthe proposed methodologies wadkproperly for automated field
boundaries idetification bothatlocalandnational scalg The onlylimitation isrepresented
by the accuracy of the dataset used for the training phfaseegative aspect of this
methodologyis its computational demand; indeddasoud et al. report thahe training
phasefor MD-FCN and SCRNet model from a tile of 800 x 800 pixels with a 10 m
resolution requires roughly 2 and 4 hours [36]. The proposed methodology is surely
interesting bubhardly can find an applicatian theanalysis, dueatthe fact thait requiresa
great computationalemand
Another technique family is the identificationfald boundaiesusingmachinery trajectory
when they operate ahefield. The advantage of #se technique families is that does not
require access to weathdependent satellite imagery in the aaal it requires a low
computational capacity arakelatively lowcost instrumentatianr hese approaclespermit
obtaininginformation about the harviesl fieldsin all weather conditiomandall over the
world as long as the machines warkan areandcan be implementeéasilyon combine
harvestersChen et al[37] performed an analysis of a dataaetjuired in Chinan 2019
aiming to identify fields and road segment$o performthis analysisthe authorsleaned
thedatain order toavoidthe influence of signal noise thatyoccurduring data acquisition
To reachthis goa) incorrect GNSS points were detected by using the maximum speed
reached by the vehic[88]. To each of the remainirgpints, the authors applied the nearest
neighbour smoothing methadhich replacel the GNSS coordinates with the mean value of
the geographical coordinates of its closest pdB8s40] The aithors have also performed
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filtering of duplicate pointdbecause whenever the combine wasaistanding position
generatd duplicate points thaheeded tobe excludel from the dataset, otherwidbe
algorithm individuate abnormal points density during the clusterippase After
performing the data cleanine authorsarried outthe DBSCAN clusteringin which the
clusterswere defined on the basis of tliensity of the pointsand in particularfield
operationgresent high point den@sdue to the low ground speed of the comhimde on
road operationgoresentiow point densies due to the high ground speed of toenbine
The DBSCANalgorithm[41] as reported by the authprequirestwo input parametersne
is the neighbourhood radiasd theother isthe minimum number of pointsThe set of these
two values should reflect the densttyference between road points and field paiiitse
adoption of a DBSCAN methodto perform a clusteisation allowed a possible
misclassification of the dataset poimteenthe GNSS points density dheroad is similar
to the density othefield andvice versa. The first case occurs when the vehiclesslown
or stops ortheroad, while the latter occurghen the GNSS signal was l0Sb to reduce
these misclassification§hen et al developeddirectiondistributionbased inferenc&hich
was based on the id#aat the strips in the sarfield were parallelwith thisassumption the
authors developetivo inference ruleg-or the former,n casethe number ofGNSSpoints
is lower than athreshold valugthe field cluster was considered a faiieéd. For the latter,
the methodologywas different as well agshe assumptia® Indeed, road segmengse
consecutiveso the algorithnperformedthreechecks
1 Speed check: if the segments are in a fiedr speed should be similatherwise
thesegmert are ortheroad.To perform thischeck the authors set a threshold value.
71 Direction check: if the segments are in a field their direction shouldaballel
otherwise the segments are the road. To perform this check the authors set a
threshold value.
1 Shared parallel zone chedk:the number ofparallel segments is greater than a
threshold value the segments are in the same field
With these corredions, theaccuracyof this approaclis roughly 95%as stated bthe authors
The solutioncan be suitable to perform the automated field boundary identificatitisin
analysisbecause the methalbesnot require a great computational capabiihdit can be
easily appliedo the creatediataseto perform the field clusterisation
Another study investigated is basedacombined use alhe DBSCAN algorithmand an
object detection (ODnethodology The latter consistsf a methodology to perform object
localization in a given image and determine to which category each object bédlbrgys.

solution proposed by Zhanet al[42], result as an improvement of the analysis performed
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by Chen et alin whichthe GNSSlaawererecorcedduringwheator paddyharvestingThe
procedure to perform thaata cleaning and the clusterisation is the sasmoposed by
Chen et a[37] but instead of performing Field2RoaeCluster ad a Road2Fiekbegment
the authors in this casedalded toadopt an objeetletectionbasedclustering.The authors
investigatedthree different objectdetectionbasedclustering,such as YOLO V4 Swin
SMask RCNN and Dynamidr-CNN, in this casethe approachesuls are quite different
from theDBSCAN. Indeedgeach trajectory of thdataset was convertéato an imageard
split into two categories: training images and test ima@ege the trainingstep was
completedthe authors stagtithe clusterisationf the data in roads points and field points.
After that, Zhang et gluseda Davies Bouldin indeX43], this index analyse the efficiency
of the clusterisation by using quantities and featumggsic to the datasefhe authors
stated thathe proposed methodolpgvasto identify the field and theoadfor theacquired
datasets long ass chosen the correct object detection mddethe analysed datasdthe
methodology proposed by Zhang et al, turns out to be easily applicable to different datasets
and carbe easily used ithis analysisasfirst stage of identification aheworked fields
Another investigated solution by using the information provided by ti8SGreceivelis
based o developed algorithm based on differasgsumptioain which, the most important
among these is the fullgutomaticityof the solutionThesolution proposed byhang et al
[44], as said before use thé\SS data acquired during tharvesting seaso2914 and 2016
in Coloradg the authors mounted on each vehicle involved in harvestiNgxus 7 tablet
running an Android appdevelopedoy them to record all the NKESS tracks In this case to
startor stopthe recordinghe operatohad topressa buttonon t he t a.Ohiset 0s
approachwas based on the development of axpert system to perform the-field
classification an expert systems a particular kind of artificial intatience that permits to
the computer tesimulatehumandecisionmaking[45]. In order to perform the autonomous
in-field classification the authorsmplemenéd two kinds of rules,in which the firstwas
needed to perform then-roadtask recognitiorwhile the othelonewas needed to perform
t he #Ar oadwhehkmeanshang able to classify all th6&NSS pointfound on the
same roaatan be classified surebs roadAs reported by the authors, bgtting these two
rules the expert systeroould classifymost ofthe data ason-road points so the remaining
points ould ke classified as Hfield. The rules definitiorproposed by Zhang etakbs based
on twomainrules the firstwas that combine harvestaravels fasteon theroad than on
thefield due tothe surface conditiorso aspeedule couldeasily distinguislHiields from the
roads. The second ruleasthat roads arstraight orshaped by straight segmsréspecially
in areas with large fieldandit was used foroad extensionThe authors explagdthatthe
24
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main rulesthat allowed correct classification of the KESS pointswere related to the speed
performancethe density of pointand the quastollinear propagationAs reported bythe
authors, e expert system stat the analysisto performthe points classification by
checking the speedhlues and if these were higher equal to the threshold value for the
road identification the algorithm classifiel the points ason the road After the first
recognition of the road patthe algorithmstareda scan through the tinte check for other
points that ®uld beclassified as roal The authorsexplained thatfi between tworoad
segmentstherewas a subsequencef GNSS point with a lower speed compared to the
previous and the followingoads segmentsthe systenautomaticallychecledthe duration
of this subsequencand if the time spawas smaller than thsetone,those pointsvere
classified agpoints in which the combides t e mslpvedowensorythe roadAs reported
by theauthorsthose pointsepresentemporary slowinglown momentswvhich might have
occurred dueo stops due to the traffic lighor stopsigrs. After the identification of the
road segmenjshe algorithm startd a density testo find low-speed subsequendbsit are
still unmarkedif the systenfind any subsequenceis consideedthe poing as a new road
and stard the road propagation as beforAs found by the authorgheseidentified
subsequencesot always aregoads so to reduce misclassification problemglidity test
wasperformedithe testdeveloped by Zhang et ebnsissinto a check if te sequenceare
surrounded byther unmarked point$heproposed algorithm at the end of thassification
of the poins on theroad or fielduses the U-shapefunction to perform thdield boundary
identification[46]. This functionis requiral to definethe value of the alpha radius, which
represerd the smallet radius that produsean alpha shape that encloses all poiftse
authorsexplain that tacomputethecorrectalpha radiusthey used the formula féhe Radius
of Circumcirclein which were usedhe header width and thdéistance between two
consecutive GNSS point3o the calculatedvalug it was addedwice thecircular error
probable (CEP)0BNS S r e Aefounddy thesauthorthe Ushapdunctionestimated
field boundariesmaller than the reanes To solve this problepthe authorsapplied an
extension of thdJshape by half of the combideheader width thesewas possible by
applying an improvement of ttegorithmproposed by Laytofé7]. The solutionproposed
by Zhang et al residieasy taupdate in each agricultural vehiclesdthe capabilityof the
systento identify fieldsboundaries presesdahigh-ratesuccess addition, as reported by

the authorshis modelcouldalsodetectboundaries of veryrregularfields.
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1.3.3 Evaluation of the performance of ombine harvesters

Evaluation of the performance of the machinery is the last phase in the planning and control
cycle for a field operatioand itconsists ircomparngthe planned opation and thactually
executed operatigd8]. The importance athe performance evaluation is related to the fact
thatfarmersbut also agricultural managers have to tsddect thenachineryfor performing

a specificactivity. Indeed,the effect of this decision caositively or negativelynfluence

the revenueat the end of the growing seasofhus, knowing the efficiency of each
machinery can increase tipdanning capability and consequently thesinessprofit. In
accordance with theabovementioned statements researchers igd to evaluatethe
performance of agricultural machinewith increasingaccuray and for this reasqrthe
performance evaluatioof different agricultural machinery cdre calculatedn many ways
and each one of the adopted methodologies can be consglebadly right. Because
performance evaluation in agricultural machineggreserg a hot topig this investigation
rangednot only on combineharvestes but hasexplored the topic more in genefay
considering alsostudies ontractos since they are by far the moased machia in
agriculture, and therefore many studies are based on analyzing the performance of these
machines

The firstidentified analysiswas performedn 1995by Hunt D.and Wilson D, wherethey
discussedhe performanceevaluation of agricultural machineny their book entitled Farm
Power and Machinery Managemga®]. The authas dedicatedhe ettire first chapter to
this topicanddefinedthe concept oftapacityfor agricultural machineryin particular they
pointedout that the capacityalculatel for a tractorshouldbedifferentthan that otombine
harvestes. This is truebecausgcombine harvester capacity cannot be considendyl as
area per timgbut due to the fact thaélis machineryrocesses a certain amount of material
andseparatedesired material from undesirede. Moreoverthis bookreports thalefinition

of theoretical andeffective capcities. Theformerrepreserdthe capacityof the machinén

the event thahe machin@peratesontinuouslyandalways at the same headedth, while
thelatteris theone that the machine rearrhrealworld conditions.The authorexplained
that the effective efficiency of agricultural machineryaiparameter thatannotincrease
proportionaly with the width of the machinery af theimplementbut it is strictly related

to thefollowing parameters: machimeanoeuvraliity, field patternsfield shape, field size
crop and soil conditionsMoreover, for combine harvesters, also the yield must be
considered sinceonsidering only field capacity is reductilredeed,as stated bydunt D.

and Wilson D, to obtainan high-efficiencyfarmers and operatohave totest andudge the
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crop andhesoil conditiors as fast as possihleithout redueg the quality of the performed
operation
Anotherapproachs thatproposed byR. D. Grisso et al[50] consisting in evaluating the
field efficiencyof planters and ofombineharvestes. In particular, they daulated thdield
efficiency asthe ratio between thiheoretical time required to completee operationand
themeasured time to complete the opergtidrisso et al have explained thie data about
the theoretical timevas obtainedoy finding the ratio betweethe field areaand the
theoretical fieldcapacity while field size was derived from crop yield and knowledge of
average crop yieldAs found by Hunt and Wilson also the analysesformedby Grissoet
al showedthat the field efficiency was related to twerking speedind at the same tinte
the field shapeTheauthors also foundutthat the working speed at the field contour was
lower at approximatelyl.6 km h! thanthe speed ostraight rovs, andthe delay on field
edges was twicelongerthanthoseon straight rove but the time spernin edgeand straight
patterrs was the samdn addition the authors found that thigeld efficiencyon the field
edgesdecreases more during harvesting than during plant{dg]. The analysis performed
by Grisso et al shoed that theevaluation ofefficiency performance especiallyduring
harvestingis not easyto performbecause it is related to several fasthiat are related to
the characteristics of the harvested fieldgla et alj51] monitoreda four wheed drive
tractor (4WD) and a mechanical front wheel tracttMFWD) to determine the field
efficiency of agriculturalmachinery. The 4WD performed fertilizing and cultivating
activities while the MFWD was performingplanting activity. In this study the authors
decided to monitor the signalith the information about the tractor fugteidentified as
Liquid Fuel Economy (LFE) This message contad the information about the fuel
consumption and could be used also to estimate the engine |ddmk authorsalculatel
thefield efficienciesby usingthe working periodof the machinéntended as the period in
whichthe implementvas workingor engaing with the soil,and theyconsideedthe dwell
period(DP) as the perioth which the implemenivas not performingany useful worksuch
as headland turn, refjletc. Theauthorsalso showe@ methodology to identify the working
and thedwell periodby identifying a threshold fuelte (TFR) The identification otthis
parametecouldbe achieved bgalculating the draft forcand the specific fuel consumption
with the methodology proposed B AE in their standard D497.Ih this standardhe draft
forcewasobtained by considering tis®il texture of the monitored fieldsyachinespecific
parametersthe width of thamplementand the tillage deptbf the implementThanks to
this equation the authors stated that the trastasin a working conditionwhenever the
engine loadvas the minimum requiretbr the draft power of the implemerithey also
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showed a methodologyo calculate the draft power of each implemieptmultiplying the
operating speeavith the draft force.Moreover, theauthorscalculatel the specific fuel
consumptiorandthe obtained draft powawasconverted intdhe equivalent power talaff
(PTO)powerby using the tractive efficiency factor for the 4WD and the MEW®reported
by the authors,hie computedPTO powerwas then usedo calculate the specific fuel rate
thatwasusedas TFR51]. The authors shoed that the field efficiency @uld be deducted
by analysingand monitoringhe fuel consumptiorandthatit was easily influenced bthe
kind of operation performed by the machinefne methodology proposed IRtla et al
was suitable for computg the performance evaluation of tractopgerformanceby
monitoring the fuel consumptipandthis approach can b&urely adopted to monitor the
combine harvester performance evaluation
Layton et al. proposed a methodology to evaluate the harvesting perforinyamomitoring
multiple combine harvesterthat have worked in the same fielBirstly, the authors
identified each portion of the field harvested by eawdof the combinesind subsequently
various metricswere computed for evaluag the combine efficienaes One of the
investigated metrewasthe field efficiency and itwas computedas the ratidoetween the
harvested areandthe travelleddistancemultiplied by the header widiiThe harvesing
efficiency obtainedin their analysigprovided a logical matrixwith values between 0 and 1
that represent t he av beadegle adthorsdentifiecsalsothef t he
moments i n which t lemsptysuwhhabdurnng davingtoereachéehe field a s
edgetounloagbnd this time can influence.Sobgati ve
previous formulgproposed by the authosfiouldbe change in order to consideonly the
situation in whichthe combiné& &eaderresulttotally full. The aithors reported that it
informationabout the grain flow and header positidncould be possible testimatethe
harvestingperformancemore precisely
Another metridhatwas calculated by treuthorswas callechortharvest percentagehich
wascomputedasthe percentage of thene in which the combine was dine field but not
performing harvestingThe information provided by & nonrharvest percentage result
crucial in the analysispecause thevaluation of combinesannotbe restrained t@ure
harvesting operations difelds but should also comprise norharvesing operations By
performing adeee analyss ofthe data, the authofsund out that the header of the combine
rarely reached the full conditiasf 100%,so the threshold value consider the header full
was lowered to 90%With this new adjustment proposed by the authtirs efficiency
analysishas taken into accountonly the amount of time in which the combine was
performing harvest, and thismetric was called adjusted ftilarvest percentadd7]. The
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proposed soluwn by Layton et al. introduckdifferert metrics to evaluate the harvesting
performance of combine harvestdrased on whakind of inefficiencies in a specific
moment the user wants to be addredsThis approachdeeply evaluate the activities
performed by combine harvesters duritigge on-field activities and identified all the
parameters thaioeld introduce inefficienciegsbutthe authorglid not take into account the
amount of crop harvestedat in combine harvesteresult a important parameter

Another approaclstudiedto evaluate the performanad agricultural machinery was
proposed by hou et al.in which the authorrst brokedownthe on-field activity into two
partsdenoted agproductive anduinproductive The authos considezd productive only the
harvesting activity, while consided un-productive the turning times,iireld preparations,
adjustments, Hiield transport timeunloading, etc.

From the formentheauthors extractethe coveagearea whichthey considered as the area
in which theagricultural machinery performed the activagd split itinto othertwo parts
called headland arfeeld body arealnside these tweubparts the authorsdentified several
headlandpassegH) and field-work tracks (T) sothe authors wereable tocalculate the
distancebased field efficiencyZhou et al considerdtie distancéased field efficiency as

a function of the field shapéhe machinery features, the working width and the fieldwork
patten. The methodology proposed by the authors to comphaedistancéased field
efficiency is related to theatio between thiotal effective length of the headland passes and
of thetracks and theotal length of continues pasgé]. The authors also performed an
analysis to showthe degree of dependence of the field efficiency on the operational features
The prgposed methodologgllowed the identification of a new index to monitor and evaluate
the field efficiency of agricultural machinemyn which the index is strictlgependentto the
field, machineryand operatingeatures As observed for the methodology proposed by
Layton et althis approach is able to identify the field efficiencyagficulturalmachinery,

but the metrics presented by the author do not take into adt@mhrdrvesting performance

of combine harvesters
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Chapter 2

2 Materials and Methods

2.1 The proposed methodology

The proposednethodologyincludesa mix of approaches investigatéaroughoutthree
years The decisiorto split the investigation into three pamssforced by thecomplexity
of the harvesting activityin which different entitieswere involvedsuch as combine
harvestes, fields and cropg-or thisreasonthis chapter was divided ingeveralparts the
firstis dedicated to thdescription of the monitored combinegile the othesarededicated
to explaining the adopted methodologiefor data acquisitiontasks identification, field

bounday identificatiors, andperformance evaluation.

2.1.1 The monitored combine harvestes

For the monitoring of combine harvesd an agricultural contractor was searched
Bol ogn a o sTheRmoef limitingeghe search to the Province of Bologna was related
to the fact thathe acquireddata needdto befrequently and manuallgownloaded from
data logges andthat eventualunexpected eventhould beecasily dealt wh. The selected
agricultural contractor hatthe following characteristics:

1 managd more than 1000 ha leading to dai¢h significant variability

1 Owned combinesequipped with a CANBUS networkermitting ease of the

acquisition of dat#or calculaing combines performance
1 Performed harvestingactivitiesduring the entire seasoftdm Juneto October)and

this requirementvasnecessaryor acquiringdatarelated tadifferentcrops

The selected agricultural contractmwned two New HollandCR 7.90 combine harvesters
(CNH Industrial N.V., Amsterdam, NLgs shown in Figurg.1.

30



Figure 2.1: Photo of one of the monitored combitegore starting the workday

The specifications of theombinesarereported in Tablel, andthey were equipped with
sensors that simplify the operator tasks andt the same timeotld provide useful
informationthanks to their embeddegnsorsThe two combines were denoted@s and
C2, respectivelyThis choice was made in order to monitor what occurs on a farm during an

entire harvest season

Table2.1: Specifications claimed by the manufacturer of the combine harvesters used in this analysis.

Maximum engine power (kW) 338
Enginedisplacement (cnd) 8700
Number of cylinders ) 4
Engine emissions ) 4B
Weight (ka) 18000
Cutting bar width (m) 7.62
Reel diameter (m) 1.07
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2.2 Data acquisition

The dataacquisitionwas performed durintyvo harvesting seassnin 2020the dataloggers
were mountean the combinefrom 21/06/2020 till31/10/2020Q while in 2022they were
mounted from 21/06/2022 till 18/10/202Zhe combines were monitored in this period
becausgin the area of Bolognahe harvesng of wheat and barley begamlate Junevhile
the harvesting of soybean exttlin late October The dataloggers itslled on the two
combines werequippedwith two CANBUS channels, compliant with the standards SAE
J193914[53] and SAE J19395[54] permitting heacqusition ofthe signals coing from
the CANBUS network.The datlogger embedded a GNSS receiver without differential
correction andvith a claimedCEP of 2.5 m which permitted to measuttkec o mbi ne s 6
positiorsand speedl l N or der to simplify the otheer ator
dataloggers were sap to automatically acquire alhe CANBUS messages whenever the
combi neds engi Thedatwa acguiradiere interrally oonverted ia ASCII
formatandtemporarily stoedinthed at a | o g g e. Agpxinmatelynavaryymontlthe
datawere manuallydownloadedand uploadedon a NetworkAttached Storage (NASpr
thefollowing reasons:
1 Create a backup of treequireddata
1 Create a historical database in which to store all acquired data sets for future
analysis.
From all theacquiredsignals,it wasselected only those which permittéae extracton of
the information necessary for i mplesgwndlsng cor
usedto performthis analysisvere reportedbelow.
1 Engine Reference Torqutha reports themaximumtorquethat the engine could
deliverand it isdenoted a8Y in the following
1 Actual Engine Percent Torqutiat is the calculatedutput torque of the engiras
innertorque, as a percent of and it is denoted a¥ in the following.
1 Nominal FrictionPercent Torque: that reports the frictional and thermodynamic loss
of the engine itself, pumping torque loss and the losses of fuel, oil and cooling pumps

as a percent ofY , and it is deated as'’Y in the following

1 Engine Speed: that reports the revolution speed of the engine crankshaft, and it is
denoted as . The sensor to monita@r islocated on the crankshaft aitgrovides
to the ECU the position of the pistons insideldibee.With this information, the ECU
can control the fuel injection and start the sparks ignition events at the right moment;
The sensor normally adoptexbased otheii Ha | |  le garfticularthé sensors
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can read a trigger wheel made fronfearous metal, in the wheel there are one or
more missing teeth and every time the tooth passes in front of the sensors will change
the signal serto the ECU (Figure 2).

Missing Teeth (30° CA) Engine ECU

AC Wave Rectangular Waw

= » il

MPU Type Qutput Waveform as reference
MPU: Magnetic Pick Up (Induction)

Timing Rotor Crankshaft
Position Sensor

Figure 2.2: Operating scheme difie engine speed sens$bb]

This information in addition to the knowledge of the total number of teeth on the
wheel can calculate the engine speed. These sensors are usually mounted very close
to the crankshaft such as ttrank pulley, the timing gear or on the flywheel.

Engine Fuel Rate: that reports the fuel consumption of the engine, and it is denoted
as’Oin the following The value of the engine fuel rate is an important parameter
that helg farmers and agriculturahanagers in their management decision, but it
could not bedirectly measured by a sensor. Indeeds ibdirectly calculated by the
manufacturer from the Afuel mappi ngo
Header Down: that reports the position of the combine heaudigris a logical signal

and is 0 when the header is up aratHerwise It is denoted a®© in the following

The header or cuttdrar of a combine harvestés composedof different parts
depending on the kind of cuttérar, but each one has a sendwat tmonitos
constantly the position respect to the soil. This sensor consists basically of a
potentiometer, a system that with the rotation around an axis can change the

resistance and consequently the voltage drop as shown in Figure 2.
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b b

Figure 2.3: Side view of the header snout with the sensor arm at a low operating setting [45]

Under the header and in lateral position there were two arms, in which one end of
the arm touch the ground whenever the header wasamn position while on the
other end, the arm is connected to the potentiometer.

Crop Flow: that reports tHw of harvestedrops per unit of time, and it is denoted
asJ in the following The grain yield sensas a sensor that could monitor the
amount of grain that is collected in the combine, this is possible by measuring the
amount of clean grain that enters the grain tank in a specified period of tig (1

s). The two monitored combinesmbed a yield sensthatmeasurs indirectly the

flow from the impact force of the grain on a sensing plate. This sensor is composed
of a jointed bawvith a sensing plate at one end and a counterweight at the other end

in order to exclude the rubbing effect of the grasneported in Figure 2.

Force
transducer
Grain
__ elevator
paddle

r

Counterweight
Sensing
plate

Grain tank
feeding auger

Figure 2.4: Graphic scheme of the grain yield sensor embedded in the monitored combines [1].
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T Unl oad Engine Auger: that reports the a
turned off and it was lotherwise. 1 is denoted a8 in the following The sensor
measureghe state of thengine augerconsisting ofanelectro valve thaactivate a
doubleacting hydraulic pistothat pusksatensionpulley and activatethe engine

1 NavigationBasel Vehicle Speed: reports the speed of the vehicle expressed in
kilometres per hour and it is denoted as V.

1 Compass Bearing: that reports the direction of the movement of the vehicle expressed

in degeg and it is denoted &s

2.3 Data analysis

In this sectionit is reported in detail all the anabsperformed on thacquired datarhe
chosenprogramming environment fatevelopng the algorithmfor the dataanalysiswas
MATLAB ® (MathWorksInc, Natick, Massachusetts, United Statd$)e acquired dataset,
to be processedasconverted into aMAT file by using an ad hoc MATLAB scripThe
MATLAB script required the dataseandthe CAN (DBCs)database A DBC is an ASCII
file requredto perform a decoding dheraw CANBUSInto physical valuesndfor this
study, the followind>BCswere used]193954], ISO11783[56] andtheDBC of the GNSS
receiver Firstly, from the analysisacquisitionshorterthan 20 secondsere excluded. fiis
choice helpd to excludeerroneousdatawhere the combine washortly turned onby
mistake Moreover,the data wereleared in order to excluderroneous dataccurring n
cases wherthe GNSS receivewereunableto connect to the satelléesuch as when the
combines were located closeor inside to shed. This preliminary data cleaning was
performedthrougha manualidentification of theerrorsdetectedoy plotting the value®f
thederivativeof latitude, longitude and altitud€alues above a certain thresh@lé. greater
than 4 and equal toWereexcludel from the analysid-igure 25 shows the trends of latitude
signals before cleaning (in blue) and after clear(ingred) with the before mentioned

approach
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Figure 2.5: Trend of thdatitude signal acquired from the GNSS receiverbfire) and trend of the latitude signal after
the cleaning

Then data were smoothedth a filter with the purpose to reduce the positioning error caused

by theusedGNSS receivenwhich caused a jittering of the recorded trackis errorwas

reducedby applying the MATLABembeddedunction calledii s g & | .&Tisofunction

performed a filtration of the datasets r e p or t e d[57biy thel analpsisby t al
applying a SavitzkyGolay filter. Similarly toH e i b, the polymomial ordewas set to one

because it ftedthe chronological order of the dataset, while it was determined that a frame
length of 25 would provide a smoatlgi that adequately represented the combine's. thack

Figure 26, it is shownin bluethetrend ofthel at i t ude 6 s S8lterigghwhlleinb e f or e
red was shown the trend of the latitude after the filtering
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Latitude [deg]

Time [s]

Figure 2.6: Trend of the latitude signailot filtered after the adoption of the SakigGolay filtering

2.3.1 Automated task identification

Theapproacho performng the automated task identificatisrassimilar in principle to that

proposedby Mattetti et al[19] wheretwo different king of classificationof data samples

were adoptedA first classification was performdaased orthec o mbi ne 0 s

was possiblehanks totwo shapefilesdownloaakd from the Geoportale of the Emilia

R o ma g n a 6 [8] whelycomamediocuments, and make usable cartographic data and

services of the Emilia Romagna Regiéinom these shapefileg waspossibleto extract

different information useful to perforthis analysis. In the first shapefjlthere were all the

pol ygons, cl assi fi

ed

on

t he

b a s. While athirdt h e

shapefile was created by using the QGIS platfo@pefn Source Geospatial Foundation
Project,http://qais.ogeo.org a Geographical Information Systeand it containedror the

purpose otheanalysisonly the polygons classified agriculture(i.e.,denotedessi A GR 0

in theattributetable were selectedlhesecondgshapefilecontairedall theroadsegmentef

Emil i a
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f ar ma la order tolimit memory usage, only the polygons enclosed lmounding box
of 60 km ar ound t doiacidiBgwithahg farensitesandBrthis bWaumdioge
box were clipped theland use and the road shapefildhanks tothis geographical
information and by usinghe MATL AB embeddedunction called finpolygoro and by
developinganad hoc functiont he GNSSO6s p o iwaskcasriedcoutdhe firstf i cat i
functionpermittedto classificationof the position of each point inside @utsidea polygon
while the latter was able to classify all the points if theycdwse to the o a sk@neents
Thanks to these functigypointswereclassified into one of the followingategoriegFigure
2.7):
1 Road:every time thee 0 mb i posédi@nsvas closer than 3 meters from any road

stretch.This threshold was choséeased orthe CEPof the GNSS receiver utilized

in this study.

Field: every time the&e o mb ipasgidn svas inside the boundary of any field plot.

Farm: every time theombn e osition was inside the boundary of any farm site.

Latitude [deg]

Road
*  Field
Farm
Farm boundaries
Roads

Longitude [deg]

Figure 2.7: Automated identification of the GNSS points on the basiedhree identified combines positionstba
road, atthefield, andat thefarm.
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After that data samplewereclassified into one ahe possible tasks in which combirses
usuallyinvolved In particular,seventaskswere defined whichwere idle at farm, idle at
field, transport on road, transport on field, work, unload, unload and Woeltogical rules

of thesetaskswere reported in Table 2.ZombiningO , Vand Gwi t h combi ne:
trajectory, the distance travellatlring work (O ) and during other taskgO ) were
calculatedFor fields operationd) andO representespectivelythelength of thepasses
andof the headlandsThese parameters depeowl several operational parameters such as
the length of the fieldandthe kind of headland performed by the opers®]. During
headland turs, the maximum distance travelled by the combines was equkdublethe
width of theheaderwhichwas 6.72 mThe algorithm started by calculating series ofO
andO based on the position of the headEren the headland duratid®was calculated

as the time elapsed between the falling and the r@angs of O signal(Figure 2.8)

~ Hyg

| | ® Rise header
Fall header

Hdd

| | | | | | | |
0 10 20 30 40 50 60 70
Time [s]

Figure 2.8: Graphical representation of the chosen methodology to compute the headladdratian
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Table2.2: Rules adopted for the identification of the operative states of combine harvesters

_ Combine  Boolean _ _ o
Operating status N Combines operating activity
position operator

Idle at farm Farm AND O TQEQ
Idle at field Field AND O TTQEQ
Transporon oad Road AND <O QEaQ He® A
Transporbon field Field AND <O QI ©E® A
w0700 ®E® Y HEQ
Passes Field AND
0Qi =1

O 7Q4Q »¢ '@
T ®& VQi =0
Unload Field AND W TQIQ ®& ¥ =1andOQi =0
WO7Q60 & WA ®»EQ

Headlandsurn Field AND

UnloadandWork Field AND .
‘0Qi =land’Y =1

The thresholds shown in Table 2.2 were chosen becausedepih knowledge of the
combine components involved in the different tasks. For example, the speed thresholds were
identified by starting to consider the simplest activities and those that wagetgonvolve

the fewest components. Next, the range of variation for the signals from the different
components was identified (e.g., the activation of a compugntas’y varies between

0 and 1). By combining the datiaat comedrom the differentcomponents with the time
course of speed and position, it was possible to determine théhatigientify the different
activities performed by the combine

Moreover,as stated by Zhang et §4] in their analysiscombineharvestes are fasteon

the roadrather than on fieldsThis assumption can be easgyplained because the surface

of the road is normally smoother than that of a fi€like lowestlimit of the threshold value

was determined by performingsearch on the entire dataset of tbeest spee value
reached by the combines during perforntimgtransport conditioms shown in Figure 2.9

A quite different approach wasloptedo set the speed threshold value of the work condition
and unload and worgondition in these case, the speed could chanffem field tofield for
different reasons such ggelds of crops, kind of harvested cropsventualpresence of
obstaclege.g.,trees, high voltage pylons, ¢tand the shape of the fielBor thisreasonijt

wasinvestigatedall thespeedvalueswhen the combines were on fielddwhere the speed
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was close to 1 krh! the values of longitude and latitude were investigated on the map to
evaluate the presence of obstacles

The defintion of these ruleallowsthe algorithm to be able to classify éle datatheGNSS
points(Figure 210)andt he combi ne 6 s ¢Figge 2hlaang A Ibfinmmema n c e

of theabovementionedasks

Transport on road
Transport on field
Passes

Headland turn
Unload

e Idle at farm

Idle at field
Roads

Latitude [deg]

4

1y S -
,i'\’z.“s | L y
IR NSH T /%Y

b7 SPSYH 2%

Figure 2.9: Classification of the acquired dataset basedimseven identified tasks

Longitude [deg]
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Figure 2.10: Classification of the power and the speed signals based on the seven identified tasks

2.3.2 Automated field boundaries identification

After having classified the recorded GNSS samplé@sto tasks thoseclassified ado the
passegaskwere chogn. Thus this informationpermitted to identify the shape of fields
Several approachdsr the automaticfield boundariesdentificationof the harvestedields
wereidentified in the literaturgbut thosethatprovedto providethe best resultwerebased
ontheDBSCAN algorithm[42]. Before startingrom the clustesation it was mandatory to
individuate the position of thieft and rightoutermost pointof thecombind s hmader
passin order tocomputethe corrected value of the harvestedaarEhe calculation of the
coordinates of the right and leecdotld notlbd e r mo s
performed with the coordinates of the GNSS points expressed in Geographical coordinates.

t his the MATLAB e

convert the point location expressed in latitude, longitude artdddtirom Geographical

For reason, was applied

coordinates to Cartesian coordinates expressed as w andda . In order tabe able
to perform this conversion the function required to set the origin of the coordinatieis; in
analysist waschosa as origin the coordinates of the farm site.

Considering that the GNSS receiver was placed in the middkeo€abin, with the
t, hnd theheadebvidth,e¢he lefe andi rigint g

outermost points of the headesere calculated usingegs. 2.6, 2.7, 2.8, 2.9In those

conbi neds position,
equationso hw Foo o represent the coordinates of the right and left outermost points of

the combi me dus hrepaeskrt theecordeccoordinates ofombines through
the GNSSreceiver w represents the header width and theheading angle calcukd by
thecompass bearing of the GNSS receiveparticularjt represergtheangle between the
theoretical straight direction and the real direction of the combine as shown in Fidlre 2.
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Once the conversion wamerformed,it was createda unique array that contad all the
coordinates head&rs pamd by tisisig MATLAB functioncallediDBSCANoOand itwas
ableto obtainone cluster for each identified fiedd shown in Figure 23.
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Figure2.12 Field identificatDBICAMfongtiousi ng t he

This functionwasable to perform the cluster identificatiprocessandrequired three inputs,

the first is tle dataset, the secorsithe thresholdadius to perform a neighbourhood search

and it is callecepsilonand the latter is the minimum number of points required to identify a

core point inside the cluster and it is calleohpts To perform this analysispsilonwas set

to 19 and theminptsto 9. Thevalue ofepsilonwas seby evaluating the size of themallest

field in the shapefile reporting the boundaries of fieldse minimumdetectedwvidth was

38m while the length was19 m While the choice offtevalue of theminptswas determined

iteratively by choosing the value thallowed the bedfield identification.Indeed, a lower

value ofminptsdid not allow the correct field identificatidmecause created several small

core pointsyhile a higher value was not able to identafyyfield.

Once the clustering was done, to evaluate the perfaenairthe algorithm, a shapefile was

created using QGIS, in which all the polygons of the collected fields were reported while

information about the areas and perimeters of each collected field was stored in the shapefile

attribute tableThis shapefile waused to perform a comparison visual comparison between
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the fields identified manually in the created shapefile and the fields identified automatically
by the algorithm.

By using theMATLAB built-in functionnamedalph&hape it was create@bounding area

that envelopda set of 2D pointand thefield bounday of eachclusteredield was extracted

The choicddl on this functionbecausetioutperforms MATLABSs built-in function called
fiboundaryin fieldsequivalent taonsimply connectesgpaces (such as in areas containing
nonharvesting portions due to obstacldsp(re2.13aand Figure 2.3b). This permitedto

obtain a more realistic value of harvested area and field capacity of eachsBélolwn in

Figure 214.
24 : : : : 24
——Field 19 Il Ficld 19
—Field 20 Il Field 20
227 22t
20t 20t
— 187 18"
3 13
> >
161 16
14t 14
12+ 1271
1.0 : : : : 1.0 : : : :
74 76 7.8 8.0 8.2 8.4 7.4 7.6 78 8.0 8.2 8.4
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(@1 dentification of t (b) rdentification of th
adopting the func adoptingthd uncti on fial pha

Figure 2.13: Comparison between the adoption of the MATLAB fuction "boundary" and the function "alphashape" for
the identification of the field's bouades
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Figure 2.14: Field boundaries identification performed by using the MATLAB funétianl p hd s hap

2.3.3 Combine harvester performance evaluation

Thanks to the informationbtainedby thealgorithirs presented irsection 2.3.1 and 2.3.2
information about the performance of theo combine harvesteraere calculatedin
particular, ly combiring thedata obtainedrom the automated task identificatiamdthe
data about the fieldoundarieswith the signals thatwere acquired directly from the
CANBUS network of the combingseveral performance metriegere calculatedfor each
identified field With the signals coing from the CANBUS networkthe engine power

(0 ), thecrop yield(d , andthefuel consumptiorf'O ) were calculatedThese were

calculated witHeq. 25, 26, and2.7.

0 Y Y Tpmm Y zg 2 :Tn (2.5)
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) JQ® (2.6)

X

Toperformamnal ysi s of t he ,mnecaloneofdhe barveseedield r ma n ¢
and to evaluate how these performances were influenced by the field shape complexity, the
areaperimeterratio» was calculateds the ratio between the field area and the field

perimetersquared as reported k. 2.8[60].

(2.8)

[ ]
c-z| oO:

Other parameters that neebito be considered in order fwerform ananalysis of the
combines performancaethe duratiomoted a0, the field capacitynoted asQ, thecrop
yield andthe fuel consumption pérectarenoted respectively a8 andO , the mean
power and mean spénoted respectively as  andw. The computing of these parameters

wasreported in Eq2.9, 2.10, 2.11, 2.12, 2.13, 2.4

O o0 0 R
0 0
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6 Qo
o) PR P p
(0]
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In the presented formulashe parameter§and Qrepresentespectively the number of the
identified field and thekind of task performedThrough the comparison between the

parameterobtained fromthe monitored combinewith the parameters reported ihe

literatureit wasable to monitor the performanoéthetwo monitoredvehicles.
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Chapter 3

3 Results and Discussions

Organisational remarks

The Results and Discussion chapter is organised as follows:

1 Automated task identification repors the ability of the algorithmto classifythe
acquired signals inttasks.

1 Automated field boundaries identification repors theresults of theboundaries of
harvested fieldand informatiorand the calculation of thefrerimetes and aresa

1 Combine harvester performance evaluatiorreportingthe calculatedhe combine
harvesters metricand thei analysisin orderto describehow combines were used

during harvesting season.

3.1 Automated tasks identification

The proposedilgorithm was tested and validated by using the data acquired dilmng
harvesting seasenof 2020 and 2022 In 2020, lmth combines workedfor 51 days
(respectivelyl2 and 39 dayghis lower worked time measured for C1, it was related to a
mechanical failure on the combine tis&dp it for maintenancevhile in 2022 they worked

for 62 days(respectivelyd0and22 days. In 202Q 304 hours were collected; while in 2022,
353 hours were collecte€€1 and C2combine worked for 92and 211 hoursin 2020;
respectively while they worked for 135 and 218 hours, respectivel®022 The workng
time accumulatedby thetwo combinesin 2022 increasetly 21% with respect tahat of
202Q This increase is mostly caused by combine C1 where its working time inctsased
45% between 2020 and 20ZPhis increaseof the time usagés related toa consequent
increase of théarvested fieldsrdbm 2020 to 2022indeed the combine$harvestedn 2020
and 202254 and 94fields, respectively As shown in Figure 2a and Figure 3b, the

cl assificat i ordeghtdffergrd tasksirhwhichi corebme harfvesters were
usually involved during harvesting season. Théadand work tasks wereintentionally
omitted becaustheir contribution was lower tha®. As shown in Figure 3, both Cland

C2 spenmmost of their time in harvestinghichin the graph is reported as on warkdeed

C1 spent almost 68#NndC2 62% of their time performing then passesask respectively.
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Theseobtained valuearecomprised in the rangaf 60-70% as reported bypavickas et al.
[61].

0,

< 1%
3% 1% <010/ 3% 2%<1% Il Unclassified
% : Bl Unclassified 5% Il (dle at farm
I unload
Il Unload
e 5% I Transport at field
10% Idle at farm T g
Il Transport at field ransport at roa
[ Transport at road |:|:1(Ieadlafr.1dk;l'urn
[idle at field e at fie
[ JHeadland Turn 10% [ IPasses
[ JPasses

13%

62%
13%
68%

(a) Time contribution of each task on the entire (b) Time contribution of each task on the entire
activity activity

Figure 3.1: Time contribution of each task on the entire combines activity

The timecontributionby thetwo combinesn idle conditionsvas reducedndeed in 202Q
C1 and C2were run on idle fol4% and 15%respectivelywhile, in 2022 they were run
on idle for10%and13%, respectivelyThe time contribution oidle at field resuls greater
thanidle at farmbecaus thenumber of idling stopat field (with a mean duration of 101s)
aremore frequent than those at fagwith a mean duration of 81d)ecausehe idle at field
is relatedto d r i vienovesattahied/detachedf the cutting barfix failures, refuelas
reported byHunt and Wilsorj49]. Thetime contribution of the transpotasks (bottonfield
and on roagarequite similar for the two combinghis can be explained by the fact ttas
transport at fieldncludes all the moving activitiesuch as thé&ravel to reach the unloading
site and back or the movement betwdka fieldsas shown in Figure.2. The time
contribution ofthe headland turewas around 10%f the entireworking timefor boththe
combines.The headland turgontribution of the monitored combinesaslower than the
onereportedby Doungpueng et a[62], thisis related to the fact thahe meanareaof the
harvestedields reported by Doungpuengas around & + 0.8hawhile therecordedmean
field areafor C1 and C2vere 4.42and8.42harespectively
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Figure 3.2: Classification of the dataset points on the basis ofdéetified tasks.

The two combines accumulated BH headland tusand the empirical cumulative
distributionof headland duratiois reportedn Figure 33. This parameter ranges from 2 up
to 283 seconds and it is strictly correlated totbadland pattern$he 50% offte headlands
turn ranged betweeh and 20seconds, this is probably related to the fact thast of the
headland tureare performedn continuouswhich means without having to manoge.
Headland turacompised betweef0and 40seconds are naifrequentand they accouat
for almost 20% of the headlandi4eadland turalonger thard0 secondsre not infrequent;
indeedthey areaccounedfor lessthan 7%of all headlandstheseareprobably related ta
particular field sharacteristics such as the presence of obstaclaparticular field shape
These situatiomas reported byochtiset al[63] andcan influencen a certain way the
performance of the entire harvesting actilagcausgn these circumstancesperatos have
to reduce the vehicle speed and perform different manoeuwvoeder to be able toover
the field area.
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Figure3.3: Empirical cumulative probabilitgf the headland turrduration
The daily usage of the combines ranges from less than 20tto94p minutesin 50% of
the worked dayghe combines were used for more than 350 minutes as reported in Figure
3.4.
The performance of the algorithm to perform the automated tasks idditifivsere tested
manually and visually by adding to the plditained after performg the automated task
identificaton t he shapefile of the Bol ogB8hahd Pr ov
3.6, all the pointswere classified in one of the possiloefinedtasks in particular it was
able to take a looktthe perfect transitions between thansporton road and théransport
on field and how smoothly theombine trajectoryollows the roadway of the shapefile as
shown in Figure 5 (a) and Figure .5 (b).
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Figure3.4: Empirical cumulative probability of thaaily usage of the combine harvester

The algorithmwas able to correctly classiBil thepointsinto the seven identified tasksut
not in all conditionsindeedjn Figure 3.5a and Figure 3.@ereshownfields withpaticular
shapeshat in a certain way cdead to a difficultidentificationof the tasksas well as shown
in Figure 3.5b and Figure 3.@hich were onsidered isolated fields close to the ro&as.
examplejn Figure 37, thealgorithm classified the points as transport on field instead than
transport on road’hisoccurs whenever tteNSS points werkocatednside the boundaries
of the polygons of theanduse shapefileA few misclassifications of th&ansporton road
occured, and this happened whenever the speed of the combiasesiose td km ht and
the onroad points were classified inside the boundaries of the polygons tdrttese
shapefile used to perform the-bald classification as shown in Figure83In this casgthe
algorithm considers the aboweentioned points asdle on field. The same kind of
misclassification occued also for the classification of theansporton field as shown in
Figure 38 (a) and (b)A probablemisclassificationsometimesccured also during then
headlandturn tasks, as shown in Figure 8(a) and (b)n the black circle because in this

case the headland turn ladimore thar?0 secondsand includd someon work points.In
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thesecasesjt was performed a visual inspectidyy using satellite imagesf the fields in
which these errors occred but as shown in Figure 3.10a and Figure 3,10b fieldsdid
not presenanyparticularcharacteristicghat justifed theidentified manoeuvre3.he reason
for this misclassification @auld be probablyrelatedto the methodology adopted to identify
theon headlandtu r n 6 shecauseswere consideredly the two stateglentified by the

sensorsvhile probablythere could be also intermediate states

Latitude [deg]

- Transport on road
- Transport on field
+ Passes

Headland turn

+ Unload
- Idle at farm
- Idle at field
— Roads
Longitude [deg]
(@) Automated task identification in fields wil (b) Automated task identification in isolated fiel
particular shapes close to the road

Figure 3.5: Classification of the points of the dataset in itientified tasks

(@) Automated task identification in fields wit (b) Automated task identification in isolated fiels
particular shapes close to the road

Figure 3.6: Classification of the points of tlataset in the identified tasks
54



















































