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Sectionl. General overview

Over the -hexe vwansy gl obal agriculture mu:
objective: increase food output by roughly 5
si mul t arealanugs | gyr egeansh oeunsies si on s, safeguarding i
water resources, and (EADODpr20a3degraded ecos

Precision Agriculture (PA) is the primary te
def i mndamasge ment strategy &ahattygmpdreals,, p atci
I ndi vidual pl ant and ani mal data and combi
management decisions according to estimated
productivity, qualitypfpagfitcabtorl &SP Aag.n RADLHS)
PAapplies the A4 Rsoghtt hreatrei,ghitn itntpautr, i cahtt tg
thereby curbing fertiliser and pesticide u

environmentaltitlyr bagmfemi $oisees and | eaching

The effectrt ekomnestsheofabAA ity to quantify and
tempor al h e t e reocgoesnyesatteyma o k Bgr o whi ¢ RS)semot e

i ndi spensabl e. geyomexpl ciatsipregeat ab gRSe palalt es e s

retriev-Akabf hpladt cator s; refl ectance i n spe
used veget(aMicaan beddeestvieghtl|l y I inked to key
(Weiss et al., 2020)

RSencompasses a diverasnmnrd epxloStyfisadetms tod pleantsfoa re
| arsgeal e covEO gmeuntd 4 8wpeén eays unmanned aeri a
yield ceondlienet magery with resolution set by
(Col omina andRMosleinmrsan,r s2alrdea)pr-epdobmcabnsiygt e

det ect and record wupwelling radidathifamrfedomn
sheratve i nfrared, and in sdommaiamp.pl Exaeptonksortt
Lidar, which emits | aser pul ses to generate
i maging camer as, i ncluding RGB, mu |Gl issopne catnrda

Ander so.n, 2021)

These technol ogi es, however, generate vast

poptoceBsfimmge extracting acti onabsliet ui ndfaotramamtu
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be harmonised through quality control, geome
orthoreptrioffie/estriedst. et al ., 2015)

The resulting data are heterogenePBA s whhbesy
model |l ing and quantifying spatiotempor al vV a
these, geostatistical fMamewomols @bddmrihygg uesseda
et al ., 2022; Fei et .aML.h,as2 @2Ineb ;keByaowade |f bet
di covering functiRiSenghalls nked bpt waéen physi ol
agroecosystems. By-lli meanmr Mdnondtgd iadtmeml enul b opl
sources (gdiilmaand crop), capturing 1interact
parametr{ Zhamwg ekt dlhi sRIbIs4ewy ati ons to be t
estimates of canopy comrdiielsd h ma hd admssigdeenr irnegg u
and tempor alDeheept elréoBgtepaitanddt wi t h neur al net wor k
representations from massdomputuerstwviusainam eal ¢
aut ondme umsd koioFgegrro et al ., 2024a; Odebiri et
Al ongside to ML and DL, ot her modelling fam
pr oedeassed model s, whi c h iseonactonmdoes pmec lea niinstteirca c
mass and energy balances, phenol oggu a twaoctnesr;
ot hers adopt prop@ammasanac .¢trAamemwy r RDLs3¢ , B
model s provide a tool capable of combining p
and explicitly qu®atheyi ndghamn d&e¢ ratzan mipyeq wdmd
Bayesian inference updates beliefs through |
over parameters and predictions. Hierarchica
varieties and yeaasd gepeoal ingax iodoautkayspeetssd, e r
of agroe(chgsryksnterms 2018)

Taken together, these el ements 4dekiohRShi en a
model l ing and agr osyiaerned ebceicsoinoi nn gs upprpoogrrte s s i
UAMIer i ved i ndasiecnastoofrosr,,nMihainodni Bayesi an approac

di stinct yet compl ementary di mensaods tbheirc

combi neaulud ertehenfaomracleyti calt d omalda faigm flocnorewds i r

deci si on.
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I n t his ¢t b et epxrteasi enisb thesl s p a d vmaanncaegde ma gt o
framewor KSRSbeopgseodmobdet ai nabl e pr oduc tcihoann gan d
i mpacts on agri dwlcaunsr ent g daatriersg pewihtvia | dat
techniques and Bayesi apr enca us& hoang etnoesnetes retoaar ¢ e
agroecasyvtssmEuUr ope. First, a systematic | it
of UAV appHorctaitamthtsudennt i fy howAldewvwaleadphmemt r
this .coBubkg&ésgtyedctaosnesdi fferent wialgr oemps$ g mmeam
appl i csatcikorrmsp heal th and stress monitoring, t
par anmendrtshe production of prescription maps
appr oacchoaedd Atvbhaaste dvi d aht aMeov B a yae mo @de@llhsr.ough targe
case studies, the spatial and rtee mpogead s ewdar
i nnovative datb@asreidt pmoaredlures are introduced
wi t RAcrontTehxet .r esul ting knowl edge wi | hel p ma
resilient, aligningriitvewi,t i etzhhdn edieorfyayrodis po fo dd
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Section2. Introduction and theoretical background

Drones in vegetable cropst systematic literature review

Abstract

I n the context of increasing gl obal popul at
enhance production efficiency. Vegetables pr
significant environment al | mphtur alTosaddoes e
modernize and utilize advanced technol ogies
guality, and reduce resource consumption. Th
( UAV) , with their agiclriutcy albnd ohbver s at imointiyt o
operations. They significantly contribute to
The aim of this review is to examine the cri

management and yield of vegetable crops culf
Preferred Reporting |temsAr alryRIiySsSMAePna triacmeRweov

and involved the analysis of a wide range of
to the phases of |l denti ficati on, Screening,
analysed. These papers wesrefcaregeriappdilcas e
crop production, providing an overview of h
Far mi ng. Technol ogi cal devel opments of these
explored, examinindng Malkéri ce® ntamidbudae eopns Lear ni
I ntelligence. The review pointed out the sig
and the i mmense potenti al of these tools 1in

enabl es tdfe irregpwtctqwannt i ti es such as herbicic
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https://doi.org/10.1016/j.compag.2024.109022

also the prevention of damages through earl"

savings can yield environment al benefits, po
for the environmental sustainability of vege
Keywords: Artificial I ntelligence, horticult

Il ntroducti on

I n the past decades, precision agriculture T
i ncreasingly pressing chall enges associ ated
production of vegetable cropsicW tbhrali maseu
a steadily growing gl obal popul ati on, t he n
production becomes essential. According to

Al ternative Pathways to ®&2dD580d bAgrtihceul UWruirtee d

( FAO) , the gl obal popul ation is projected t
corresponding increa$€AOn.2@amantdef sambeoododmert
and water resources available fo(Chgkrabbt tsy
and Newt on, 2011l;n FAMO, s 29@68nar i o, soci ety [
agriculture, driving towards i ncreased cror
simultaneous!|l ylredwsdisn@nap g aotbiadng ol | uti on.
Within the agricultural context, vegetabl es
protective foods, providing essenti al nutri

vitamins, fibres, riDn earsg | sE,0 L&@rhce r mwtrreg ¢  wetgiud a
of fruits and vegetables contributes to the
cardiovascul ar (Auseasé¢s adnd Q&n1deér

Overall efficient and sustainable cultivatio
pl ays a paramount role among theptedhat gamsa
can be regarded as one (dfi ntglree mdstalpr, omfi0sliong

I n this context, there is a growing adopt.i
technol ogies, such as artificial (Kttyaugiepae
et al .UAVad02h&a)ve become one of the most versa

nonet heless, they operate alongside other mo
within farm operations. This coexistiemfcleudng
khohe 7
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not only by their technologi cal capabilitie
regul atory requirements, operational constr e

existing workfl ows.

Despite these factors, UAVs sjgasfibaytilcanenrn
monitoring and spraying missions, thus opti:i
water wusage. They promptly identify stress
deficiencies, whil ¢ i abs @ r(bRaaeddel@rl eoauma h g kit 1 e e ts
2020)The applications of UAVs in agriculture
productions. For exampl e, applications in vi
crops, aegewalbll easxcuv-¢éstvab(i ®athaemiree emeld!l ., 202
2023; Goingmletz al ., 2013; Messina -88nahez 0.
al .,. 2014)

The main objective of this review is to ana
agriculture concerning vegetable crops. Thi s
synthesis on the topic throughsaxsystaegmat if © «
the key objectives that can be achieved usin

Dronegrioul ture
Drones are currently one of the most represe

agriculture in the scientific and productive

of application. The dronemplioyddcin ©bheégmnhti

aiming to safeguard the integrity of human
mi Sssi ons. Over ti me, their use has extende
applications in wvariionunse nste c ttorrasn,s piorrctlawdiomng e
and environme(nRlaor eeaxnpol oarnadt iVdono d , 2015)

The most common designation is "Unmanned Aer
by other acronyms, nbsaamxyo no forwhgiicnh: arne aodfd iAnigoln
Aircraft System" (RPAS) , they maeymbe (UASBSET T

"Aeri al Robot"(Gol smmpayanhdr Molki"na, 2014b)

These ter ms refer to a complex system cons

components and/ or sensors making up the payl
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the flight controller of the platform. Withi
orientation and movement of UAVs are presen

GNSS modul e, pressure senGaosra, andla)ri axi al a

UAVs are generally categorized based on var
types, wti arlg @ Iftaynpdei sn,g di recti on, p( &Kyolr ccahdesn,k of layr
'l yash, 2013)

According to the cl20slRi)}tfheyatadaom tbhe dNagtti redguia
(or Mi ni atur e) or NAV ( Nano)OfAfi r& Veandi eg) ,
(Low Alti-Endler, arbcheo)rt LALE (Low Altitude, Lon
Al titude, Long Endurantehg BAUO&Er @anhicgh. Al titu

The platforms most wused in precisionwianggri cul
systems or multirotor, such as helicopters,
multirotor platfor ms, wi del y eempglho yleaeds sf otrh acn
excluding the payl oad, are equipped with in
transportable, facilitating movement bet ween
UAV platforms can be controlled by the opera
field of wvision, or they can fly in automat
through waypoints during the flight plan des
Payl oads can include sensors and cameras for
tasks such as crop spraying [Section 4.7]. A
are numerous, the most commonlryalugad pors edANar
Vi si ble cameGaseenRGBd( Bédge): These are the
producing grayscale or color images for <char

growBendi g et dkjadalOeétd; akarcaold)

-Mul ti spectral cameras: Capable of producing
cameras typically cover the visible (VIS) ar
with which it is possibl e t oagcralccuulltautree . moMatn y

indices have been used by different authors
summari zed Iin (Gatéaol howtngltabke23a; Ferro

Table 1. Summary of Vegetation Indices included
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Index Long Name Equations References
NDVI Normalized "ynmmt ey (J. W. Rouse et al.,
Difference TYnnt ey 1974)
Vegetation Index
TVDI Temperature "Yi vil E1T (Sandholt et al.,
Vegetation Dryness M G H‘ﬂ E “Yig Q¢ 2002)
Index
RVI Simple Ratio Index Tymm (Birth and McVey,
Toum 1968)
GNDVI Green Normalized "Ygnmm'uum (BUSCHMANN
Difference Tymmtoum and NAGEL, 1993)
Vegetation Index
OSAVI Optimized Soil (1+0.16) * - (Zou and Méttus,
Adjusted Vegetation 2017)
Index
SAVI Soil Adjusted "ymnnt @ I, (Huete, 1988)
Vegetation Index "ynnt o ymd
NGRDI Normalized Green "TVOuTMT YT (Hunt et al., 2005)
Red Difference ToumT ey
Index
MSR Modified Simple "YTnAte YT p (Chen, 1996)
Ratio v
oy P
MCARI Modified (xom oyt TR ? (Daughtry et al,
Chlorophyll "Xom uu Tz "y ofit 2000)
Adsorption Ratio "QYT
Index
Cigreen Chlorophyll Index "Ymm 0 (Gitelson et al.,
green Toum 2003)
Cirededge Chlorophyll Index "Ymm (Gitelson et al.,
red edge Xom 2003)
CcCcl Canopy Chlorophyll CynmmTxokXkTYNDTN (Wolanin et al,
Content Index "XoTd Tymm'uu & 2019)
"Ygmm'uu T
GLI Green Leaf Index ¢'vumeYNMTTUT (Louhaichi et al,
¢g"vumeyYm'T UM 2001)
NDRE Normalized CymmTxo&XYNM (Ustuner et al,
Difference Red "X 0T 2014)
Edge
TBI (530, Threeband Spectral "vom"xX ot (Dash and Curran,
734, 514) Index Txotrtupt 2004)
WDVI Weighted PPN O QYT (Clevers, 1991)
Difference
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Vegetation Index

PRI Photochemical "vop'uxTm (Gamon et al., 1992)
Reflectance Index "vopluXT
RDVI Renormalized Cynmt oYk (Raun et al., 2001)
Difference Tynm euymn

Vegetation Index

MTVI 1 Modified Triangular P8 P& "X @MU YT (Haboudane et al.,
Vegetation Index1 ¢ "eumniu Yy 2004)
CwWsI Crop Water Stress Yo YO Yoo "YAD 0 (Jackson et al.,
Index YO YOYD Yo YO O 1988)
ExG Excess Greenness Cz"uVuUmTeYM"TUT (Woebbecke et al.,
Index "eymvumiTum 1995)
-Hyperspectral cameras: This type of sensor |
very high spectral resolution, detecting a Vv

cameras atlé¢pwls &doal ysi s of cormptshe pproevd eln ;g ¢

pat hdpaexo et al ., 2017; Calder-n et al ., 201
-Ther mal cameras: Provide images with infor ma
sensors enable the identification of ther mal
stress conditions, maki ng t hen Jpaawite rc uB alru jya
2012; Gago. et al ., 2015)

-Laser I maging Detection and Ranging (Li DAR)
physical operating principle of Radio Detec:
sensors emit a |ight pulse (| aser,and mehaes ucre
using a detector, the return of the pulse r
(Sankey et al., 2017; ThesmeZadebbotfpebvalde, p

of the geometry amnmdhwiod tuenersa lo.f, c2ahlo7p)i e s

Materials and met hods
A systematic |iterature search method was e

guidelines set forth by PRI SMA (Prefer-red Re
Analyses) (https://doi.org/10. 1PaAGgEbmAt.. AT 1,

The research method encompassed identificat!i
systematic anal ysi s of the | iterature was
blh D he 11
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comprehensive approach. Thi s met hod ai ms t

- T

- o o

exhaustive |literature searches, thereby offe

Moreover, it provides a detaihedaatboust of

denti ficati on

The research was conducted in May 2023. The
systematic review. Titl es, abstracts and ke
Scopus el ectronic database. The qgqUesydesadl e

n the dAueumenrti c@rca bibl)iogThdi choRenvi ey

el ected based on preliminary research and t

rticles.

urthermore, the results obtained from Scopu
aper was published between 2018 and 2023, |
eview, (3) The paper was not motboa kl eotrt ebro,o k

ata paper, note, (5) The paper was not a co
nd the search results were saved in the Sco
oll owed is shown in Figure 1.
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file:///C:/Users/Marco/Desktop/DOTTORATO%20DI%20RICERCA/Review%20Orticoltura/RAW/RAW%20RAW/Query%20ricerca%20bibliografica%20Review.docx

—

Tomato
Database: Scopus Potato
Lettuce

Strawberry
Melon

Watermelon

Search: Title, Abstract, Keywords

Onion
Garlic

Spinach
Remote

UAvV
UAS

Query: 112 fields

Years: 2018-2023

Olericulture

Paper is not:
*Review
*Conference Review
*Book
*Book chapter
oletter
*Data paper
*Note
*Erratum
sConference Paper

Database: Scopus

Title and Abstract Screening

*Paper talks about application of UAV
*Paper talks about application in Vegetable crops

Database: Zotero

Full text Reading

sFull text of Paper is available
*Paper talks about Precision Farming
sPaper talks about application of UAV in Vegetable crops

C D

Figurel owchart illustrating

and

eligibility procedures
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Screening

The authors reviewed the titles and abstract
and progression to the next stage were: (1)

i ncluded applications on Ivegsdladbdteed rd®d®ps . p Op
met the criteria. These papers were exported
Eligibility

The authors examined all the 182 papers by r
the foll owing characteristics were excluded:
did not actually involve themsysg 39f Tdhreompape
pertain to precision agriculture application
while 132 articles were used as the foundat:i

Data anal ysi s

The 132 papers that successfully passed the
were exported to Excel. Data analysis was ¢
results from various studiesdanattwerteopktrat
each study: Title, Author, Year, analysed Spe
spectr al range, Npuarbtea ¢ edsfescd $negn sjoe sbawvdget at i«
results obtained.ngThehi datpe asret rweatee da ndad ryised
analysis revealed heterogeneity in the obje
summari zed into seven goals as described in
Through data analysis, significant trends ir

graphically represents the distribub2@h of t

the papers focused on UAV applications withi
role of crops I|i ke potatoes, t omat oes, pepp
agricultural production. Thea%Brasscsompaseskeniga

cabbage, cauli fbegwaentbyd thdrehar 8ulBucurbit

(8%), Amaranthaceae (6%), Rosaceae (5%), Ast
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Amaryllidaceae
8%

Cucurbitaceae
9%

Apiaceae

2% Amaranthaceae
o

6%

Brassicaceae
13%

Rosaceae
5%

Asteraceae

0,
Solanaceae 5%

52%

Figure 2. Distribution of the papers based on th

percentages.

I n this phase, an analysis of the bibliograj
on evalwuating the journals and conferences i
review, the evaluation par ametear § oomastslees sSd d
of the wutilized sources. This platform cal ci

par ameter s:

CiteScore: this index measures the average ¢

the considered series.

Source Normalized | mpact per Paper (SNIP):
relative to the expected citations for the s

citations within the context of the relevant

Scimago Journal Rank (SJR): this index measu
taking into account both the subject field
weighting is contingent on)tbé statkbjecti hgekae
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Thiend,j ceesferred to 2022, were extracted for

summarized in table 2.
Table 2. Summary of Relevance Indices of source
Source title N. of CiteScore SJR SNIP
Papers

Acta Horticulturae 2 0.5 0.149 0.167

Agricultural Water Management 5 10.7 1.524 2.018

Agriculture 4 3.6 0.561 1.162

Agronomy 9 5.2 0.663 1.215

Agronomy Journal 2 4.3 0.586 0.889

American Journal of Potato Research 1 4.6 0.39 0.938
Applied Sciences 2 4.5 0.492 0.974

Autonomous Air and Ground Sensing Systems for Agricultural 4 0.7 0.166 0.235

Optimization and Phenotyping

Biosystems Engineering 1 10.1 1.061 1.931

Canadian Journal of Remote Sensing 1 3.9 0.619 0.651

Computers and Electronics in Agriculture 7 13.6 1.587 2.473
Drones 2 6.1 0.845 1.884

Engineering in Agriculture, Environment and Food 1 4.9 0.325 0.568
European Journal of Remote Sensing 1 7 0.66 1.131

Field Crops Research 1 9.6 1.396 2.001

Frontiers in Plant Science 10 7.1 1.231 1.580

Horticulturae 2 2.4 0.487 0.969

International Journal of Advanced Computer Science and Applications 1 2.1 0.258 0.512

(IJACSA)

International Journal of Applied Earth Observation and Geoinformation 4 10.2 1.628 1.833
International Journal of Remote Sensing 3 7 0.732 1.030

IOP Conference Series: Earth and Environmental Science 1 0.8 0.197 0.255
ISPRS Journal of Photogrammetry and Remote Sensing 1 19.2 3.308 3.280
Journal of Applied Remote Sensing 2 34 0.388 0.564

Journal of Biosciences 1 4.8 0.586 0.599

Journal of Experimental Botany 1 12 1.823 1.619

Journal of Sensors 1 2.6 0.366 0.774

Journal of Unmanned Vehicle Systems 1 N/A N/A N/A
Multidimensional Systems and Signal Processing 1 5.2 0.516 1.045

PFGT Journal of Photogrammetry, Remote Sensing and 1 6.4 0.801 1.172

Geoinformation Science

Plant Disease 1 4.5 0.677 1.058

Plant Methods 2 10.6 1.121 1.904

Plant Phenomics 1 12 1.341 1.563

PLOS ONE 1 6 0.885 1.253
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Precision Agriculture 9 111 1.209 2.183

Remote Sensing 25 7.9 1.136 1.532

Remote Sensing for Agriculture, Ecosystems, and Hydrology XXI 1 0.7 0.166 0.235
Sensors 3 6.8 0.764 1.317
Smart Agricultural Technology 9 2.6 N/A  0.666
Soft Computing 1 7.7 0.819 1.349
Spanish Journal of Agricultural Research 1 1.9 0.249 0.55
Spatial Information Research 1 4 0.448 0.851
Sustainability 1 5.8 0.664 1.198
Sustainable Computing: Informatics and Systems 1 8 0.869 1.515
2

The International Archives of the Photogrammetry, Remote Sensing anc 1.8 0.274 0.427

Spatial Information Sciences

Resul ts
The selected papers under review have been

these categories represents a specific task

precision agriculture applied an ivredgievtiadu el c:
within this review. These sections are arra
pertaining to UAV applications for Crop mol
di scussed. I n parti cuwlraorp, itdheen tfiifriscta tsieocnt iaonnd
i mages captured by drones, with the same pri
Weed Detection" (section 4.1). Subsequently,
descri bed ilnogtibcea!l " Mordp h®eometri cal Feature |
papers related to "Crop Health and Stress Mo

ADi sease and Pest Scoutingo (section 4.4),

| eadiongpapers concerning yield estimation i

Ri pening Estimation" (section 4.6). Addition
as tools for aeri al Sspraying arSeradaiyd s s € & eic
4. 7) .
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e )
[ Cropand Weed Detection | ‘ U
e
[Morphological and Geometrical\ U
\ features extraction / ‘
I/ Crop Health and Stress U
\ Monitoring ) ‘
Goals
that Drones Yl )
. [ Disease and Pest Scouting | ‘ I]
can perform in \_
Precision
Olericulture e \
I\\ Water Management ‘ ﬂ
I<Yield and Biomass Estimation) ‘ ﬂ

\\ Aerial Spraying j ﬁ

Figure 3. Distribution of the papers based on th

each section.

Figure 3 illustrates the goals achievable by
crops, along with the respective number of d
studied category was ACrop oMedl tbhty &arCd ot ram«
Detectiond and AMorphol ogi cal and Geometrica
indeed the category with the fewest number

interest in this topic.
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2018 2019 2020 2021 2022 2023
Year

Figure 4. Paper distrib202®n per year in the per
Figure 4 shows the distribution of the exami

from 2018 to 2022, with 36 papers p2ubb23i,s haesd
compared to 7 and 14 papers published in 201

Crop and weed detection

Tabl e 3 shows an overview of the different

reference to Crop and Weed Detection. For ea
that were tested is reported, together with
Table 3. Overview of different algorithms used b
Specific Task Crop Method/ best algorithm Accuracy References
Detection of  Carrot; Cabbage; Attention Based Recurrent Convolutional 92.80% (OA) (Feng et
ROI: Spinach; Potato  Neural Network (ARCNN) al., 2020)
extracting Cabbage DeeplLab V3+ 0.9 (MloU) (Jo etal.,,
crop from 2021)
image Tomato Local maxima Extraction and Baesyan 0.98 (OA) (Ronchetti
Segmentation etal.,
2020)
Onion e Garlic CIE L*a*b* color space and mean shift 84.6% (ASP) (Kimetal.,
(MS) 2023)
blh D he 19
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Zucchinis OCRNet mloU 94.4%  (Huang et

al., 2021)
Cabbage Mask RCNN 86.63% (Yeetal.,
(mAP) 2023)
Onion Random Forest (RF) 91.20 (PA) (Modica et
al., 2021)
Chili prototypical network 96.46 % (LA) (D. Zhang
etal,
2022)
Plant Spinach Excess Green Index and Otsu thresholdin 98.6 % (OA) (Valente et
counting, methods + AlexNet al., 2020)
density Potato Mask RCNN 0.781 (Machefer
estimation (MOTA) etal.,
2020)
Lettuce Mask RCNN 0.918 (Machefer
(MOTA) etal.,
2020)
Strawberry Fully convolutional network (FCN) 0.67 (PPMC) (Barreto et
al., 2021)
Potato Excess Green Index and Otsu thresholdin 0.96 () (Lietal.,
methods 2019)
Potato Faster Regiofbased Convolutional Neural 0.80 () (Mhango et
Network (FRCNN) framework al., 2021)
Weed Cabbage Convolutional Neural Network (CNN) 92.41 % (OA) (Ong et al.,
detection 2023)
Strawberry Improved faster FCNN 95.3% (AA)  (Khan et
al., 2021a)
Onion You Only Look Once (YOLOvV3) 93.81% (AP) (Parico and
Ahamed,
2020)
Lettuce Regression between total cover values (2! HC (Pallottino
calibration images) and total weight etal.,
measured 2020)
Pepper U-Net 71.20 % (Gutiérrez
(MioU) Lazcano et
al., 2022)
Onion Maximum Likelihood (ML) and Support <85 % (OA) (Rozenberg
Vector Machine (SVM) algorithms etal.,
2021)
Spinach visual transformers (ViT) 99.63 % (OA) (Reedha et
al., 2022)
Strawberry SemiSupervised Generative Adversarial 90 % (AA) (Khan et
Network (SGAN) al., 2021b)
Spinach CNNs, Residual Network (ResNet) 94.34 % (Bah et al.,
(AUCs) 2018)
Spinach, pepper Faster RCNN 98.3 % (CA) (Ajayiand
Ashi,
2023)
Spinach, pepper You Only Look Once (YOLO) v5s, 0.712 (AP) (Ajayi et
al., 2023)
Overall accuracy (OA); Mean intersection over un
(ASP) ; Obj ect Detection Accuracy ( mAP); Segment
Mul tiple Object Tracking Accur aoy (PMO@TAN)C;t HMogrretn
Correlation Coefficient (PPMC) ; Correl ation Coe:

Precision (AP); Area Under Curve (AUCs) ; Classi f

klhohe
Mar co Cj
University o

20




hrough UAV

refers

t
p

be

ons and garl

i tmaeg ecsr am pf

Crop detection
When wutilizing images acquired t
or healt h, t hey must undergo a processing
process is CFempg Det.ea@rn om 2DLt0edct i on
classification, seg¢gdhentat.adith, s2 @@ /didcre sma md il my
the crop of interebntereseriROl Yo wist Regi bine
everything that i s not( RR®Ic,heknawndthaiss | t.thaec X@p2c
could simply be the soi , but it can( kKilmo
et al exte2@e8epd the canopy of oni
of plastic mulch, soil, and shadowsHuuanndge re tv &
al , reeadyni zed the canopy of zucchingsthete
met hodol ogi es empl oyed -rtecs od wttri aomnt
two primary categor i esbacsaend bnee tdiogtsiBnagsuai dshh eal:
|l mage Analysis (OBl-Based Geaageap@dhdt y sabngde ¢pG E(
based methods, which primarily wutilize Machi
5YYe et .al , 2023)
____UAV image acquisition | Data preprocessing Datasets building
2 I g
s e ik i
) \.\ oo Spee‘d].-tms
LB .
v B
Method 1 : OBIA-ML Method 2 : Deep learning
l Multi-scale iegmemation I szle;ctﬁ:ﬁ) l Network initialization |—>[ Modle training |
l Feature calculation | Cabbage ¢
l Watershed Segmentation
SPEC INDE Segmentation Detection
GLCM GEOM TERR **
L
v ¥
Field survey data Evaluation
:\I tereEnlE :: Canopy contour E—N: Plants detection i: C‘allopy" E—»: Comparison | | Selection of E | Prediction of E
e | of plants | : accuracy S segmeu.tanon 1  ofmethods ' "] bestmethods ' plants !
e S e O AL Chiarnpseliessy Lo dccuracy ] bozroswrsell Claogiirel oeibussed
Figure 5 Crop extraction processes
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dicaédrdampared and eval-hhatsed mdetfHiedsenandadd
arning algorithms for segmenting and cl ass
pport Vector Machine (SVM) ¥Yalde rRta@@ d@tnh) &lo.r
oposed an automatic machine vVvision method
thod, through the combination of Otsu's me
t work (CNN), achi ehaedh ed {2 @&pdnu rddhcey ootfh e9r5 %.a i
Ma<INNRfor plant counting and sizing in pot
acking accuracy (MOTA) of 0.78 for potato |
s the advantageotossyntbesismehotbkerf aése po
entity switches, allowing for the assessme

(Bernardin and.Stiefelhagen, 2008)

Th
gr
D.
c h
e X
er
a
as
IS
Mh

On

p h
s e

We

Th
of
w e
ap
to

rough these methodol ogies, it is possible
owth stages, estimating the seedling perce
ZhangQzateveaell oped a detection framework ba
Pl seedling crop detectionpBaackit@0ieldgy ad . |

tended a fully automatic method for count.i
rors | ower tham df%. pdtoat d her =@ 0 doleavt @ loo T e d
ssemi omatic i mage analysis software, obt ai
sessSmeft 96) . I n addition to evalwuating cro

al so possible to monitor plant density Vi
ango(2@€vilmla study conducted on potatoes.

ce the crop is identified, it becomes f ea
otogrammetric and spectral natur e, whi ch
ctions.

ed detection

e effective control of weeds is of paramou
herbicides is widespread. Howevespedc¢iof red
ed management " ( SSWM) i s( Jiomarseoas ientgT &yl sg a i
proach capitalizes on the fact that weeds

form clusters, providing a (sSwinnitfoinc,@ n2e0 0o5p)
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use ofedolghhti on i mages acquired through dro
di fferentiation of weeds from the main crop.
aut hors who have conducted diffegers sanhddapp
them to various types ®nhgv €&0eZ3h)b cabdbbagepsul E
Khan ¢€2t02dlan) strawberry cultivat(2®aiQn amrdi ofhar
cultivation. These systtems pruoutealsesd éeenr om
et (220020 )f or exampl e, estimatedi thd erdct ewetad

polyethyt emeelmugteenhouse using a |light dron
Another interesting application WwWagcamoeryted
(20.22T)hese authors successfully identified a

di stri buted weed known to pose problems for

The met hodol ogi es empl oyed for weed detect

di scriminate between weeds, the main crop,

categorized into thr eesupadrnvigsreodu,p sa a siseudpnesriovp es
how the | abelling process for gener@20a2h) t he
used two supervised clakskélchoodn(8MLYorantdm
Machine (SVM), for weed i dfeinaddanrfti cahadlolnen ge om
met hods is the need for a sufficieandngumiamge
and tedious task. To a(da0pg&sspdsheads a s\iusey a lR eTe
(Vi T) approach to reduce the size of the | a

met hod in weed classification i n 20€ltlm)n ptahres |

ot her hand, insupduceded metwhsdmi an al gorith

traing dataset for model training. This mett

weeds in pea and strawberry fields with 80%
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(a) (b)

Figure 6. UAV image classification with models b
obtained after using a sliding window, without <c
white dots mean that tweee i, annd amr eun dernttdifn edle a
(b) in red the weeds detected after crop | ine ar
al ., 2018).

Regardisnugpemaon sed met(ROp8ppBakdetn LI Yy aut
met hod (unsupervised) for weed detection (Fi
supervised methods in tests conducted in spi
I n training @addleept Heamunmmmhegr mof epochs requi
al gorithms must be considered. In a study e

FasterB®&egdo@Gonvol uti omalweNMaurcdlasNett warak i on

Ashi202dserved that an increasing number of
classification accuracy 1in various crops, T
al(2028essed the I mpact of the number of tr
Once), identifying 600 as the optimal epochs
Foll owing the preceding steps, it i's possit
di stribution, which can be wused for the i mp

spraying or machinery equippedRwiB.h BPowmabhe
G. A. Steckler, 1995)
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Mor phol ogi cal and geometrical features extra
Phenotyping i s t he process of eval uating k
characteristics and t heir phreensoo lougtiicoanl isntaaggees
and analyse them to extract i nfeovremma tpihoenn oa boogu
stage (table 4).
Tabl e 4. Mor phol ogi cal and geometrical crop para
speci fic task and crop.
Specific Task Crop Crop Parameter Used References
Phenotyping Potato Canopy Height and Crop Coefficient (Malachy et al.,
2022)
Canopy ground cover, height and volumt (de Jesus
Colwell et al.,
2021)
Lead Area Index (Roosjen et al.,
2018)
Lead Area Index (Zhu et al.,
2019)
Tomato Canopy Height and Crop Coefficient (Malachy et al.,
2022)
Canopy Cover and Height (Enciso et al.,
2019)
Canopy Height (Moeckel et al.,
2018)
Lead Area Index (Antonucci et
al., 2023)
Melon Lead Area Index (Zhu et al.,
2019)
Cauliflower Head diameter, Height and Curvature (Grenzdorffer,
2019)
Head Volume (C. Zhou et al.,
2022)
Cabbage Canopy Length and Width (J. Zhang et al.,
2022)
Canopy Height (Moeckel et al.,
2018)
Eggplant Canopy Height (Moeckel et al.,
2018)
Lettuce N.S. (Mascarenhas
Maciel et al.,
2019)
Canopy Biomass Potato Canopy height and textures (Yang Liu et al.,
Estimation 2022)
Potato Canopy height and Fractional vegetation  (Luo et al.,
cover 2022)
Potato Number of leaves (S. Yang et al.,
2023)
Strawberry Canopy Area, height and volume (Zheng et al.,
2022)
Onion Green canopy cover, height and volume (Ballesteros et
al., 2018)
Spraying volume Potato Canopy coverage and height (Xie et al.,
Determination 2022)
Growth Status Cabbage Canopy Height and Vegetation Fractions  (Kim et al.,
Monitoring 2018)
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Cabbage Canopy height (Jamil et al.,

2022)
Radish Canopy Height and Vegetation Fractions  (Kim et al.,
2018)
Pumpkin Canopy height (Jamil et al.,
2022)
Broccoli Canopy Cover, spectral features (Lee et al.,
2023)
Phenological stage Potato Canopy height (Martins et al.,
recognition 2023)
Cucumber, muskmelon, Approach based on Deep Learning (Mithra and
squash, pumpkin and  Classification Algorithm Nagamalleswari,
watermelon 2023)
Lettuce (Han et al.,
2021)
Onion (Din et al.,
2021)

Zhang(dt @Zhang matppeald. t h2022 mensi ons of cabb:

wi dt h, using a -enqquitppeectdrahecamemaa altitud
resolution ofDib5n cenm.r eltiong ne2t@ 2atl ).t he gr owt h st ag
deep | earning techniques with MKImiepeatr al
utili zRRGB WAAVYsed i magery with a spatial resol t

estimating biophysindalr gpdiosphe.rti es of cabbage

Through i mage analysis techniques, phot ogr an
specific crop parameters can be calcul ated.
has beenafat esro uggohatl for seYeeO&ZI2) ambhbheds t ha&ami
cabbage and pump kobiars epdl aRnGBs i usaignegr YUAVac hi evi n¢
wi t h-meiaslud ed dat a, with r2 values of 0. 86
pumpki n. Mo(e2cOkbeBl) ac’tmadluegs omngi B8 fo 0. 97 on
t omat o, and calflEagé soEmad mioéveatld2®s9)of 0. 98,
0.99 in three different tomato varieties, C C
for pl ant height egi0o@dimpamn.ed Md loauahytl odtf eak
extracting single height crop values from
estimating the crop coefficient (Kc) in both
( Mean, Sampl e, Medi an, and Peak)bedthec rMem nh ai
predi ¢t00.r84 (aRnd 0. 80, respectively).

Al so Leaf Area I ndex (LAI) has been 26€48i) mat

assessed LAI in po{aobejfetutdsdi ahdr @hu etops$
and melons. The |l atter achmeasdreadcdédfant wict
khohe 26
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0.85 and a root mean </gfnaCerenrorc(BMSE) sath

all ow for precise and rapid aeri adr igemtned rarc
exposed plant structure and head shape. This
of |l arge ar ededg,aigdreaviichifror mati on about pl ant

conducted by(Geerzad?r atuéehora019; Lee. et al .,

One of the direct applications that can be
pl ant area, height, and volume resides in tF
parameter has been esti mat edby fZohre flegx &l ae ,. i
i n onion cultivati ©20.1b8ypoBnel |teushteerrso,s leitkealp.

underground, prevent direct characterization
geomet ry -garnadu nadb obvieomass i s of great i nteres
provViYdaeng Liu et al., 2022; Luo et al., 2022,
l ndeed, by combining metrics |ike Canopy Cov

the appropriat(exXieprdyiang ,vQl0O2mé
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UAV acquired images

Raw point cloud data Remeval of errors “Clean” point cloud data s
QOrtho image

Preliminary data clean up

Soll
reference

Canopy surface
creation

Soil reference surface
creation

selection

Difference model
creation for sample area

Plot demarcation

Difference model creation for individual plots

¥ ¥ ¥

Height Ground Cover Canopy Volume

FigAreAcquisition of qgquantitative data on potato
Motion algorithm fr ondeUAWe saucsq udorlewde lilmaegte sali.n, 20
Rapid phenotyping can also be an exc202E)nt t
devel oped a method to demonstrate howodthe u:

UAV i mages can be employed to creatat ersosmr f

which al l mor phol ogi cal and geometric charac
a |l-acgke expansi omhefnoft ytpler easgercatajfpen st ud,i
appl i cat iboans eodf pdireonnoet ype rnwge ch aisn bteema todbe s, whe

to assess the effecti(vlemteosnsu cocfi. cedtmtadlier, t hAES3
phenotyping was empl oyed t o evaluat e i nbr e
(Mascarenhas Ma.ci @hr eughalt he 2i0d@®nti fi cati on
characteristics, it is also possible to idei

possible to determine the onset of tuberi za
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i rrigation management, by cal(cMalrattiinnsg .eptl aanlt.
|l denti fying specific phenological stages |
cucurbits, where the flower represents one ¢
Nagamal (| 2G@&yedl oped a transferCul @aF Idoaw earsalt g o |

capabl e of identifying the genus and gende]
muskmel on, squash, pumpklioowerinmdg waadmrraled @ nbe
crops where the flowering process is pivotal
|l et¢(Hae et .al ., 2021)

Crop health and stress monitoring

I n vegetables cultivations, one of the fielc

and widespread is the accurate and geospatia

5) .

Table 5. Overview of the papers included in this
Family Species Specific Task References

(Th®au e Meli.v,el2 ta2n(d)
202QButte e(Cakl ho286t
(Farooque et al

Crop health and stres:
monitoring

Potato Chiorophyll content (Li et ,@Yang 20t2081 n, ¢
2023)
. (Peng et,(Ban, e,q&du),t
Nitrogen status 20189 . Zhou .€Eamlet
Solanacee . (GarGairaci a e, Fal-Peamiad
Tomato Cropnﬁﬁiliigr?nnd sires al ., . (X&xpjer Johanse
9 (Marconi et al
Chlorophyll content (Angel and McCab
Pepper Crop heal_th "?‘”d stres (Soetkear r era et al
monitoring
Eggplant Crop heal_th "?‘”d stres (Mwi nuka et al
monitoring
Crop health and stres: .
Brassicaceae Cabbage monitoring (Si-6dez§lez dileaxl et
Nitrogen status (Besand and Katro
. . Crop health and stres¢ ( Messi na ,dtMea&ls.i na2 @2]
Amaryllidacee Onion o
monitoring et al., 2020)
Asteracee Lettuce Chlorophyll content (Bhandari et al
Apiacee Carrot Nitrogen status (Metiva et al .,
Amaryllidacee Garlic Crop heal_th z_;md stres (Ryu et al ., 2
monitoring
Cucurbitacee  Squash Crop health and stres: (She&rdafin et al .,
monitoring
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This practice has proven to be one of the m
cul ti ¢&oetbearnr er a etandl .t,0d2a@19)t can be carri

met hodol ogies and using different sensor s.

(20empl oyed a t her mal infrared sensor for st
Vegetation Dryness Index (TVDI), resulting I
(2023d a multispectral cametat aod rcadcaoésa]

Normali zed Difference Vegetati omOlgrdex sEeND \al
deep |l earning al-oigt, hnc arparhd & Rdt idnreda ect i ng
plants, with an average Dice Score Coefficie

The scientific community has i ncreasingly
measurabl e parameters through these platforr
studi es, in fact, use UAVs as toolto fsprece v al
treat ment s. For instance, crop's response t
Gar-Gaaci 48262datomato cultivation; they wused
Canopy Cover (CC) with vnaPegining{@a@®3alsdpibDVI ,
Simple Ratio I ndex (SR), and Green Normaliz
combination witlheweolnvemysiomladgilecalf and agror
experi ment involving 91 di ff darceerst sdcenvetdy peexsc
correl ati emesa swirtetd fcioanipdari son ddR2&8,19Kmaslpesed
bi omass variation under different saline str
Marcon(2@it9ywdsti gated t hRGB alpadved i cryomf man iUA
to determine the best management practices f
di fferent planting dates, plant dengdirtayt,i nus e
these systems' ability to assess plant respoc

practices.

Similar types of applications have been foun
al(.20a8ed GNDVI , NDVI , and Optimized Soil Ad
assess the interactive effect oEIl ai nr2e0Re3al an
evaluated responses to water stress-bamdl pot
Spectr al l ndices and a Machine (Ré&kwpil oy echod
NDVI as an i ndicator of cabpi Wlnevehppment | O
cultivationnhanbhenagpliceaatafons was deter mi ne
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relationship with various vegetation indices
Di fference I ndex (NGRDI ), and( Sih@ doerzo8plheyzl le tc o
2022)A UAV with a multispectral S einrs 0 0 N iwars
cultivation (b0 aMepsisnign at oeti daelnti fy the opti ma
productivity. ®3peaistiedalVegettaheoBoilhdex (SAV

vigor monitoring, whichoasswi showedl dignific
50 B st Plot 2 Control Plot 2
. & -
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Figure 8. Salinity stress detection in tomato fi
being in a poor/dead condition throughout the gr

or poor/dead condition (Kasper Johansen et al .,

Studies with different approaches have been
et (&10.aay Ry 20t O0mpared NDVI maps derived f |

platforms for monitoring onion and garlic cr
drones provided advantages over satellite pl
on crodp MMM ch is not possible using i mages f
Farooquée2®@p3)mdaosed m tnmearhsoldatte i mages from
cal cul ating NDWV2AO0&eype | olpeeed ea cadl.i br ati on met
from drone, using a handheld hyperspectral s

in the field through a portable spectroradio
dr one, acrceaaltiibnrgat i on equation method for UAV

all owed the authors to create a p-NBVI emaprm
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Chl orophyl |l content
Chl orophyl | is the essenti al pi gment for pho
capture solar energy. A high | evel of chloro
state of | eaf heatbteh ngnd whesent owpfpanthi swelpl
i ndicate stress or a probl em. There are sev
however, many of these are destructive and/ c
Pl ant Analysis Developgent o( SRAD) améetehodabelt
used but demands the presence of a technici
without georeferencing.
Drones equipped with multispectral and/ or hy
provide precise and geospatialized measur eme
of chlorophyl/| cont e2 0 2mjpksed oan ca oplsl orLa p he
met hod using hyperspectral dat a, providing
found that the Partial Least Squares (PLS)
chl orophyl | contemnmtbgromwhpe sbhwhdi Isé¢ agbe aBtdepwi
(SR) model achieved the best estimates in tI
stage Y2i@ 29si mfg . mul ti spectr al data and ind
Ratio (MSR), Si mple Ratio Vegetation | ndex
Learning and a Stacking Ensemble Al gorithm,
contente®stY(inta0 @8 % d-blasved mul ti spectr al veget
i n model s sufdr eassst RarRFdom Support Vector Reg
Squares Regression (PLSR), and Ridge Regres
potato crops. Compatrmemne utrlee deag @l tussi wigt it hfei
meter, tblkei auethorkse abest perf dofmahcz6 wand &RF
of 1.97.
Ot her researchers have conducted studies wit
for this purpose. FBhandatiahewenaBhaeZ@26)X epe
with the Modified Chlorophyl I Adsorption Ra
|l ettuce. I n the case( ¥ifnpetiadmwniciu @2 &)a€hlomnr o
greegrddn@ind Chl or ophyled)dagetse X hree b eessdg e r(ed@li ct
content. I'n t Mo&a@esgelAnged Me@aehdeo,peal0 a2 )mod ¢
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utilizes machine | earning algorittemporfadr Leh
Chl orophyl | Dynamics.

Nitrogen status

Nitrogen is one of the most cruci al el ement s
el ement I n | eaf ti ssues |l eads to hindered g
enhances yi el d and product gual megt aMhi I B s ke
associated withH{Mettvagen &ewiatthi2agdd)accur at e
nitrogen concentration in tisnakeangi s ni heerta
management . UAVs, owing t cestoHaitri oand a mtrab Ipeot &
ful fil the role of a Decision Support Systen
potato cul ti Vat0iddmp, oPeng detveake pl atforms e
sensors for nitrogen management. They found
i ndicators such as Pl ant Nitrogen Uptake (P
Nitrogen Nut¢(NNIpn tadking among the most [
empl oyed (Fig. 9).

On the other(2@éd@pl dwed evwi ailbhl e 1 i ght veget a
with morphol ogical parameters derived from &
potato nitrogen’vadtmtesentup aohiOeBin@goRtrary re

et (210,L18Who assessed the potential of NDVI an

status
Katrofs
Conten

, yielding nonsignificant out comes. I
z20h2a®@enti fied stweerg codiekstsogcés ket Ca
t Index (CCCI), Green Leaf Index (GLI ]

and NDVI and Nitrogen Status.

Uni ve
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Figure 9. Nitrogen -segudm epgnetndat onagrso vitolr im df i el d
from UAV data in (Peng et al., 2021).

On the other h(a2n0dZ 2 )cZuhsoeud eotn atlh.e eval uati on
hyperspectr al and multispectral I mages for

observed superior performance with hyperspec
the width bandédedeaci taged. They al so obtaine
situated in the visible region exhibited hiocg
compared to those in tyhenidnfprarcedioweagiodn.hyPph
were also aff{(2m230hgyFaomptar ald:bmynpe mreddetecrt a
wi t h-athwio -bhnde spectr al indices for estimatir

opti mal per f or Abaanncde swpietcht rtahle itnhdreexe ( TBI 5) ( 5¢

Di sease and Pest Scouting

Di sease and pest management is a highly sign
vegetable crops, effective management of pes
in the use of pesticides,nwviffenmeagt samdt hnomi

However, an effi cafefnect itviemedcoqutamdy cpasotcess
scouting met-hotdenairee | amdbuexpensi ve, and do
blh D he 34

Mar co Ciq
University o




I ntervention. This 1s why contemporary ol er
products, sometimes resorting to preventive
Remote Sensing stands out as one of the m
I nformation. Mor eover, the wutrkebsbpautoopnoftan
represents one of the most efficieniton eaxrmadi g
promptness at relatively |l ow cost s, of ferin
progression both in space and time. Tabl e 6
according to the crop.
Tabl e 6. Di seases and pests analysed by the auth
Species Disease and Pest Reference
Potato Late blight Phytophthora Infestans (DuarteCarvajalino et
al., 2018; Rodriguez et
al., 2021)
Early Die Complex Verticillium Wilt) (Lizarazo et al., 2023)
PVY Virus (Siebring et al., 2019)
Soft Rot Erwinia carotovorg (Siebring et al., 2019)
Early Blight (Alternaria Solanj (Van De Vijver et al.,
2022)
Cyst Nematodes3loboderaPallida, G. (Jindo et al., 2023)
Rostochiensjs
Tomato Target SpotCorynespora Cassiicoja (Abdulridha et al.,
2020a, 2020b)
Bacterial SpotXanthomonas Perforahs (Abdulridha et al.,
2020a, 2020b)
Late Blight Phytophthora Infestans (de Oliveira Dias et al.,
2023)
Yellow Leaf Curl Virus Bemisia (Abdulridha et al.,
Tabac) 2020b; Oh et al., 2019)
Lettuce Root Knot Nematodedveloidogyne (Cavalcanti et al., 2023)
spp)
Soft Rot PectobacteriunCarotovorun) (Carmo et al., 2022)
Watermelon Gummy Stem BlightDidymella (Kalischuk et al., 2019)
Bryoniag
Downy Mildew (Pseudoperonospora (Abdulridha et al., 2022)
Cubensiy
blh D he 35
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Onion Anthracnoseolletotrichum (Alberto et al., 2020;
gloeosporioides and Gibberella McDonald et al., 2022)
moniliformig

Stemphylium Leaf Blight$temphylium

vesicariun
Radish Fusarium Wilt Fusarium Oxysporuin (Dang et al., 2020)
Squash Powdery Mildew Podosphaera Xanthii (Abdulridhaet al.,
2020c; Ganesh Babu and
Chellaswamy, 2022)
Cabbage Flea BeetleRsylliodes Chrysocephgla (Zhao and Shi, 2022)

The potato cultivation has beenCahe asabij eaot e
(2088 pluated the sedéhgrniotpyht do)r hiart ef b bd igfhfse r(e

genotypes using multispectral I mages capture
as support vector regression, mul til ayer pe
achieving best accur ancdyo nwiftohr edsete pa nlde amunli tnigl
This method involved h hssubsaentu ads ed ttracttr ainn

timensuming and can be subject t(®RO0RMNp.ose@rd t
a method that involved i mage segmentation th
creation of training polygons, and then com
10). The best results in mnceddaswsifryg nlgi nde asre a$e
Classifier and Random Forest al gorithms, bo
Siebrifgoémpladyed a different approach i n th
Erwinia bacteria andcdsPVYhEN-rwisredda thii igmp RIGBt a
captured by drones for detecting morphologic
used as input i n the Random Forest model , a
average Matthetwti €Coenel aMCEGh €oere of 0. 47.
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Figure 9. ClassificaAienByeisnl assfodytwo pat aset
study area with regions of interest depicted 1in
showing ground reference and the classifiBation

showing ground reference and classification resu

Jindol 2e0t2B3pll.i ed drones equipped with multispe
estimate the effecGl cofodwaray ial Idedmas(i &g etsG.o f
Nemat odes) on four potato cultivars. They ¢
vegetation indekddeND¥h)or amhy |IRedi ndex and o
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nematode popul ation density, finding good co
correlations were observed with ther mal dat a

Anot her i mportant disease in potato cultivat
study by L{26aRaflmesd adt.hors evaluated a ma:¢
utilizes an ensemble of gradient boosting ma
of Verticillium wilt disease severity, achie

thainirng dataset and 84% for the testing dat

Lastly, Alternaria sol ani I nf e(ca 0.22)sh ewe rues edle
deep | e-dleni mpd¥l to predict the density of
Particul arl y, -htihgeeys celmptliooynre dR@B tirmmages (0. 3 mm/
and applied a deep |l earning algorithm to pre

Regarding tomato cultivation, sever al pat ho
Abdul ri d28& 2déett )eaclt.ed bacteri al spot and targe
the field using hyperspectral Il maging mount e
i ndi ces, they achieved the best results wi:
NDWko and chl orophgrBdn iAndle x i gmeaeén y( Chhe mul t |
net work (MLP) classifiaatcuomcymettmod badhi e6Baec
and Target Spot (TS).

Abdul ri dh2a0 2édtb )nalanot her study wutilizing the
Yell ow Leaf Curl Virus (TYLCV) in addition t
stepwise discriminant analysis (STDA) and tl
hetaHy plants. This yielded cL89% focaTBoandat
di seases-perMther mMiensgt Vegetation I ndices (VI s)
vegetation index (RDVI )geamd itome i maddixf iled MTrVil

TYLCV was also the fo¢c26.19Ifhea asuttunhddyre sbpo sCGhll en

phenotypic attributes (canopy height, canop)
and excess green index) extracted from UAV n
neur al networ k moedela DYiamiéldgrl lay,ehdd-guel Qorliavt i on
RGB i mages for predicting | ate blight sever

yielding determination c¢)o eafnfdi cOi.e8nlt s( oonfe O0d. a9y3

set .
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Lettuce was the subj ect( Qafv atlwoa nstteusdeitensa.t eGla vea
ef fectknoft rnoecomat ode i ncidence on | ettuce gr o\
Vegetation Cover (VC) f(rCoam nRG B tu swd). emul GCiaZ )pne (
i mages to detecPRedtecshantse nif)u,8 cafrap Idioydivig unu p p «
Machines (SVM) and Naive Bayes (NB) machine

I n watermel on cul t(i2v0gitBipgmno,s ekbad & isdcthautke sed o wuatl i. n
with multispectral cameras for Gummy Stem BI
in 20% of case@20@bDIuilze d hlay mer sapectr al i mag
Downy Mil dew Severity Stages, achieving 62.3
to 91% for higher severity.

I n onion cultigyaoeopat &d bgeopateholadbgi c-al ma p
t wisteri ndiexe &2@sle pl ants wusing multispectral [
85% accuracy. (Mo®2pladbdeadtt mé .possibility of
BI i

|l evel s without finding correlations with var

ht i n onions wusing multispectral camer a

«

I n radish cul(ko@bd)oo, edDbhyg ebvabtigated Fus

mul ti spectr al Il mages captured by drones and
classifying diseased plants, achieving 96% a
I n sqguash cultivation, powdery mildew was de
both in | aboratory and (2@Zkh@hienveéidt aongaccAba

for asymptomatic and 96% for symptomatic ph,
Ganesh Babu af@aogBihl asdamp % accuracy for tF
for the final stage of di sease using the Lo
(LPDBL) .

Finally, Zh2aod2mmosSEhdi a met hod f oPsydéet edteist
Chrysotephaktabbage cultivation using UAV RGB
l earning, empl oys an i mage tiling modul e for
i mage restoration to remove blurrindssedA nc
enhancing Center Net with attention and DI oU

compared to existing methods. This method a

klhohe
Mar co Cj
University o

39




University o

(Average PrecisioAf arnt [pd9t adids e%ds.e7 UdoeR|edc t i
application needs.
Wat er management
Wat er resource management plays an essenti a
agricultural production, as wel as adapting
(Pereira.etlnalf.act20®X)pecially in Mediterran
trend in the amount of water resources and
regions, therefore, it is crucialcy.o adopt t
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I n this context, the use of drones is part.i
possible to adopt di fferent strategies that
optical, mul ti spectral, and t ldar maol dedresdr s

water status (table 7).

Table 7. Overview of the different types of sens

i n water management .

Specific Task Type of sensor Crop References
(Stut s
Thermal and RGB Tomato 2021)
- (Coul o
Thermal and Chil al ., ¢

Crop water status multispectral Potato (aEI kieaetw
Tomato (Tang
. 2023)
Multispectral )
( Mwi nu
Eggplant al .
(Tunca
Thermal and RGB Pepper 2022)
Thermal and i
Evapotraspiration multispectral Potato [ 136 7.
Map (Ebert
. Potato 5022
Multispectral )
Tomato [ 15862]
Son.mos_ture Multispectral Potato (Casam
estimation et al .

Mul ti spectr al and ther mal sen2dmRd )leavr e mae en
water status in cCh0o@d) ermiprsed Sittutsxilng@tRG@B . a
tomato (Fig. 11)(20umhd ¢ de-blavsve dumkal et spectral s

with handheld thermal sensors in eggplant.
Among these types of sensors, thermal sensor
(CWSI ), tkKeamomnstanwelwi dely used index for est
(2022mpared three CWSI model $empi mpiod a@lt o CWSP
theoretical, CWSI h hybrid) for crop water

predictors of soild)RHl DWOSWBIB)¢ wotai néc oyt ¢ Mt
CWSI h.

Ot her studies have used multispectral sensor
tomato, photochemical reflectance (PRI ) and
blh D he 41
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poteqaTamadg et. aWhil 20Q89 d Ri0t2joaumal dathealb.est co

bet ween surface soil moi sture and Normali zed

Ot her approaches have involved the use of e
i rrigation water requirements by cr gatdizrdg ma
adopted this approach on sever-ahsedoppti cal
t her mal data with Landsat data in aidaseidst ir
data were compatible with the mddeal022aldsa of
twoource energy balanpgepmedel i ¢ TEEB)ninhias be

platform demonstrated great potenti al i n map
all owing measurements at the plant | evel. Th
Il i mi t ati osnisng nspaotseeldl iut es, which off ét haomampc
et al.,Pehg2z2pl3mioposed a new energy fl ux mag
TSEB for high spatial resolution ther mal an
excell ent perfor mance of t his mod el for re
confirming the reliability and precision of

Regarding the best flight modes (RoORe@eptr mdt i
di fferent flight altitudes, 30, 60, and 90

advantages to flying at |l ow altitudes, confi
meters.
Finally, anot heasedrawattgly MmamaddnmMent i s the

et (2028)a study condtatpaddirerd tmuratis.pedAV al i
estimate evapotranspi-s@tcmomnp byoefaflicailant n(gKa
this method estimated evapotr anpgmpfieat i aoagir ¢ em

withpbastice irrigation, both in terms of to

Yield and biomass estimati on

I n the case of vegetable crops, the early g

i mportant factor that allows for the best po

sales operations. This estiwmbth -dsn<Lwmereqtdry

often approxi mate and inaccurate. The wuse of

it i's one of t he most est aml iasghreidcudndir ai d e
khohe 42
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scienti fi(cY.coQhneun i.etty mIf.act2,01d®r)ones can be wus
of both fruit production and biomass of mul't

various techniques and used different types

estimadfi ot he yield. As shown in table 8, 0N e
approach to be used for this purpose is the
Table 8. Summary of the different yield estimat:i
Approach Type of Yield predicted Species Reference
6aARao0d
t I addz
Pumpkin HAHHT
2 AgaidN
Fruit yield F £ dX
6, / K¢
Strawberry MO
Object Detection vellow melon oYl fly
£ &%
A 1
Strawberry ° /:F;ZH dl\f()
Maturity level of fruit caslitoner 6t 54 NP
£ &%
. i oaKl y3
Stem density variation Potato oS

I I N
Fresh matter Eggplant, Tomato 6! a U 2 N.

and Cabbage HAHANDU
Predicted model based o
shape features . 5 r:
. . 0! NfAS ¢
Seed Yield Spinach &6 1 i o
. . oYd w2
Biomass and Yield Tomato &6 1t o
. ol | dzy 2
Dry-Biomass Leek FE oS
Predicted model bgsed o Tubers Yield Potato oWl aa Y
Vegetation Indices HAHAOL
Fruit yield Strawberry ohtA QS,}
HAHODVU
6 ¢ dzy OF
Pepper YI1&abt:
o! aKI LJ
Fruit yield bt oz
Tomato [Kly3

Multi-Source Prediction HAHM :ﬁv
model {Fl @SR
F £ &> +

c s .

Fresh and dry biomass Spinach ot oAl .
HAHMO
. . o¢l dad
Biomass and Yield Tomato FE oS
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I n studies conducted on crops where the prod
i mages, one of the strategies found was frui
and counting techniques, sevdarfdale da uthheo rpsr olda
strawb¥Yr rGhen etyall ow2m@RainarftFarg adtd) plump k2 02
(Midtiby and Pastucha, 2022; W ttstruck et a

' p)
|

FigareYield estimation process. Sknrgwel d Age mefi ome Ib

shape, (B) conversion from 3D to 2D, (C) Ilinear

mel on | ocation and y(iKealldanetsatri.neatt iadn ,f o2r0O 2tOh)e f i el

Ot her strategies involved the use of machine
data. Ol(2e@8padethal support vector machine (
model s on strawberries, with the | atter obt:
model obtained 99.91% accuracy for the avera
and 99.94% for the-RGBmMbataoWwet eavesteddVuse
(2018 )esti mate tomat,o tyheelaut hFoorrs tuhs esd psulr gpoes

area, border Il ength, width, and |l erfgahuas i
agai nst fresh shoot mas s, yield mass, and f
respectivel y.

Furthermore, sever al -saouutrhcoer smohdaevl es .e nTphl eosyee dm on

geometric characteristics such as canopy <cov

spectral characteristics, t hTough aplpe oaahc bl
adopted by ¢$sAdAsbmplurauvuehonrd . , 20-$8avE€traamgett
2022; Tat sumin dtomalt.o, ca02l)vat i on20aAd pkey pTeun
cultivation. This mdtetdd vieastprroegly t o Ipe oai
more accurate and reliable predictions.
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I n crops where production is below the soil

to various strategies. For exampReeundngpod :
correlations between yield and vegetation in
et (a2l0.a83rd a deep convolutional neur al net w
estimation of stem density, a parameter that
Addi tionally, in |l eafy vegetabl es, t he parar

has been successfully es(t2i0mdt)eods gihn i ond bolr ampda i b
height derived from point c¢l| oud(s20mda@spedd UAV U /

mul ti spectr al Il maging for the estimation of
R=0.90. AwkRRa@detmated spinach Dbiomass throug
as input geometric information (plant heigh

characteristics (excess gr eeedngneersys,Chiimodremal (i &Ex
di fference vegaé8t aatnido nn oirnndae xi z(eNDe\li( INfD&REg N c e Ew
spinach cul-$erntaz 9( Q@t28HIpit 2zad an approach for
estimation for seed production purposes, Wwhi
two phenotyping variables (pl ant area and c
harvested seads sared wke ghhoudae resul?dsg show
of 0.80.
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(c) (d)

Fi gbreStrawberry maturity detection and cl assi fi
(Zhou et. al ., 2021)

Beyond quantitative yield estimation, some &

classification. This was perf(po@mdpl ope-hrolcjce®

based i mage analysis (OBI A) techniqgues to
geometric characteristics of (20 Hleead fi Edr ¢
classified various maturity |l evels wusing YOL
results showed that threel assaivbedr wi tinht @r ir
precision (mAP) of O0.88, and 0.93 for fully
Aer i al spraying

The use of drones on vegetable crops for spi

studies by sever al aut hor s. Drones equipped

targeted aeri al treat ment s, |. e aldhien gnati on sciogmpi

of aeri al spraying drones include Brushl ess
blh D he 46
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Control (ESC), flight controller, GNSS syste
and receiver. For spraying, the two primary
(Fi gl Hdf4gez et al ., 2023)

X W A
.i“-g}\'g ‘ et

arwesr R
-

=
.-L"l
Wiy
_— o RN
. g\

| A

Fig6reAV based spraying ¢$WHatemzusedain, d2DR8) ent

The use of drones for spraying is becoming i
equi pment for farmers and attracting attent.i
of vegetable crops, three naotoalsl efstpedite < ildae
and def ol i asnprsayuesrisn.g IUMAAVparticul ar, Xiao et
to compare droplet deposition and -ppassolee
knapsack (EAP) dpradyler Decmpi a epd&JApegave | ower
and uniformity in depositioneg/ & m wehdhihe weads @i
hi gher compared to that obtained with the E!/
aphids and Phytophthora capsici

Anot her study was c ar2rOoigetd feeutt iby z&irn@wyipn i eta
aimng to evaluate the effect of working par
at a flight height of 2.5 m and a speed of

high | evel otheabaa&klsimeret odbnt he | eaves. Last/l
Yapeng i2oa€%eaked the effect of aerial adju
pl ant s. The momesf weoer altlhe egsetdcempl oyi ng t

underscoring that specific adjuncts within s

deposition and defoliation rate, thus augmen

These first results indicate the potential o

Drones offer an innovative and valuable tool
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cCuss si on
use of drondsasoremeegetdalmlse acrgomswi ng r e s«

s review focuses on analysing the differe

ices offer to farmers and researchers for

p detection through drones represents th

alyses of agricultural pl-basedByeempt ®yiinf

identify the target crop,),r eafnedr (ritedo ldaot ealsi.
3)This approach provides a detailed view
ilitating rapid and efficient mapping of
es of sensors addat emettihonda shestehd-bpdexecd¢ r@p s «
ow for the i1identification and mapping of
s the foespdatifon wveedsmbApggmeat 4&SSWM2O02

eover, crop detection enables further op
metrical plant characteristics from i mage
ble the extraction of key patrameitgehts, swalh

0

a

d bi(dmaesset . alThj s20B8pr mati on supports an
n

efiting not onl Y Amaomercsi.bet also RO&8Jder

itoring plant health and stress has been
i ew. Many authors have e mprleosyoel du tpiaorna naeetreirs
assess tr(eCatrGeamai ae fdii cabcryf, i 2M@i2ilg t hat t he
mly established and reliabl e f ebreienvga | uaantd
ess in space and time. Additionally, rese
gener at ®g ama pa& npdh fycl hhli gcoonggeelntand Mc Cabe, 20:
3b)

ther application domain of drones i1s the
sing. Although still evolving, the anal ys
erspectral, multispectral, tamddi nesomdl| ea
uting symptoms i ndbaad kY. m@acn s ec2sell )yd,i sied
eases during asymptomatic stages and acc
erity is a conAtbidmubarleltly agr.o wi2rmOg Ofci)e |l d
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Wat er management is crucial for proper crop

and economic relevance. Drones equipped witdt
can make substanti al contributi oncsultaot ewawnaetre
stress indices, estimate evapotranspiration
precise irrigation planning (akhkdi nemtgi neatl awa.t
Rozenstein et al.., 2023; Tang et al ., 2023)
All types of crops, including vegetables, ex
with the harvesting phase. Drones can be wuse

provide wearly, detail ed, lamau gghe otsipaitn abt zéed

application has garnered considerabl e scient
i mpl ementation in the agricultural sector,

transportatiompestqabiiBg@eoyv eamct al @ad ., 2022; NV
2022)However, accurately estimating ripeness
present in the field could be a future rese
aspect, respectively in strawklardntisesanand nlsn

potenti al appl i(cPastiiroonusk iisn eott haelr..,cr2o00p2s2; Zhou

The previously mentioned applications have d
and sensor s, can efficiently monitor crops f
these vehicles offer the capabithéeéeymost condoc
uses in this regard is aerial spraying. Dron

and equipped with various types of spraying

vegetabl e crops inpltihec a&tei esnsadofespentviod ivd emg, a
ferti(UDingxsn et al ., 2021; Yap.enlghelLirueseutl tasl .t
applications are the basis for further resea

Concl usions

The review points out the signi fainddandce dfmndern
potenti al of these tools in enhancing cul ti
crops in the Iliterature are increasing more

this subject growing year by year.
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The scientific knowledge in this field, comb

provi de, wi || be employed by agronomists, a
precision agriculture. These paomessi onaklkga
i nformed and precise operational gui dance,
agricultural management practices and yieldi
From an economic standpoint, drones can pr oy
the reduction of input quantities such as he
the prevention of damages thrtoygds eaAhdddgi tdii @
savings can yield environment al benefits, po

for the environmental ¢Bstaenabi hity @0D2¢egK

However, It I's 1 mperative to continue rese
chall enges and make these tools increasingly
where tradition is strong, anda¢tiednovations a
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Spatiotemporal variability of nitrogen nutrition index in potato fields:UAV-based

machine learning approach using bayesian critical nitrogen dilution curve

Abstract

Nitrogen ( N) management i's one of the main
promoting sustainable agricultural practices
the ratio of actual pl ant N, taopptlhiee dc rtiot iacsasl
N status of various crops. Traditionally, NN

(RS) technologies can offer more rapidly and

field) variability of this index.
This study employs multispectral data acqui
machine | earning (ML) models to estimate pot

met hodapwatsoeda-yehredield experitmgetexarrnbBietvima

grodmded pot,atoo ndoadteals etttse cri ti cal nitrogen
calcul ate the NNI

Mul ti spectr al UAV data were processed to ex:
vegetation indices, which were used as pred
regression, support wvector machliinnreesar graeugsrse se
ensemble trees and neur al net wor ks.

Among the compared model snodgatuperthine mphlcers s
showi ng R] equal to 0.83 and a RMSE of 0.1
comparabl dasedgBayedi an esti mates. The vari a
the seasons wusing 28 NNI maps derfi ve@odd om |
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vironmental i mpact of potato cultivations
ywor d®Psr eci sion Agriculture, UAV, Crop Ni t
gression.

ppl ementary material s, i ncluding additions

t

s chapter.

roducti on

trogen (N) fertilization is one of the mos
I's highly complex as it needs to be manag
crop performance and envirroadmuméntoal, DOpgt a
nagement can indeed provide a boost to yie
|l 1l uti on caused by excess N, {&Girlexamwmpke, at
adi et. allher e QI &} easrccihencorftiichnues to focu

approaches, theories and Bteogles to¢ falrt her02d

20

Re
sc
Ol

(i

Mo
de
20

b a
of
M a

Th

w h

mote Sensing (RS), along wi trhe tohfdors hted @li ;¢

eening the spatial and tEepotriallh o aet adli .|,
eira etThé. ys@0@B8)RS techniques enables t|
e . geometric and spectral) than at eal nf o
ier et al., 20T1he Usa@agoktR&E&lin 2§RU4Gul t ur
ade, spurred by advances (i @anincmeatntnde da mMd r°
4 Roz2a2abe)d &ahe, i ntegration of machine | ea
ellig@amciec 4dtA1 3 et al ., 2025c; Li Ted-agl . RS
ed N recommendations and screening combin
crops, from cereal s t(dahmratriamwl teur all .¢qr &P
l apal |l i, 2024, Pat el et al ., 2021; Zheng
use of novel RS approaches can assist o

ch can also be estimated WwiZhbut ke HNlihe o0@gEé€
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N NI i s defined as the ratio between the N co

%N, and the critical N concentration ( Nc),
required to achieve maximudetceomi geodwhbhpyn rhaee
dilution curve (CNDC), which dpels@omti e r rtelaes i a
with increasing plant biomass. Thus,befloorw any
which growth réaLemwité adepdr &dsteld, 1997)
Usually, an NNI value greater than 1 indicat
N status, whil e an NNI |l ess than 1 indicate

assessment of crop N s{&iampintmaey bérbacéad
and as a surrogate for agronomic and environ
radiation wuse efficiencyBohR@mB) edndalyi el2d02d
Echeverr?2a, 2012; Hu e202a4)Pota0Odb4d4;spRadfi gue
devel oped across various regions, consi der i
(Soratto.etFoal { @Bsk @b, and decvhed voeprerd?2 aa, C2NODIC2 )\
the pampas of Argentina, which is dBf®iIiamagrtr -
et al., 2001)

Traditionally, crop NNI is determined via de
%N. Al though some studies have developed cur

most common measur-grsoumad!| ade ottt @EphbhoyEenenes

in | aboriawnsamdng Chmeaaovezsra et al ., . 2016;
Moreover, destructive sampling methods provi
points. This restricital twvhaer iadbilliittyy tadacrcapgs ufri
the tempor al frequency of data acquisition,

crop N st a(tlhisngdyentanmalc.s, 2024)

NNI calculation (i.e. with statist(iFealnamddkel
et al ., 2022; tdusiepl es(dAbdappabdted etahl e , mo2rOe
sophisticated Bayesian methods. Actually CND
met hods, each potentially | eading t(didieftf earle
2022)Tr adfirteigouneeelt h s d s whi ch commonly rely (
estimation, are particularly vulnerable to b

par ameter est ismartpdse duea st cansdmanlelgl ect of par e

hi ernadradh Bayesi an approaches have been shown
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r e Xlaanpd g(2 @2B8gantoonstrated that the hierarc
tperforms conventional sequential methods,
yesian approach explicitly incorporates un
bustel amdl & CNDC =estimations wunder chall er
amewor k, ori ¢Makalwlsk@m@®mrd®ycieadne doebyappl i€d on
mited classificationsf @a@anebltagntysoftlaDC
proach was adapt &40 2alh)wiwihe mp i 20 2 dedt) eanlded it
mai ze, examining CNDC variation Bachmasmrs ge
(220 2&88dapt ed this model for potatoes, empl o
ri alainbdmna i amet ers Pdrmbaebrgsewhetde empirica
t he CNDC. This model provi dedt d;buistt presd
|l i abl e estimates of the ga&8rodamatneres wilt.h MR
.,. 2021)

e critical phase to select an appropriate

he complex nature of destructive sampling

structive approachEeSorngretdialect NN22)sti ma

e use of spectrometers to estimate NNI frec
udileidu b&t0 2a@dMddhao (B0 1&)These studies documen:
ge s nfeeaarr ed (NI R) bands and derived veget a

N crop status in both mai z¢ uadndgswiant ecra mel
re used to quantify canopy cover d3Wamagr ame

al. ,URWI1Bgs beerctdlysesudgeaenhtteo NNilre en whee
sed data with ML algorithms, have shown gr
ti npaltiiaoong et al ., 20@QBpy Zhaongfeundl pps20R«4¢Ep

rice, estimating NNI using (RGB eamarlas
anwhile, similar resu(lisam@vet baeilel.ns(elcedy 2r3at pes

al, ,arRdl@nacWasgeet.ca®mpes &XdmM@pl e I ssrepres
udy, whaegs ed URA¥t a combined with ML were use
sture fields; in that <case, the high spat.i
at{®emeira.etApal i ca20»22 and example of s
e is the wdrekhgc@O&uwbdw.leedh &tsylRdE N st atus esti
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potatoes showed that UAV increased precisior
l' i ke N requirement, NUE, and NNI, against sa
Among these studies, the process to derive C
i's often vague or rely on old curves, l ackin
conditions or crops. I ndeednitfthe anhoivae i aft i &
One approach that integrates strong model s f
changes in environment and crop, would I ead
range of environments and cropping systems.
To fill this gap, this study aims to build
wi t-hield spatiotempor al variability of t he
hypot hesi s I's t h-hasedhef rparnoepwosrekd enAdoh e s n @& c
guantification of spati al and t e ndeosrtarlucvtarvie
met hods. Therefore, the objectives of this s
a paterptoiodleldy Bayesi an hieraachi iMdl amgtolmod h ms ¢t
estimate NNI; and iii) to assess the spatial
Denmar k.

Materials and met hods

Site description

The field experiments were conducted in the
Agroecol ogy, Aarhus University Viborg (56A 3
(Fig. 1). This area was char actaear iazved algye ant
temperature of about 10AC and a summer tempe
in winter to 17 houappiroxsmmmely Wi 6BO0Oahbaot s
The annual rainfall warsi bautoeudn,d w8iOtOh mnam,s |eivgehntl
and winter. Field experiments were conducted
on coarse sandy soil, consisting of 3.9% cl
content of laBoéowh@emdg aetp Halo f, 2021)
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Fiy. Experimental field | ol)atiaoamd (t56i &128 1Ae tNyp 9f. @

sqguares), 2018 (green squares), and 2019 (red sc
sguares represent the nitrongesedddnse2pPpbB8sevpbbe
2019 (yellow squares), respectivel y.

Every growing season, adjacent fields were u

in 2018, and 2.58 ha in 2019 (Fig. 1). The ¢
variety Oleva. The potato waswtthnapkpatctedgi
bet ween rows and O0.35 m between plants. The
arranged according to a r gndddmitzreedathmemdk rceee
times (Fig. 1). The (Mmaah. tipathent dewdsi nt oi t

(10), optimized (121) and full (1'2) deter mi ne
time domain reflectometers down to a depth o
The secondavrays INr defrabdti zhad) ,onwi th two | evels
Dani sh agricultural regul ations, and opti mi
approach (dzehfoiun eedt. bap@lp.p,r o2x0i Inva)t el 'y 65 kg of N
befre transplanting in all the field, pri me
mi neralization, derived from soil organi c ma

of N peftMaret akie .etAfdler, t2@InS)pl anti ng, pot a:
magnesium (Mg) and sul fur (S) were added f ol
14D50 kg N/ ha were also applied in thi-s phas
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120 kg N/ ha were applied in multiple doses

on the growing season. Il n 2017, It was carri
with an additional dose for Itli Ifiizealtd so no nwaldsul
August 2 (DAE 72), while in 2019 it occurrec
Pl ant and tuber sampsleiansgonwas carried out in
Talklrrigation and N fertilization management ac:
mineralization, estimated to contribute approxin
tafiManevski .et al ., 2015)
(a) Field Year 10 N1 ION2 I1N1 11 N2 12 N1 12 N2
2017 10 10 60 50 65 65
Imgation — 5p18 14 12 161 146 208 205
water (mm)
2019 30 30 102 103 154 154
2017 166/206* 236 166 236 166 236
N fertilizer
(kg N/ha) 2018 116 196 156 196 156 196
2019 136 196 136 196 136 196
()N Eli‘:'ponse Year  NO N60 N140 N200 N 240
Irrigation 2018 165 165 165 165 165
water (mm) 2019 152 152 152 152 152
(kg N/ha) 2019 0 60 140 200 240

*Two plots received different doses( ohoWN
2017)

I n addition to the main experimental fields,
2019 to evaluate crop response to different
and 0.045 ha in 2019. Wit hiunp tubhsiisngarae a,a nldOo nri
design wpltdt at rsepdtiment structur e, each repl:i

Il n 2018, each plot measured 3.5 I 12 m, whi

treat ment was N fertilization, with five dif

N/ ha. Al I pl ots were fully ierer iqguaatnetd ttiherso uognh
khohe 6 8
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Pl ant sampling, measurements, and N deter min

Each growing season,spasan odsampladt s dweirmeg n
corresponds tio/ OBBOH es thaugnebser6 f DAE was 65 i |

in 2019. The -giracwredtbifomasadoard tubei>s6,was n
with DAE 106 in 2017, 113 in 2018, and 105 i
weeks | ater. -sleras@aclsamlpdti hgmiwas carried out
the harvest, foliage was cpl Wwbctedttbemsawee
from an area of 10 I 3.40 m. Foliageawas CO
sampling took place, while tubers were harve
pl ot . Sampl es wer e usrtionrge df raets h4 AvG i byehft o raen dm et ahs

60AC for 48 hours to determine DM. The dri ed
%N using the Dumas met hod (EIl ementar Anal yse
and plant conddtfoosm weeegmopoetaneil harvest

week of November.

UAV data coll ection

During the growing season, mul tispectral d e
radiation conditions, betweewih@: ®BeAMdamd e2

Group, Switzerl and) equi pped with taz eSelnasnedr)l
mul ti spectr al camera was used. This -«edagner a c
(735 nm) and NIR (790 nm) bands. I n 2018 an

China) equipped with a MicasenseeRe&Edge! mul
was used, measuring bl ue (MnT)5 nNi)R (g8 4ele nn ng)5,
edge (717 nm) bands. UAV flights wer 8l0pOer for
m) and sipebdm/ 63, 5yielding ground sampling d

m/ pi xel (See full edfeetraeinlicsi nign, Tfadur 2t)o sFioxr ggrec
were set up, evenly distributed on the field
GPS (Tri mbl e iltniconalUSA) .caAmledr a cal i bration p
after each flight to ensure radiometric cal.@i

Tab. 2 Summary of Unmanned Aeri alg Vehicles (UAV)
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Year Sensorused Spectral  Flight DOY* Flight GSD**  Digitization

bands N° altitude  (m/pixel)  Footprint
aquired (m) (Mb/ha)
2017 SenseFly Green, 1 194 88 0.10 8.53
multiSPEC 4C Red, Red
Edge, NIR 2 200 75 0.08 12.01
3 235 79 0.08 10.85
2018 Micasense Blue, 1 131 82 0.05 26.91
RedEdge Green, 2 151 107 0.07 15.92
multispectral Red, Red 3 158 105 0.07 16.46
Edge, NIR™ 173 82 0.05 26.99
5 180 83 0.05 26.30
6 185 83 0.05 26.10
7 192 86 0.06 24.54
8 200 85 0.06 25.29
9 205 63 0.04 46.09
10 213 62 0.04 47.26
11 220 85 0.06 25.11
12 228 85 0.06 25.03
13 233 83 0.05 26.30
14 243 62 0.04 47.95
15 245 61 0.04 49.38
16 248 61 0.04 48.39
2019 Micasense Blue, 1 151 102 0.07 17.35
RedEdge Green, 2 157 111 0.07 14.73
multispectral Red, Red 3 178 104 0.07 16.88
Edge, NIR™ 186 105 0.07 16.49
5 191 104 0.07 16.94
6 199 106 0.07 16.19
7 207 111 0.07 14.76
8 226 105 0.07 16.62
9 261 166 0.11 6.57
mbOY= Day of Year; **GSD = Ground sampling distar
After data coll ection, the multispectral da
(versi qmP4 x2A.Ddnapper: Professional Phot ogr amr
n.d. )The downl oaded i mages were orthorectifi

and a 3D point cloud was generated from t he
di fferent bands: reddggr e€me ibima @ essNavdRr Lesainndg
QGI(SQGI' S Developmand Pgamo(nRPWBtdBHwaS8ree Founda

2023)A regul ar sampling grid was i mplement ec
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extract.i
and the
within

features

each

on of
tractor
24

used to

spectr al

trajectory,

24

train

m
t he

featur es

centr al

ML

whi | e

t o

model s.

mi

For

ni mi

each |

pl oitv e wev alhu aatliloonwedaf f

e a

bands were extractzedhalbtsogth &eePlsutrhaddtrsi olni br a
Additionally, cwdrciudwas edl, s swéeeted based on
avail able bands. The calculated indices are
Tab. 3 Summary of Vegetat.ion Indices (VIs) wused
I ndex Long Name Equations References
Nor mali ze
NDVI Diff "0 0Y"'YOO (J. W. Rouse
! erenc "0 '0Y” YOO 1974)
Vegetation
Green Norm
GNDV | Dt "0 "OY” "OY000 (BUSCHMANN &
| erenc T
) 0L OY”"'OYOOUL NAGEL, 1993)
Vegetation
Nor mali ze 6 0OY " YO©@O"OD
NDRE ) . (Ustuner et
Di fference "0 0Y”"'YO@®OOO
cl Chlorophyl "0 "0Y Gi |
ededge red edge WO,OP ( Itel son et
cVi Chl orophy "0 0¥ YOO Vi . . ¢
vegetation TOYOGU OYOO00! (Vincini e
Modi fied ("(YO©®O'00” YOO
Chl orophy ™z " 'YO@O 00
MCARI ) ) (Daughtry et
Adsorption ""OYOOF "'YO©®O"'Jo
Il ndex "YOO
Nor mal i ze . (Birth and N
NDI "0 0Y”"YOO
Di fference 1968)
RV I Si | Rat i "0 0OY (Birth and N
i m e ati
P YOO 1968)
Optimized
OSAVI Adjusted Ve PP " JOY YOO Rond X t
’ "5 0Y" YOO 1@ ¢ (Rondeaux e
I ndex
SAVI seil Adju paty ' 0 OY" YOO (Huete 198¢€
Vegetation "0 0Y" YOO ™
EVI 2 Enhanced Ve ¢®z ") "0OY"'YOO Ji |
Index 2 "5 0Yc87 YOO p (Jrang et a
"0 0Y
Modi fied S "YOOp
MS R ] e (Chen, 1996)
Rati o L OY
~voo P
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Wi de Dynar
™z" 0 0OY” YOO

WDRV I Range Vege ®77 6 0Y" YOO (Gitelson, 2
I ndex
MERI S Terr . "0 0Y” 'YO®O"0OO0 (Dash and Cu
MTCl Chlorophyl "YO®O'OO” YOO 2004)
NLI Nonlinear %8 (Goel and Qi
Renor mal i: )
RDV | Differenc "U"OY"YOO (Roujean and
_ "0 0Y YOO 1995)
Vegetation
Green Red " "OYOO(” YOO
GRVI Vegetation YOO OY005 (Tucker, 197
Transform oz "YO®O'OO” YOO 18]
Chlorophy z "'YO@O'00" "0YO00 (Haboudane ¢
TCARI Absorptio 2 "'YOOOgOYOO 2002)

Refl ectanc

Determination of N N |

To reliably deter mi ne BNoNiIima nt(2héelb3apd eldo d ni at pad

pool ed Bayesian hierarchical framewor k was
hierarchical fr &Makwaorslk@Rdde\Wgaldd poewde do yf or r obu s
the parameters of the CNDC, accounting for

dat aset @SBunmimaynERBHd .expanded through the in
gl obal Cdamm@mis €20 2a2td ald.dxipteira neeln tea | data obt ai
study. The combined dataset presents substan

agricultural management practices.

Detailed descriptions of t Behman qehadalddat as
Ciampi t(202Px9t faillr.t her enhance this integrated
the potato cultivar "Ol eva', cul-deasadredpli an
bi omass and %N measurements from N response

al emnge data from fully irrigated field plots

Overall, the comprehensive dataset study pr

di stinct cultivars gr own across s-i @xc adduwmt r

combinations. A graphical overvi ewdeatfaitlheed
information provided in Tab. 4.
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Denmark Dataset h ( Global Dataset

- ’\

Potalto field trmls 7

““" “

Dry weight
Ty wes &{ Dry weight

of biomass .
of biomass
P 7 *‘3 __j J
\'* @ Nitrogen :

content ‘ Nllut)ze:
j measurement Potato plants conten

POtdtO pldnts \ measurement
\ J A 1; )
f Partially-pooled )
New Dataset Variety: Fartially-poole
+ Bannock Russet — Bayesian hierarchical method H
« Bintje
¢ Charlotte ~ S
. ¢ Clearwater
Location: e Dakota Russet *
e Argentina « Easton 4 A
¢ Belgium « Btiuda R B o
¢ Canada ¢ Gem Russet e
¢ Denmark * Gustaw _
« Poland * le1az'da i Critical nitrogen
¢ United States . ﬁg?ﬁgﬁ Ir{usset dilution curve
¢ Oleva 3
e Russet Burbank :
* Shepody
* Umatilla Russet D
\ Dy Bomass [Mg DMha) )
Fi 8. Graphical representation of the nesting proc
Denmar k dataset (lreft), with d@Bahniarno metBodlman' &
Ciampitti ,etthal .Gl ob@22)dat aset (right). New dat
di fferent | ocati on -pwaosl euds eBda yteos i faint hti heer agacrhtiicaall | vy

anfipar ameters across different cultivars and cou
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Tab. 4 Summary of the experimental d eptoand eetd o bj e
Bayesian hierarchical mo de |
Country Cultivar N° of samples Reference
Bannock Russet 52
_ Gem Russet 72 (Gilettc
Argentina Innovator 72 2020)
Markies Russet 36
Umatilla Russet 56
Belgium Bintje 234 (Abdall a
Charlotte 114 2016)
Russet Burbank 104 i
Canada (Gilettc
Shepody 104 2020)
Denmark Oleva 28 Present Study
Etiuda 14
(Trawczy
Poland Gustaw 15 20109)
Gwiazda 15
Clearwater 30
Dakota Russet 70 (Bohman
United States (US) Easton 70 2023)
Russet Burbank 328
Umatilla Russet 30
The met hod Mlaeksocwsi kifze@ddmyh | subsequentl y 1 mpl e me
was based model | the relationship bet
bet ween | ocations and varieties and incorpor
mod el The met hoad croanpioemendrs .t Wpermdienst cwasge

descri bes

(pl ateau) at

00 & QE0L

Wher e min

bi omass

the N concentr ab(i bDicerad ft i tchad

Blhbhe

Mar co Cj

University o

t he

PO

rel at i

a Nc.

the mini

onshiop

PO hOO

ma

(1)

bet ween %N

and DN

f urdodt ifpome( imae«i mume d
value Yorepaespeadisf it b eod satitee@®O cfurtvlee |
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The second component i s a negative exponent:i

00 pank0 .
PG ® | O0  (2)
Wh eUanidare the parameters that define the CNIL

Combining the equatiodd nehy amwdle(2)f bramsbai fw

package as foll ow:
00 &QE0D Yz PO | 00  RhOOD {5 (3)
To handle experimental variability iSantdhe hi

DMhawer e model l-edveli tbdf Qeowp fipr whathk sbhmppan
Uanfdwer e model |l ed with effects for location
the model accounted for the complex intera
management. The mo delmpsanwaksa giel titne dRBugsnkmge rot,nhnez O :
R Core Teamhi2Mm2 4)pns Sdmaipratbd ref ad e hfasmrd!| i ng con

random effects. To incorporate prior knowl ed
foll owing the f rBaonhenvaonr (eOtd 83 Bariileefdl yhy t hi s prc
i ntegrating expert knowledge, previously rep
the dataset summary statistics, and weakuat.
adjusted whenever initial specifications I
convergence difficulties. Physiol ogical con

parameterSansgudiMoastrictl y( pwsrtibo@nems weiOn)g
consistency with the iamhklogi.Aa8tueénat d®nts hdip
was used as the pwheredorNohmalpapraimert edi stri
al | ot her Mademefetsing was performed with
iterations, i ncludingp3, COhhvertgemde oms a@rso ¢
satisfactory perfor mancehatwiwvahl uael sl bpealroawnelt.el

sampligeaesEduaddSSt)aielxceeding 100 samples petl

|l everage the advantages of parti al pooling t

i nteraction, even when experiment al dhea we

adopted method was that it does-lnani treeq wirr en
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' i mi ted condtNvanuetsqg Iiade mtaisf w he case i n pr

it facilitates the analysis of uncertainty I

For each sampling date, the NNPO waasnkdal cul a:
estimated from the CNDC (3).

b

UUOD (3).

ML model s for NNI predictions using UAV mul t

The NNI values deqpiovoetedf Bametshanpaitiralrlchi ca
each plot for each date, were used as target
acquired by UAV on the same dnaitneast iwhne nwapsl apnetr
were used as predictors. The complete datas
spectr al band data and VIs derived from the
anal ysi s. I n total, t hes , dawiatslet NNincahsdeéethe2?
i mported into MATLAB (R2024b). To identify c
enhance predictions, this study employed th
al gorithm effi ci efnetaltyu rreesmoavneds iinrprreolveevsa ntthe ¢
predi(cRdB@iikkonj a and Kononenko, A2008al Zbangdg2e
were selected. The dataset was randomly divi
t ot al adat aasdte,st set, representing 30P0lod t he
crevsad i dation was performed to mitigate over

model performance. Using MATLAB andeltsew®egr

trained and tested, including Ilinear regres
regression (GPR), stepwise |inear regression
description of the hypergmpapamement ey Mmdgkr i
out puts were procesgeE€dbrouendg .méeThal crme t\@d &t2) oL
evaluate the results were chosen from a wide
based on R paclhalge ad@e@I3¢apeids btyoo !l -f pr emddtgs
framewor k for assessing predictive perfor ma
decomposition, efficiency, i ndices of agree
correlation coefffcompati sé&oy mour key metric
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determination (4), root mean square error (5

(7)), calculated as:
Y p ——  (4)
YO YO - » | 6 (5)
0"YO - w | o (6)
VOO - w | (7)

Whewes the obs$esvadhdev plred,icst etdh ev athai®en amfd t h

valAlet.ot al of 45 performance metrics were coO

Tab . (se82suppl ementary material s)

NNI maps creation

The NN I map prediction was cohPMwutch e o ft thw
Foundat iwtni, m2az2hi2nagb ( Foag i-ARThAB i nteeggfran i toaand |l i |

file and dir ectsafeyro mpeadt aads wmiutmg yoastagrmr ag
mani pul ation and mat hemati cal computations)
of THIloAFnat 1| mages, which were subsequently t
These arrays were converted iimtonoBMATLAB gt ak

MATLAB's analytical framework. Once the pred
were converted back to TIFF format. This pr
datasets from each UAV28I| Nyght mapesulspiencg fi o:
2017, 16 for 2018, and 9 for 2019. The resul

(~0I00099 m/ pixel), consistent with the natiyv

details in Thkb. fByechst| owherget maps were sub

to assess spatiotempor al trends. Focusing on

wer e extracted from the N NI esti mates and

i nvetse itghae spati al di stribution and tempor al
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Statistical Analysis

To assess the effects of N fertilization anct
analysis was conducted. For each map, t he p
medi an, mi ni mum, maxi mum, and sdhnpllactd Weivn g
Zonal Stlautgiisnt iicns QGI S. The mean value was se
for each plot. The extracted dat awawe rean & lhyesi
of wvariance (ANOVA) was yper fnourl meidp,| ef oclol nopwaer di
anal ysis wused NNI as the dependent vari abl
significance | evel of 99% (p < 0.01) was app

Resul ts
Building CNDCpuwoilrg Barnytisalalny hi erarchi cal me

Fig. 3 shows the vabUaafiaisl idal coufl attheep ocbdyeefdf hi ec
Bayesian hierarchical model . The boxplots il

categorized by country of enmgrhkh, (Robanti aad

medi ans highlighted by a red |ine alvaalluetsel I
exhibited I imited variation among varieties
Bannock Russet, Gear RusseRusdsamogatdotmaMi |l |

values ranging from 4.93 to 4.95 (Fig. 3a).
of 4.72 and ChalWwaost tceal4c.u7l4at eAdd hfigrh etrhe Dani s
3a), si mRollarsht @utthe vars, whose medians range

t hbewal ues showed a more pronounced variabil:i

exampl e, t he Argent i nifavnalvuaersi,e tcileesa rin@sl edrieffl f aet
the other countries, with medians ranging f
varieties (Bintjebwaldue&€h,arwiotth eme chiaan i gfh el . -
(Fi g. 3b) . However, a c o mdepfic opeaftfti ecrine nitrs WS oy
variability for all wvarieties (Fig. 3).
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FigDistri tat)i mpofval ues in Argentina, Bel gi um, C
US for different cultivars (summary on Tab. 4) .
represents, from top to the ketnttorm,e.t Mhel toh i pem
t he boxo6s [ i mi t, from the top to the bottom re

respectively. The red line represents the median

he parUamBteom the Danish cultivar 060l evad w
shows the relationship between crop %N an
reen, represents the model 6s wcedprd( Fegti ma

) . Points, squares and triangles indicate ¢

.
4

g

4

and 2019 respectively, highlighting the var.i
decreasing %N with increasingcaDM Nwadsi | ault § eornv
growing crops. Some degrees of dispersion ar
bi omass | evels, where the observations tend
bi omass val ues, a gheatoebrsedivetda nvcad ule st waenedn
s

uggesting higher %N | evels compared to the
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O Critical nitrogen dilution curve cv. Oleva

A — y=4.91-x707
3.5 A
Year Treatment
O~ 2017 ® [2N1
_ 3.0 \ O -} 2018 ® [2N2
_aE 1 - 2019 ® IIN1
.5 oO A ® I1N2
" 25 ION1
= [ ION2
1]
c
s AQ
c A
S 2.0 1
(=]
£
=

L.5 A

1.0 ~

5 10 15 20
Dry Biomass [Mg DM/ha]

Fi4Rel ationship between %N (%) and DM (Mg DM/ ha)

in Denmar k. Points, square and triangles represe
while the green curve and sthsadefd aoBayeeinae mode
shades of blue for N2 and red for N1 represent t
the 5th and 95th percentile defined the confi dei

represiernyt Nl €ontent .

Performance of ML models for NNI predictions

The overalll performance of the six different
compar able across both the validation (V) an
model performed best among t het motdled sV eavrmad uTa
indicating a strong ability to explain the v
RMSE and MSE values, with an RMSE of 0.11 fo
an MSE of 0.01 foodébthl Y¥oaaoabt dindti shen hig

46810.25 observations per second (obs/ s). T
contribution of each featdfeeéosupBPRemedelar y:
The Stepwise Linear Regression model had an

comparable to the GPRandWi ahpaeBMSEiequalpeed
obs/ s, 77% | ower than the GPR. The Support V

klhohe
Mar co Cj
University o

80




for both V and T (0.80), with a prediction s
the performance of the best models, its resu
and MSE values, indicating | otwreee psleadwed i gk
| ower R] values, particularly on the T data
Net work, that achieved R|] values of 0.76 for
for V data. On t he eostshieorn hrmaondde,| thhaed Ltihnee awe aRkee
an R] of 0.72 on the V and 0.67 on the T. It
(0.02), which were 28% and 65% higher, respe
which coul d biinldiitcyatcoef tthhei si nmod el to capture
providing reliable predictions (Fig. 5).
R2 (V)
R2 (T) A MAE (T)
ZN
'vv‘/’/
RMSE (V) W \f:- IR MAE (V)
N s %
\\\:’,r//
RMSE (T) MSE (T)
MSE (V) Gaussian Process Regression
Linear Regression
Support Vector Machine
Stepwise Linear Regression
Ensemble tree
Neural Network
Fig. 5. Graphical representation of performance
machi ne, |l i near regression, stepwise | inear regr
T datasets. The radar pl otmectormpcasr,e swistihx emaocdhe |asx ia

a specific evalwuati on
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Spatial and tempor al e vbaalsueadt iNONMl o f UAV mul t i

Fig. 6 shows the spatial pattern of predicte
colour coded for each treatment (Fig. 6b), a
of each treatment of the tempPpAEa(Fitgen@cf N

N NI values clearly show how different pl ot s
evolution during the growing season. For exa
had 1. 04. For thendaNafedowedta (a0yge O waa
respectively. Fig. 6 b shows a colour codec
combinations, with each colour corresponding
overall trendwdi cNNFramgkedesrom 0.80 to 1. 20,
the N1 and N2 plots. The tempor al di fference
first 15 DAE, then it became more pronounced
45 BAfor N2 and 38 DAE for N1 (Fig. 6c) . Fo
initially stable, then significantly increas
as plants entered senescence. |l adoaht rast eat
NNI foll owed by an earlier decline around 38
i nfluenced the temporal response of NNI. 10

hi gher value of 1.15 arbdketwaesnt Mé8n alnawer0 tDhA&EN
for N1 also showed | ower NNI values between

pattern with higher NNIs relative to |1 and

.... \ Treatments
. ION1

ION2
— 1IN1
— IIN2
— I2N1
— I2N2

Nitrogen Nutrition Index Values

N fertilization events
W All Years ® 2017 A 2018 * 2019

1MN2 | I2N2

T T " v T
20 40 60 80 100
Day after Emergence

1NN

Fig. 6 . NNI predicted map for (a) irrigation a
representing higher NNI values and red colour 1o
coded with different shadesreft bdmueplfotrt eN®2 (aéhad) r
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DAE with each line representing a specific treat
for 2017, triangles for 2018, stars for 2019 an

three years.

The variation of NNI index for the six treat
in Fig. 7. Overall, NNI values ranged bet we:e
seasons (Fig. 7a) . Il n 2017, NoN Ih ewra | gureosw i wiegr es
(Fi g. 7b) . N2 treatments had statistically s
irrigation | evels and for aidl) .t Howgwvewi ngrsaé
an independent ifarmtwirtf@and liewel nteradchmot a s
on mean NNI values.

The growing season 2017 was characterized by
early part of the season (53 mm in May, 90 1
had a median of approximately 1leR2 fMBiIrgN27aY)
yield for 2017 rcfacfhreads 6 0t uMlgerhamean wei ght (
N2). I n contrast, 2018 was a year with | ower
mm in June and 5 mm in BNIyvalasesjtrdngphagy
1.15, and the me’onf yfireelsch wausb e40 wMg ghha (45 K
for N1) (Fi g. 7 cNN.I  Svianhiuleasr Irya n giend 2b0elt9ween O.
Rainfall during this season was slightly hig
in July and the meamwnf yfirrdsdh wasbh8B Wagi dilmt (43
for N1).
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a Total
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Nitrogen Nutrition Index Value
Nitrogen Nutrition Index Value

-

2017 2018 2019 0 1 12
Year Irrigation

c 2018 d 2019

1.1 :
b la : a * a
b b
0.9+

IE] I‘1 12 IE] 11 12
Irrigation Irrigation

b b. b

0.9

Nitrogen Nutrition Index Value
Nitrogen Nutrition Index Value

Fig. 7. Boxplots of the predicted NNI values at

full) and N treatments (with N1= optimized, red
al |l the growing seasoR917(bYchoRrO0tLBe gndwinmg R8&:
"b" indicated statistically significant differer
each boxplot, the end of the vertical Il ine repre
t heh 9@eércentile. The horizont al l'ine of the boxé
25t h, medi an, and 75th percentil e, respectivel y.
the data with a black | idetmar#dongthepmeaants th

Di scusssi on
I n this study, the combination of partially

data all owed the dpetlidg! ods tNiNha toino rp o(t vait toh icm c

The partially pooled Bayesian hierarlamidcal a
bparameters and quantifyingUatnfig avamealkr ki tayn

cultivars and regions. The viavrairasbiand yr eogfi otnh

di sti ncnviacgrompme nt i nteractions adapted to I

consi stent physiological Pax hiebint ed nmpdaart d tca
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across and within reghsosmesweadn dg rceualtteirvawv asr, i aw
i nfluenced by photoperiod and planting densi

as similar patterns have beefCiobmpirtvteid et al
and (rLlacccasa eBolaman 2B cussed the underl yi
variability i n pot atoes, highlighting how

i nteractions play an ICNDP&r pamB@meoketshortshal g

that factor$deal atedpéepoi mawoisaulc hs eatsu pas -bainads dte

i miting conditions {dN# i Migeémtgi caonamd i bawait dh

USAmay introduce distortions in the estimati

I n this study, for the Oleva cultivar Ugr own
and O0.DbSThef gmround sampled data were mostly a
season, while a clear separatiadnf dret2v®e& ard
This could be due to the early and more abur
growing season. The results rRemng (2R Bhiehe ar
applied t he (Dwchemme 9cZUd eade.l ,oped by cul tivar:

to the same dataset. That curve had slightly
study, especially for |l ow biomass val ues, W
amomng fferent N 21 ematsmemtlse meghit @/ Th$ matfanrit daleg
previous studies indicating that CNDCs <can
environment, and management but also signitf
empyleddacas & Oe2e3nfal ysed this i ssue comparing hi
and conventional sequenti al framewor ks; re
out performed the conventional framework und
datasets olyarlaanidgreidzeodr bi ased sampl es. Unde
framework produced wunreliabkampke¢i mabes, npm
|l i kel i hood westimators and negl egdnidnghubuncert
Conversely, the hierarchical Bayesian model

accounting the wuncertainty estimation and i1
accuracy. Uncertainty analysipecemawhes avatl.l
CNDCs. A recent reanal ysis of publ i shed dat
coll ected to assess variatilomstimgCRNDG@Gdptara
sequenti al framewor kgn itnlvaetst Ngdt edt it be @me s i
changes with W@t empiatvtai .|l abhaéaistyud®ywy,21lwhich al
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physi ol ogical basis of N dilution in plant
accounted, there is no conclusive evidence o
As a resul t, the authors suggeststhemauseeNNTF

varying wat €i aengmd it i.i ethcswhelevrer a @(2 @ Bepnip haals.i z e

t hat despite the hierarchical Bayesian meth
guality and quantiemai of cexperciamerdtazlt odast a nif |
Their findings showed a clear reduction in |

and quantity. Consequently, they propose det

i deal ofumdxperi ment al trial s, N fertilizatic
ranges, and data variance to mitigate infer
approach to hierarchical Bayesian f rfaunhelwor k
pool ed -pponadl endonmodel s. As seen in this study,
i nferences at each hierarchical | evel (e. g.
mul tiple datasets, thus redecemghedbhésasregsi s

wor(kBohman =etevaln. ,pa2@Q23&a)ly pooled Bayesian 1
i mpacts when dealing with i mbalanced dat aset
compared to tradiodisonaln theqeamptirsmemeéetwh tri

the authors observed a degree sensitivity of

characteristics in the training dataset. Spe
datamftrhe main field, it yielded significan
confirm that training the model on a biased

regi mes and the presence of envithemerst almagt

of CNDC parameters. This finding underscore
systematically evaluate and quantify the sen
hi erarchical model s t o tzhee o ereicatkii cn o ait m sced e
Comparison of ML model s for NNI prediction u

The ML models applied to UAV multispectral d

N NI estimati on. Consistent wi t h finding fr

demonstrated strong ability to | emulnt icoped terx

signals and crop nutritional status. This <c¢h

parameter related to N, l i ke NNI, dévemnwghen
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al ., 2023; .LineaddltjoB0Rd)their predictive

valuable | evel of interpretability by enabl
bet ween input variabl es, thereby faciditati
feature becomes particularly i mportant i n s
datasets; where more complex approaches such

and reduced (gEemmreajail2ixtabab.igygmhbi nati on of spe
as inputs further enhanced predictZihaemgpewe @l
(202d4nRleng (2@2Bhks well as studies where UAV we
st a(tPuesr ei r a aentd alt.h,er2®y2)homse mpat amét er 2022
2021)Compared to the other ML algorithms, GP
NNIZhang (20@2ad)ls.o documented that the GPR mod
performance in the esti Xat ie(@0 ar8d)p d rhtee NNg o mch

with the same model for estimating | eaf N ¢
model ing nonlineavarried baltesso ntlletmpnbét wéeed stro
smal | sampLeudat.aa®tch 208f)ures are particul

i nf or medmadkeicngsiaomd ef fi ci ent resource manage.:

Spati otemporal variability assessment of pre
Precision N management has been extensive]l
emphasizing the critical i mportance of spati
and paotGotfdes t et al ., 2023; LiNenetaHel, e s2s0,2 -
substanti al research effort, the study of th
a relatively poorly explored topic. Most of

refinideggstmarcti ve impame teirti mgr tley huoi bhacsteldy a

systems or integrating their estimations 1int
(Gislum et al ., .2021; Silva et al ., 2023)

I n this study the analysis of NNI maps enabl
of the effects of different fertiliz&tnon an

supplementharyTmadserfiiandi ngs aliBeangi(2th2 h)he s
who demonstratedsthesonapgabial toydof fmreénti at e

NNI . However, that study did not consider th
in our resultse. i $heaighsgrvedosmati ot empor al
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strategic information about the interaction

environment al conditions. The spatial vari a
factor s, including soil heterolganactgri $teird¢ $
S3) . Soi l properties, particularly wvariation
retention, significantly affect nitrogen ava

i n distinct spatifdlel pd&) (t(@&&aingsc aotft SNNdt aelr.o,s s2 0
Basso, 2018; Schhues t®ebbs entved .var2i02Bi)l ity i s f
devel opment patterns, as healthier plants wi

canopies and hi ghaearnfrrefrlealc tsgpfecch ursarl e tr heegti noanh r

al ., . 2C@8daseqghastkeldy NNRS maps effecti vderliyvemapt
di fferences in crop N status. THhhaemiceeguvibbtl sitf o
NNI throughout the growing seasons and betwe
i rrigation and climatic differences.

I n the early stages of the growing season,
di fferences were observedseasudrs emgaain,t | ¢yoi MNNIl
early flowering stage. This gtagpge nwaNdNI|lalbxed wae
and N2. A-ssiamiolnarNNrhi ¢ e akeiwa@0 2i&dp.car tse du dbyy c o n«
in cotton, where NNI values reached the higl

after sowing. This smagegembakiedethe tepnsduc

the start of decline in the remaind&r ©Hen he
et (220 Li9n wi nter wheat, with a peak at 65 day
across crops and environments, this dynamic
for i dentifying phenological stages based on

These observations underscore the potenti al

dependent effects of fertilization strategie
emi ssi ons. For instance, thetdi sfesetendyexaalimg
prodeassed model esti mates of | eaching, indica

kg ha T1) compared to N1, whi ch exHhiobidt eadn dl «
Shepherd, 1993; MaAppploika atthitosrmlappr22@t®) on a b

i mprove our wunderstanding of <critical enviro

FurthermoreseatabenNpéeakmi donsi stently aligned

period with vyield, reinforcing the iIimportan:t
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three years of the study, -itnhfiosr npaetaikv ec osi tnacg ed,e
the potentialtionfe NMdiasatarr ®dl crop producti
bet ween NNI and yield wai®9. &8k e rT&® es utpop | tmremnt
mat e)y.i afTbese findings ar e Roadmisgwsded 2neetwhimt h
emphasi zed the ufNiNMermrsdlaittiyo nsfhitphe cyioelsd t he

Notabl vy, the variation of this correlation 1
timing. Specifically, correlation of NNI wit

45, suggesting that the temporé&alcaspeygtiafl M

application on precision management . Overaldl
of fers i mportant insights into N dynamics an
Limitations, challenges and future research
The use of a Bayesian hierarchical approach
wi t-hi@al d spati al estimation of NN I in potat
dynamics and its functional refhanti alnsmampa mwe tt
such as yield and nitrogen | eaching. Speci f
hi erarchical Bayemsae ainf i mo deND@ gp afametters wit
N NI predictions across smacneetdaomadl ot onees Cha

scal abil ibtasvedf NUAMNagement and promotes br

CNDCs. The ability of Bayesi ans pmdieflisc tdati aad ¢
gl obal data pool sr avriaahipcaarlt i satl rl wc tpuoroel se dr ehd uec e
| ohg@grm experi ments while maintaining high pr

can be effectively trai nsepde cwiiftihc NONND Qlsa,t amidneir|
bias andtéeéehancipregi fic practical applicabil

precision agriculture systems.

Whil e this framework opens promscalhng aeglhayem

certain |limitations stil/l persist and are ac

I n the devel opment of the CNDC, i ncorpor ati

countries, genetic background and a range of

(e. g. rainfall vs idirrigated systemhamcecotnhe

robustness and generalizability of t he fin
khohe 89

Mar co Ciq
University o




representation of c¢climatic zones, soil types
accuracy of the outputs and reduce the wuncer

For t-bas&d NNI prediction model, testing the
i ntegrating proxi mal sensing technologies wi

NNI assessments, providing mosiegkpsatial and

Eval uating NNI dynamics across a wider rang
reduced fertilizer scenarios, mafyf sc ome tr wdeain

supply and crop productivity.

To i mprove the scalability of this frameworKk
applicability to other crops with different
cereal s, | egumes or horti culttruaiani ncgr oNdLs . molcdhe
mul tispecies datasets that incorporate spect
addi ti on, i nscpoercpiofriact iGhWNgD Gcsr oipnt o t he ML f r amev
performance in different agroecosystems.

From a technol ogi cal perspective, the incorg
be explored to enhance model robustness, par
datasets. Additionally, a complaartaftoirvnre weovuall du
clarify their respective strengths and | i mi

mu kstcial e moni toring strategies through dat a f

A deeper investigation on the interactions b
seasonal NNI dynamics and N | eaching (and ot

help to clarify the broadermentvisbnméergabsinm

Finally, validation of t ha cso | forga meaw o r Ko naecsr o&
conditions wil|l be cruci al to ensure its gen
Overcoming the | imitations of these will ope

further optimize the N precision management

the findings herein presented.
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Conclusi ons

Overall, the -aogegraedi onml| 6f spAYtr al data wi't
effective estimation of NNI and identificat.i
growing seasons. The partial |l yl epdo otlheed aBcagyuei ssii

-

el i abHe dgalmeudh dNNI esti mates, demonstrating

ppr

a oach successfully detected l uxury and
di fferences among varioaerss dormamggae mgawe irfewgli |
a S

ssessing crop N dynamics.

The tempor al analysis of predicted NNI confi
crop N status over time. To enhance the gene
studies should explore itsesapprin@mcaigr ommeanctra
conditions. This includes analysis of NNI dy
as wel |l as to extend the framework to crops

NUE. This could begaamhil ¢evepdely eisrmpaat @a rea CiNdDI(

nto the modeling process. Addressing pract
processing-efimetaveénesst wi | | be key to facil

preci si oenmeNntmasntargat egi es and sustainabl e agr.|
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Suppl ementary materials
Tab. S1 Summary of hyperparameters used to train

Model Gaussian Support St.epW|se Neural Ensemble Linear
process vector linear .
hyperparameters . ; . network trees regression
regression machine regression
Exponential  Quadratic Stepwise Medium Bagged
Preset| . Neural Linear
GPR SVM linear Trees
Network
Basis function| Constant
Kernel function| Exponential  Quadratic
Kernel scalel Automatic Automatic
Isotropic Kernel Yes
Box constraint Automatic
Epsilon Automatic
Inizial terms Linear
Number of fully
1
connected laye
First layer size 25
Activation RelLU
Iteration limit 1000
Minumum leaf size 8
Number of learnery 30
Maximum number 100
of steps
Standardize dati Yes Yes
Signal ste_mdarc Automatic
deviation
thlmlzatlon Yes
numeric parameter
. 12./22 12./22 12./22 12/22 using 12/22 using 12/22
Feature selectiol using using using RReliefE RReliefE usin
RReliefF RReliefF RReliefF 19
RReliefF
PCA Disabled Disabled Disabled Disabled Disabled Disabled
Optimizer N/A N/A N/A N/A N/A N/A
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Tab. S2 Metrics summary of predictive performanc
decomposition, efficiency, i ndi ces of agreement ,
coefficient.

Metric Metric Long Name Validation Score Test Score
1 BO Intercept of SMA regression 0.102 0.073
2 Bl Slope of SMA regression 0.903 0.937
3 r Pearsonbds correlation co 091 0.911
4 R2 Coefficient of determination 0.827 0.829
5 Xa Accuracy coefficient 0.995 0.997
6 CcCcC Concordance correlation coefficient 0.905 0.908
7 MAE Mean Absolute Error 0.081 0.076
8 RMAE Relative Mean Absolute Error 0.078 0.074
9 MAPE Mean Absolute Percentage Error 8.453 7.672
10 SMAPE Symmetric Mean Absolute Percentage Error 8.249 7.551
11 RAE Relative Absolute Error 0.377 0.398
12 RSE Relative Squared Error 0.173 0.173
13 MBE Mean Bias Error -0.002 -0.008
14 PBE Percentage Bias Error -0.149 -0.74
15 PAB Percentage Additive Bias 0.021 0.643
16 PPB Percentage Proportional Bias 5.456 2.296
17 MSE Mean Squared Error 0.011 0.009
18 RMSE Root Mean Squared Error 0.106 0.095
19 RRMSE Relative Root Mean Squared Error 0.102 0.092
20 RSR Root Mean Standard Deviation Ratio 1.636 1.81
21 igRMSE Inter-quartile Normalized Root Mean Squared Error 0.269 0.256
22 MLA Mean Lack of Accuracy 0.001 0
23 MLP Mean Lack of Precision 0.011 0.009
24 RMLA Root Mean Lack of Accuracy 0.001 0
25 RMLP Root Mean Lack of Precision 0.011 0.009
26 SB Squared Bias 0 0
27 SDSD Product of Standard Deviations 0.001 0
28 LCsS Lack of Correlation 0.011 0.009
29 PLA Percentage Lack of Accuracy 5.478 2.939
30 PLP Percentage Lack of Precision 94.522 97.061
31 Ue Random error proportion 94.522 97.061
32 Uc Lack of Consistency error proportion 5.456 2.296
33 Ub Mean Bias error proportion 0.021 0.643
34 NSE Nash and Sutcliffedés Mod 0.827 0.827
35 E1 Absolute Model Efficiency 0.623 0.602
36 Erel Relative Model Efficiency 0.766 0.81
37 KGE Kling-Gupta Model Efficiency 0.866 0.886
38 d Index of Agreement 0.95 0.952
39 di Modified Index of Agreement 0.805 0.796
40 dir Refined Index of Agreement 0.812 0.801
41 RAC Robinsondéds Agreement Coe 0.952 0.954
42 AC Ji and Gall ods Agreement 0.796 0.813
43 lambda Duveill erds Lambda Coef f 0.905 0.908
44 dcorr Distance correlation 0.901 0.892
45 MiIC Maximal Information Coefficient 0.841 0.817
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Shapley Importance for GPR Model
T T T T
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Mean of Absolute Shapley Values
(Average impact on model output magnitude)
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4.0 4 . Critical nitrogen dilution curves
Y B N%=4.91-DM~0%3 - Present Study
\ .
Al -—- N%=6.48-DM~283 - Duchenne et al. (1997) cv. Bintje and Kaptah
1 \
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Fi Refationship between nitrogen concentration (
cultivar 'Ol eva' cultivated in Denmark. Points,
respectively for 2017, 2018, 20&9vaThargrééer out
Bayesian model. The purple dashed |line represent
Bintje abd®Kaptah
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Vineyard vegetative characteristics evaluation through UAssed LIDAR SLAM

technology

Abstract

Eval uation of vegetative characteristics 1is
Traditional met hods of eval uaonsgmitrhge-sand ak

intensive. This studyhaddghkpsatsgp hbhyr oanmgelda yf idre
UAMbased Li DAR system integrated with simult
technol ogy. Experi ment al vineyards | ocated
phe
Hover mXpLBEDAR was fl own over the expe+ri ment
den

nol ogi cal stages to determi equivppged wiat

sity point c¢clouds with a detection range
per econd with advanced SLAMenéchndleogygapouwu

s
action camera enabled RGB color assignment t
o

performed in Emesent Aur a.

The resulting georeferenced 3D models effect
el ement s, all owing detailed partitioning of
Preliminary findings demonbasate lot BaikcRfutr ag ieb

derive vegetative characteristics measur emer

manu al data collection. This approach offer:
practices, i mproving the effascsensme natnsd. pQ ve
proposed framewor k | eSleAdMgeec hnolamgye dt i PA
phenotypic information, potentially .advancin

Keywords DAR ,hrHdiugghhput phenotyping, UAV, Preci

I ntroducti on
Viticulture represents one of the most relev

and socially, and plays a pivot al role in gl

vineyards has stimul ated iammprionviiemg ev irreeyearrd hn
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with precision viticulture emerging as a ke
chall enge of producing more with fewer resolu

to the A4RO0 principles: appn ytilmeg rtihgehtr i pglhac e

right way. A central concept underpinning th
of wvariability, which today represEe@ari oatet %
et al ., 2025bnpeyarads abhrisegy fTnomithe inter.
components of t he agroecosystem, atemads phier
parameters, vine vigor is particularly criti
bal ancen wbhrohdeterminesf tbetweeéncygiel dr add
(Canicatt3® et al., 2025b, 2025a; Catania et
have been proposed to quantify vigolr, awdi ch
geometric parameters (Ferro et al., 2024). S
all ow the calculation of vegetation indices

i n plants. Geometric parAmetaadscasoph sl Cm:
essenti al i nformation for vineyard manage me
irrigation, and disease control. The Leaf Ar
understanding canopegpttevel opmapbtrhngptriante
and ultimately irrigation r eqtlierfjeanrdantas d( Baepl
Cant -, 2007) . Traditional met hods for estio
destructiintensliafeomanci bgmel i miting their apftg
this context, Light Detection ands Raa npgrionngi s(il
alternative (Petrovil et al., 2022; Tiwar.

t ecqgurei t hat uses | aserespulug-@iome mshigemaelr at €ep he
o f objects, enab-besagr mctciuvet e hamalctneorni zat i o
applications in agriculture arepparptiuwdiyt ieexsp

highroughput phenotyping and precision crop
While Li DAR has been successfully applied i
viticulture remains relatewtilgl [omitkrids OUeclp

vineyard characterization and management .

The present study ai msnouot edpLoDARt her us ée

vegetative parameters in vineyardisi DSRedatf ac

to extract structur al features sucdéds awi tChA |

conventional measurembased Byomeptegcrcaiindgcht
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Mar co Ciq
University o




viticulture, this research seeks to provide
highl i ght t he-LipDAR N & stahla odufigplp A t oo | for su:

management .

Materials and met hods
Site |l ocation and experiment al design

The experiment was conducted during the spri
in Sicily (1 talyil olnagtiittuudee 1327A%571 '1553..7415'"EN a't
and is drip irrigated. Tae oOBEramapapnokxsmat elgyh
Ssteepest | ine. The | ayout df) .plTaret ivn g eiss wa.r&
vertical trellises (VSP trellis system) and

two buds per dpmart,elsyp dc d amp parpaax t .

12°57.2'E 12°57.3°E
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FiglreExperi ment al bl ock I ocalization

Ground Truth Measurements of Leaf Ar ea

I n the vineyard, 15 blocks of six meters in
to seven vines. For each plant, sever al veg
recorded, including the numbeg)opfthedeembpbud
of shoots, the number and | ength of suckers,
blh D he 10
Mar co Cj
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To obta#mudrmouredasur ements of the LA, thirty

with different vigor conditions. The shoots
cameaedncl uded suckers. I n the | aboratory, al/l
and arranged on a flat white background. | ma

EOS 90Br&mmband processed with |Imaged softwar
and the total | eak meraa penfshoetn pem|] shodt
tot al number of vegetative shoots measured i
the number of plants per block to carFoathat e
measuremeatearried out during the 2025 gr owi
197) .

Remote sensing survey

Two remote sensing campaigns were conducted

on DOY 197: one for multispectral i magery an
Mul ti spectral survey

The multispectral flight was performed usi n¢
monochromatic bands in the spectral regions
RedEdge (730 nm N 16), and NIR (840. nmafNal6
were acquired in RTK modecamé&radaanabde tri ttuod e hoef ¢
FI ight l i nes were plannedta@apagonalkl ywyhboodgha
reconstruction and ensure suvéycwastcaveredp
optimal environmental conditions, character:]
speed.

Li DAR survey

Li DAR data were <collected wusing aX Ddgdénavart r
( Emesent , Bri sbane, Austr alhiam)n-BARMNLIcapakhsesor
acquiring up to 1.92 mirleltiuom pnoidret s wpaenig eaerc @
of 300 m and an accuracy dfi edpdprcomnidmati eolnys .1 57
SIX is also equipped with the propriteitnaery W
obstacle avoidance anddanited oenoluhse ofrplreie gattts .ova s
formed at an altitude of 20 m, parallel to t

speed was maintained at 1.5 m/ s.
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Data processing

Photogrammetric workflow and GEOBI A

Mul ti spectr al i mages were processed foll owi
pi peline to generate orthomosaics and digit
(GeographBasedbj) kemage Anal ysi s) approach W &
aut omuat iecxatlrlact i ndi vidual canopi es througt
classification based on geometric and spectr
(mul tispectral bands and derived vegetation

conditiomramd ntaga ediveget ati on

f

Li DAR anal ysi s

Li DAR data were processed usin
of 100 m during point cloud
managed in RStudio, where it w
applied, generating cubes of 1
mean intensity value were extr

Resul diss causds i on

Compari son Between

generation

rom soi l

g -CAWBRA nsgo fdti weat re
to

asaspani avlaky t b
dmj For each
acted, enabli

MBasedpEanopy Bedohs DARC't

s
% e
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E " |
'
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K o 7
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fvol gggopy I. NE I;iglar points 1:* '-i
0.302 1
" 1 r n ™
Figure 2. NDVI map (left), with val u®ARr @amginng
density map (right), with values ranging from 1
blh D he 10
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2 i llustrates a comparison between ca
rammetry-L(i DIARI )Jdadrad WBAM h approaches r e

n, with higher values iwmathescaehobongltp

-

, some key differences emer ged. The
ced by il lumination conditions, as ev
I n cobmasreadstr, ectwaes tnin@AR eat ed by | i

ng a more uniform and geometrically

- Q@ S

hts one of the main advantages of Li

| arl y wundesrc ewmarrii alsl et hialtl uthyappieadai |l ol symoda fe

Q C «

|l ati onship between canopy metrics deri
ure 3. A significant correlation (R2=0
rammetry and the number of cloirDAeR ap o ion
ms the potenti al of Li DAR point densi
ters. Al t hough t he relationship was
geneity and the inher enst odfi ftfheer etnacoe ss ein
th of the correlation demonstrates th
ches. On one hand, spectr al i ndices s
on the other, Li DARuUmMii on@itedpbeesn daee nmo rees t g tr
ur al parameters.-f donget hédre, impoese amcac
pectr al and Li DAR data to obtain a mo

vari abi |l itthye, atcltairrealcyy e h gmeicigi on vit
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Figure 3. Rel ationship between CA (m]) and the n

Rel ati onshi pLiBDcAARveMen rUAVEr anld GAound

Figure 4 presents the relationship between t
reconstruction and thHe ut A nead sau raeg d bfortdim tdgireo u
and block (right) scales. Aastbesetaad, | @avieh
greater dispersion, reflecting the intrinsi
Li DAR sscaffiendheterogeneity. At the block | eve
with a nearly leidneamritabhend tagndicreodisc observat
Li DMRsed point density provides a robust pro

aggregated over | arger spatial uni t s.
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Figure 4. Rel ationship between the numbeh dé&at aj D
the plant | evel (left, LA per plant) and bl ock

confidence interval s.

These findings are consistent with previous
capt ur-ci mehnrseieo n al canopy architectdwersd rarcd i v ¢t
estimator of LA in different rcadypcsed TS ovatrti ere
l evel i ndi claiteASR tchaant eUSAfVecti vely minimize t
variability, providing reliabl e estimates
(Anastasiou et al ., 204d2;n GJYd edrtii DablR. ,s t2rOu2cdt)u. r
with tr adibtaisoenda | megarsouurnedment s t heref ore-off er s
thro

making in vineyard management .

ughput, scalable monitoring of vine Vigc

Conclausion
The integr-at DAR ahd UAVIlI ti spectr al phot ogr amn

insights into vineyard canopy characterizatd.i
patterns of physiol ogical var i abfielcittsy,, whheerye
Li DAR of f er eidn dsetpaebnldee ntl isgthrtuct ur al reconstru
points showed strong correlations with CA an
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its robustness as a proxy for vegetative par

UAM i DAR ast ha ohighpgaest r motni ve t ool for guant
structure, supporting precisiobhhvptbduttuvet
sustainability.
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Spectral and thermal canopy characterization of different grapevine varieties

Abstract

Classification of vine varieties i S essent
identification of distinct growth patt-erns a
agronomic characteristics of eacsledvami etrye.ci
viticulture of fer met hods t o assess gr owi |

mul ti spectr al and ther mal data collected in
t her mal variations in theesanephngsbot hf pvexc
sensing techniques. The trial was conduct ed
experimental fields where vineyards are mana
Grapevine varieaiesraekxbdamj nédi weog NM¢l 1l er Thu
Toscano, trained using vertical trellises ar
data were acquired using the DJI Mavic UAV,

H20T ndouonnt et he Matrice 350 UAV. The multispec
using Geographic I nformation System softwar e
canopi es. Hyperspectr al acquisitionsg were

n
Sspectroradiometer in sunlight canopy exposur
signature differences of the examined variet
dat

status of each variety. Ther mal conditions
f

a allowed to obtain contiinugutehaenawisig dife act |

reflectance.

Keywobor Bemote sensing, Spectral signatur e, P h

Il ntroducti on

The Eur asi avi tgrsapkeivminfeesr(aamong t he mo s t Wi
economically significant horticultural Crop:¢
back to antiquity (Galet, 1979) . Detecting

val uabl e o pspcoiretnutniiftiice sr efsoerar ch and practical
for grapevine varieties discrimination, suc
accurate results but areménmsiednbdyt hegheedods

analysis (Pelsy et al ., 20dE)s.t rIwddtvreo sad d py |
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studies demonstrating that grape varieties
(Diago et al ., 201 3; Pefuel as et al ., 1993) .

Fewer studies have explored remote sensing
Satellite analyses indicated consistent spec
support variety identificaRi0dd)ab®peaeceéht skh

i mage analysis enabled accluewaele wamiegtay ddide

supported by in situ spectroscopy that conf
cultivars (Karakitziit rede,alUAV 2 0na6gsi cnagh h alcso wepnadal
vine canopy mapping (Ferro et al., -b@a2e&gd L
mul tispectral data have been widely empl oyed

such as ithed NDirfnrfadr ence Vegetation I ndex (ND
i nformation on canopy Vvigor, nutrient status
2025) . These indices have proweanmi éfff eé etdices,
especially when dtmwuedi aged aviat §f Catamncd et al
i magery has gained attention as a compl emen
temperature as a proxy f oranwdatsetrr esstsa truess,p osnts
Payares et al ., 2023). When combined with mi
the capacity t os peucirfaicda ephy®i ovlaogiedall trait s
(Sims and Gamoims,pdaddd3g s s iSfpiecatriadn fr amewor ks
mo d e | selection, and spati al regul arizati o
under scori ng -rtenseo lvuatliuoen oifmahgiegrhy f or vegetat i
(Sent hil nat7h . etbeabite2Progress with spectrc
t hermal i magery, integrated studies remain |

to discriminate grapevine varieties is stildl

This study aimed to evaluate the spectral a
varieties cultivated in Sibabgedbyemotegsansts
overarching goal was to providepbepetiymengalh

enabl-sepesitkec management practices within pr
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Materials and met hods
Experimental field description

The study was conducted in 202adgeaesnt aa (virneparmri
37A54Nj N, 12A51Nj E). The experimental site ¢
about 1600 m (Figure 1, red area). The terra
by a | ow percent alglkee odoiclo amaies tf uragg meengisme i s
the climatic conditions correspond to a ther
managed according to |l ocal conventional prac
Pi notsg Trebbiano Toscano, M¢l I er Thurgau, G
their perenni al growth cycle (Figure 1). Tr
varieties, with vines grown on & vpeuniagl s¥s

Pl anting distances were 2.2 m between rows a

320000E 320200E 320400E

NOOOE6TH

MUller
.

NOOBC6TY

\

N0O09Z6TH

Fig. 1. Layout of the experimental vineyard show
corresponding to the five studied grapevine var.i
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Data acquisition

The field surveys were carried out on four a

197, and 232. These time points were select
growth <cycl e, from flowering t asbemrorny troirp ey
canopy devel opment throughout the season. Sp
UAV pl atfor ms. The DJI Mavic 3M (SZ DJI Tec
empl oyed to collect mul ti spencctlruadle si ma gveer ys.e nTs

MP RGB sensor and four monochromati c SsSensor s
Red Edge (730 N nifea arm)d, (8m6d Mea&6 nm), each v

Ther mal data were collected with the DJI Ma
Zenmuse H2O0T RGBakambemmalhe thermal sensor p
512 pixels and operated within a tebhp¥ératur
pl atfor ms, autopil ot flight pl ans were <crea
coverage. |l mages were acquired with 80% for w

to maintain consistent ground suanndpelri rog td insatl a

conditions and | ow wind speeds, between 11:0
ground | evel (a.g. | .).

Al | UAV i magery was processed using Agisoft
St . Petersburg, Russi a). The photogrammetr i

point c¢cloud generation, and the d$ulfD&EdM) e ntanp
orthomosaic for each dataset. Ther mal i mager
cali brate temperature and generate r ddiometr
temperatur @ di wasereatical Bged( apEowdpnegs ¢ ot s
di fference betweelg @ardomy rtTampnpreatadrue e( (

WY YO YO (1)

This parameter was used to quantify canopy

conditions and to compare the physiological

Final i mage analysis was performed in QGI S \
2021) usiBasad OmMmaget Anal ysis (OBI A) framewo
extract quantitative vegetation nhetwaisc sd.erHrvoe

and evaluated across grapevine genotypes to
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perspectral data processing

perspectral refl ectance was acquired usin
ul der , co, USA) il O0dme rnamn irnagn gien wiheh 31508 nm
ectral onE white panel (Labspthienmee, c aNH,br & E

asurements were within two hours of sol ar

ove the top canopy | eaves.
r each plant, five spectra were averaged i
mpling points per variety were sampled, wi

|l es were converted-Smao PFArSodl vifei.flademseetd u oi g

d water absorption bands. Data analysis wa

sults and discussions
e results are presented in two main sectio

t her mal i magery, to highlight spati al vV a
rieties within the expertihmemstpalt ivailnay srtd.i b

ross the experiment plarwienewanrd.abCdndiydevrash

I fferences in canopy viagor among and withi
ebbiano Toscanohiagnhde rGrNDMVIo dinsdplcaaytedve of ¢
nopi es, whereas Pinot gris and Ml er Th
ggesting reduced vegetative development. T
it hin i ndk v, dwaldetbd @or i ng t he influence o]
vironment al conditions on canopy expressi
peri ment al vineyard, showing the distribu-

apearinet ive s .
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320000E 320200E 320400E 320000E 320200E 320400E

Temperature [°C]
55°C

NDVI

.1

NOOOE6TH
NOOOE6TH

\ ..1 ‘ W 30°C

NO08Z61H
NOOSZ6TH

N009Z61H
N009Z6TH

Fig. 2. (a) Spatial di stribution of the NDVI a
among the five grapevine varieties. (b)) Ther mal

di stribution across varieties.

Figure 3 reports the temporal dynamics of ND
2024 growing season. For all varieties, NDV |
season (DOY 120) t-®u mamep e a(kD O&r 02uOnN0d) emilfdon ¢ o w
approaching the | ate season (DOY 230). Amonc
consistently exhibited higher NDVI values, i
contrast, Pinot gris maintaioad woweére KEBAVaTrTl
M¢l |l er Thurgau showed intermediate values. T
native cultivars, Grill o, Catarratto, as wel
NDVI during t he pteirvieodg roofwtin.t elnns ec ovnetgreatsat , t |
in this study showed | ower NDVI, reflecting
climatic conditions of this experimental ar e

grwhich showed | ower saa®@Ply gomomwahedrtoonm tmh &
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0.70 1

0.65 1

0.55 1

(Y
—e— (atarratto —e— Pinot_gri
Grillo —e— Trebbiano
—e— Muller

120 130 140 150 10 170 180 190 200 20 220 230

DOY

Fig. 3 Temporal evolution of NDVI in the five gr
day of year (DOY).

Figure 4 shoWwdynhm ceasomass the five grapev
emerged amongPicudtyegriral | wi digsypdlawye sy ivMhligghes r
and TrebbimaiontToisceadol ower values during mos

with NDVI trends, an inverse relationship wa
assrill o and Trelwkirgana@sFBosgkarad du ewsi, Phwhéep warsi s
which exhibited reducedhiNDWwIr, csabnooweyd tceompseir
correspondence highlights the consistency b
di fferences in vegetative growth and physi
(Atencia Payares et al ., 2023)
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(Y
—e— (atarratto  —— Pinot_gri
—o— Grillo —o— Trebbiano
—e— Muller

61

167 174 181 188 195 202 209 216 223 230

DOY

Fig. 4 Seasonaliadynamimperafgic ¢ A&py herestsi alhe fi

varieties, during growing season, expressed as d

Figure 5 shows the hypeOO®e mmtmr)alo fr d&fhlee cftianec e
Clear differences emerged between the Pinot

autochthonous varieties.

I n the visi-B0e dmmai ne{BOO6tance is mainly in

determine absorption peaks in the blue and r
green( Pathudel as . etPi abt, GL199g8p showed rel ati ve
550 nm compared to the other varieties, sug
l i ght absorption effi-8D6now), I nefhechaarcei nt

by tuwhet sntal charlacavwas sand st lpebil rh hveat eert Tdadent, e |
|l iterature indicates that NIR i s among the
water (c®inmsenadand Gamont h2808frgard, the distin

Pinot Grigio and M¢ll er Thurgau may refl ect
physiology, which are closely related to gen
khohe 11
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0.8

——Trebbiano Toscano

0.7 —— Catarratto
= Pinot-gris
Grillo
0.6

—— Miiller-Thurgau

Spectral reflectance
(=1 = =
%) s .JI

<
o

,-\
=

0

400 450 500 550 600 650 700 750 800
Wavclengths

850

900

Fig. 5 Specti900 sning)n aotfurteh ¢ 4f0i0ve grapevine varie
This study demonstrates that integrating hyp
i magery provides a comprehensive framewor Kk
capturing both structural and phhsesiohogi staéan
of cultivar performance under field conditd.i
identification and phenotyping, while future
genetic resources ammmantver se viticultural e
Conclusions

This study demonstrated the effectiveness of
to assess canopy traits in grapevine variet
t her mal mapping reveal ed consi st earmte, p amvmhti d rer
hyperspectr al reflectance highlighted spectr
M¢l |l er Thurgau compared with cultivar Grillo
confirm the welnseorofappr amndlt acteri siagdvari
assessing phys,i oodfofgeircianlg rpersopmoinssiensg appl i cati
ger mpl asm management
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Olive tree canopyassessment by UAXultispectralimagesbefore andafter pruning

Abstract

Precision olive growing applications have b«
variability and achieve high quality and gl
agronomic operations affecting pla@awnitdesi @onoe:
approach for estimating the influence of pr
mul ti spectr al i mages acquired by Unmanned Ae
i n 2022 winter season, i n amci blyi f(eSegeshart c
Mul ti spectr al i mages were acquired using a L
configurations. Two flights were performed I

(DOY 364) with an altitudgoatnd7&umfaceg. di st

3.6cm/ pi xellap Sandde foovrewar d overl ap were at 70

minimze the time of flight, gi mbal pitch w;
Mo del (DEM) and eeBtahsoendo slamacg et hAen aQlyjsi s ( OBI1 A)
was used to perform canopy pixel segmentatio
canopy conditions. Pruning weight was measul
second flatglin. cOeffelci ents between geometric
indices (VIs) and pruning weight were calcul

vol ume and area providing good prediction.
accuma®oy iive canopy reconstructions and det e
trial provi ded i nteresting resul ts t o supp

management .

Keywor 8&8mart farming, UAV; vegetation indices

I ntroduction
The farming techniques applied to olive <cul

gr owi ng emphasi s on i ncreasing t he product
environment a( Gedifstay natoi &ai ty 2000; vEi lcmdn i &t
predominantly carried out in Europe within t
l i ke Spain, ltaly, and Greece, which coll ect
ar eBAOSTAT, Im. d.h)ese cdlffemenbonpragtobong, syst
techniques are applied. Moreover, the signitf
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|l eads to spatiotempor al variability in grow

(Connor et al ., 2014ThbDhs Ganmnarmo et yalc.an &l
technol ogies and sensor s. I n olive farming,
variability can be explained by knowing soi/l
and teo esxotnent |, el e¢Nobcal aodn®Pdocdienit RYWIL6) r es

focused on i dentSie@uyai magd i etp IsgpleiCaalbGb7 )et al
Roma et aland ZtNBearameaelt pat ameRB60Ld4)t o better un

growth and consequently productivity. Key b
canopy area, canopy volume, and  D%vaazs elma etsa
2015 ;-Gwiorlaead o et Seple.c,t r2ad01 7p)ar ameters are basec
specific spectral bands and thei(VIesgmbiTrhat ima
wi dely used vegetation index in olive grove:
( NDMIJ)hon W Rouse NOtVIalprovi@®@24) a good indica
status, productivity, and physiological conc

i nfrared bands.

Precision agriculture relies on technologi e

from wvarious pl atfor ms t-® p exch tfaicn ndainvaeyresme n

agroecosystem. Among the remote acaqgmpiosriatli on
variability, Unmanned Aeri al Vehicles (UAVs)
(Roma and Cohamksa,t@0RRe¢ir flexibility to be
agricultural conditions.

Once variability within the olive grove is d:

for-spiecefi c manageme@B¢mil nelt udifneyr tRBIOIPWaateit om
al ., ,2@®23d) and (dMasret@GsreenZzcernt ¢ to laanld. ,(pJ 2un®D Onyz

Brenes et Among 20h&3 e, pruning significantly
cannot be eagiFleygssandatPdiamnmagh g2nbh)age ment i
tied to the experwewere, ofr etchiesifoanr naegrrsi.c uHa ur

spat empor al variability to maximize pl ot ef

affect the avail able resources, and influen

(Villalobos ©€etruaing mMmbéGdpement typically T

architecture through manual measurements to
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volume by applying empirical e(QMiart-& menasst eass saltn
al ., 2015, Roseltlhhiand aS&n ,edian@leZn)sn w et. i me anc
Mul ti spectr al i mages from UAV-Baaed I mage Ana
(OBI' A) techniques can be used for monitoring
crops at various | eve(Gatodnidetat lal dowh023db e
The aim of this study was to study the infl
of the olive trees using multispectral i mage
Materials and met hods
Study ar ea
The experimental area is | ocated in Segesta
MediterraneéKohoeksemmat ., 2006)
5.00°E 10.00°E 15.00°E
\F;J?J:}j?‘“g
¢ :?f]i?gf {;JAF) i_)j% i S
{{ &\p-wb}.,,,.}; > 2
A | -
AN
Thdt /\Sj .
\\\\L\*MAH)
f{/ﬁ}v \’f'}}—ﬂ(b‘ 4=
+ e VARt
L\f .\_\‘} z
e
- R
G 100 200 km 5 = \k.\"m«(]
Fig 1. Experimental site | ocation.
Soi l bel ong€| 4wamhgr &aobdygmetric cl ass, acco
Depart ment of Agriculture (USDA) <classificat

traditional t r ayiemraifndg oslyisvtee mg rtoween t gou | d ri driant aerdy
management practices. The total number of tr
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UAV

Two
came
DOY
usin
al ti
over
mi ni
Bef o
posi
proc
sol i
( Mi |
The
wi nd
t he

spee

Samp

Dur i

char

Il n c
cano
wi nt
pl an
20K1

par a

un

flights

flights were carried out i n 2022 wusing
ra as (dRosma iebtedalblye 2023¢) fl i ght was per
(Day OF Year) 339, the second after prur
g the official DJI softwar e, setting the
tude aofen?20 ami aggal ground surfalte diidtean
|l ap and the forwardsowerkapgeweratatd B9 %]

mi ze the time of flight, gi mbal pitch wa

re each flight, six Ground Control Point

tioned to perform the geometric and r a

ess, respectively. GCP wer eeevehl yhpl at e
d platform and georeferenced usi g a GN
an, l'taly) with ext(eCatadniaartetn nal .a,nd2 RT K
flights were performed in excellent weat
speed at 12 noon. They were carried out

predetermined routes and rwaiyepdoionuts .atT haen
d of 25 m s

l ing and Surveys

ng the test, 17 selected plants were san

acteristics.

orrespondence of flight 1, for each sel e
py height (CH) and caSoyptyh sdMedcet Bans tbwoi d g
er period, on DOY 350, aplelr aptliaonnt.s Fuonrd eeravwe
t, the pruning busmagsawdight alvadypambme
0, Padova, ltaly) to evalwuate the prunin
meters.
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|l mages processing

Once the multispectral and RGB i mages were a
the -mahtds orthomosaic, the Digital EIl evation
(DTM) wusing Agisoft Metashape Rrhorfoeusgshi-otnhael o
source softwar e QGI S (BYars.chliBe ,16.2®,10 ;Ha mmMdV ¢
I nformati on .Sylshteem,ed add%2)of the photogramme:

the spectral and biometric infCarnmatiiaoretf arl . e
NDVI was used as vegetation index to detern
classificadhon YWr Boese Cetceali.ndilvgd dd)a | canop
they were classified into high (HV), medi um

and CA (Canopy area) values before pruning

assessment of spechmaalgeandngéebmecmanopies for

Statistical Analysis
The data collected from sampling, ground sur
and statistically anal yzedccWeasacy | pfi veeoes f

determiPavundnr Bt means sweaeecaltcala(BMSEYHh
variance (ANOVA) and Tukey's multiple compa

procedures were performed using R software (

Resul diss causds i on

The technologies applied to detect spatial v

main vigour conditions (Figure 2). Speci fi

estimation, showing a |l ow RMSEBlvsal obsamdefldi g

stufdCasuso et al., 2019-S8@ahemiatenwvlal . 20262
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Yt IR B o |2 15 y = 1.0728x - 3.4339 b
20 =R ~ R2=0.9586 /,
RMSE = 1.55 > RMSE —2.79 %
,’ 7 &
& g i (o
RS S H, L 2
< A < 0”:
= ”O Y 10 7
:?_915 0// B 7'®
.2 / 9 ‘o
= & = ‘&
L / L Z
) 4 &~ °,4
‘e L4
Vi
L 2
10 5
10 15 20 25 8 12 16 20
Observed CA [m?] Observed CA [m?]
Fig. 2. Comparison between obstktirmatdted)yrovahdes aol
area (CA), before (a) and after (b) pruning oper
However, after pruning, a decreased in the e
the smaller size and highdmcCaltiaommase®tcahcent20
et al ., ThD281l)l eads to an overestimation of
met hodol ogy is not able to quantify wel/ t he
were also found to be | eemuraec cpuirxadles talsan htel

(Jurado et al-Mar 202&t a&lel 8§8z2Wkk)

Ol'ive orchard's vigour can influence its mar
essenti al slpemernnt cofmasagement . I n this expe
have been expressed in terms ofedCH, vE@A yan dnp®
reduction after pruning depending on their v
Before pruning, CH mean value was 3.57 m, w
three |l evels averaged 4.25 m, 3.57 m and 3.1
before pruning; after pruning they decreased

CA was the vigour parameter that best corre
characteristics and showi ng( Gairguhs oc oertr ed la.t,i 02
Guirado et WAV. fl12@ht) data all owed to esti ma
pruning. CA before pruni g ihtadwasn raedadcage tva
pruning, showing an average decrease of 31.1
27 to 37% in the three vigour | evels.
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12°57'E
Legend
B8 Canopy before pruning
3 Canopy after pruning
Z
s+
g
Fig. 3. Di fferent shape of the canopy area of t

orthomosaic.

Pruning operation also influenc%d tZed meVv va
pruni ng, showing an average reduction of 39.
i ndicate high intensityBrepmraeasiald.laTheoer ANOYA t
confirmed that the amount removed frwameHV w
>0.05, Table 1). Furthermore, the biomass anm
with the volume before pruningemawead cpaeéid ngl
depends on the starting vigour conditions. U
It was observed that the removed biomass anc
in the three vigourd,cotnhde tp ronrsi=hgrsatbd res dit)y. h @ kn
bi omass removed was homogeneous per vigour ¢

the classes (Table 1).
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Tab2l ePruned volume and pruning biomass density o
analysis (pvalue< 0.05).
' Pruned Pr u nbii nogna
Vi gour L _
densit
[ ko] [ kg m
Hi gh 21. 82 1. 3a9
Medi um 14.B6 1. 5a7
Low 12.8B1 0. 7b0
The ANOVA showed statistically significant d
and MV group comparg&ide @.005t)h.e TLhVI sgroam ke r el
amount of wood and | eaves in the (PKFamres8ndmz ¢
Escobar et aBren2flgif ai mPnédl7)
Conclusions
The research provided an overview of t he po
monitoring and estimation of vegetative, s
operati on; i n empeern fiaea mamageenest ed Thbhastt uld
estimation accuracy of these technol ogies is
as the amount of biomass decreases, their pe
it owi I be possi bl e toon daictciuornast,e | eyn aibd einntgi ftyh et

var i-raagbtlee pruni ng

intelligence.
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Section 4 Yield and biophysical parameters estimation

Bayesian yield mapping and uncertainty analysis in vineyards using remote sensing data
and grape harvester tracking

Abstract

Yield mapping in viticulture is <cruci al for
remains constrained by | imited yield monitol
remote sensing methods, whi ch priocviitd eu ndceetretran
guantification. This study develops and eval
yield mapping. Thesanosdcerl riemcetgea ad erssinmudg tand

tel emetry datraed ol wgteinm,awaerededgrgtedidntmaps at th

Over t wo growi g028¢asionnsa (i0Qi2l i an Vi neyar (

vegetation index data from-2nsmanekldi aesi wér @
with telemetry from gl obal navigatioapesat el
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harvester. Multiple model configurations wer

i n R, and sensitivity analyses were perfor me
The -pbersftor mi ng model selected, based on si x
MA E, MAPE, and ELPD), achieved an R|] of 0.83
with independent validation showindeazniRelgf
captured spatial and temporal yield variatio
2023 |linked to drought and heat stress, whil
Thi s hierarchical Bayesian approach signi f
demonstrating robust generalization potent.i
seasons, di fferent vineyards, and gcapacyul
reduce uncertainty in prediction and i mprov
met hodol ogy offers valuable insights for pre
management and informed operational deci sion
Keywbpr dJAV s , Bayesian modelling, Uncertainty
GNSS.

Il ntroducti on

Yield estimation is a central il ssue in agri
estimations of production enable targeted &
desired oenol ogi cal objectivesindyaddsi aneal
i nvasi vei ntreenssoiuvrec,e and wunreliable 1in captur
intrinsic heterogemBeiatml eoyf awvnidn eHyaanrid tsoyns, t e2n9sO <
Yield is composed primarpllgntofl|l ¢ wel coampuwnteeart

average cl(Kotmewr awmai gMoty er , 20 15Gr aNbues kcd uestt eal

typically determined early in the vegetative
fert(ikKleiltlyer et &larc23a0:0; @bnperdeRl2y, average
foll ows a double sigmoid growth curve, signi
such as average and maxi mum temperatures, a

abi anidc bi otfcelsdmrestse&li el d2@88) maei mead wipel
mapping when incorporating spatial vari abi l

measurements taken within the production's t
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al ., 2019). This method is prominent in preci
var i gbPiilnigt yand Do,bedimatninn g Ri0ODBiI)ng it from yie
which wutilizes models based on dawbareat!l ect
2021)

Yield mapping can employ sensors mounted on

indirectly, such as i mpact, pressure variat
i mpl emented in cereal cropping, galkipeg hnir & le c
mapping in viticulture mMGokacomptenal and20286
2018)For instance, during mechanical harvest |

efficiency and damages t ouetnhcey wiempeesn,d asn ocpathi
and thickness, varyimgfehto etheafiel @0a06ndiPe
I n this context, Gras et aclos,t (t2r0a2cdk)i npgr onpeotshe
on harvest machines, correl-méasgredchni eedgpa

Remote sensing (RS) technologies have emerge

notestructive, extensive monitoring tools fo
and prédattien al., 2002; ctowens aepralach 20%
indices (VIs), calcul ates from different S [
Nor mali zed Di fference Vegetation | ndex ( NDV
vegetat(@ampogoet al ., 1202 12;0 2RBeébr;r o oadhmas oQa tean
al .,. 200DVI)) effectively reflects | eaf area dy
agronomic practices, suppor tsiinngk ibnatlearnpcree tbaettiy
area and (Hawel ly,i ed @01 ; Junges et al ., 2019
Opti mal NDVI val ues support bal anced yield
(Ohdrea i et . al .Sat2024) e | mageeray, c otvherroauggeh, ihti:
frequeropffarodi veness, i's increasi n(dlryabcentr
al ., 2021; KamakMgburee mahtegk@Gf2#d4dPn approache
cli mate or agronomic data and proxi mal sens
(Anastasiou et al ., 2018; Barrigdowdwaeret lailr
spectral resolution of satellite i magery hascs
Vehicles (UAVs) , partccepanhyi advahtagecws | i
I mpact med Lame mant s and Vallone, URV2p]| atFfea
equi pped with RGB and multispectral camer as
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mporal frequency, significantly benefiting
et aGar c22a 281 Al dietzicdr2l) 1 vy, canopy mc

erro

rived from UAV i magery, such as canopy t hi
c
n

edi

—

i ve potenti al, although model gener al

(@]

i es t onwdaryd ed wde rofvieta teisda g tnrearta o net al ., 2
nnaro, 2021; .GuAp |s2yks tledthasrliat, ur2ed 2r4vi ew cond
al ., (2021) highlightedriaeneameitm@-dentuer
rived VIs and computer vision technologies
l i dati onal nt eixgles, mgindespread practical ad
thodol ogical fragmentation.

chniques i nvol ving agricultural ma<€hi ner
I ronment al modeling often evolve indeper
guent methodol ogi cal i mitationse ilnichaare
ressions, or machine | earning algorithms
guately representing predictive uncertai
ernative due to its flexceéds!|l ang expl in¢cietgl
cer{Abbhagzadeh. eUnlall ke R0@Yyenti st met hod

rmali ze uncertainty via prior distributior

~t

sul tpionsgt eirni oar malri es t r @ fblue d toinve of compl ex agr
s t(ePnosu d e | et al ., 202BayV¥semamamietr aalch,j cad z
rticularly effective, capturing data vari e
peri mesntas, crop varieties). Recent studi
nerali zable predictive capacity (Bod mamn exp
, 2023; Veenmaweeer althe28ggh)ication of B
gni ficant computational chall enges. These
mpling techniques, with Markov Chain Mont
opted. MQCME eampgplrloexs mati on of sompadexcaosoit
rived analytically, theredy meaci loinrlaiant eeanrg B
del s. Thanks to these sampling methods Ba\
naging spatial -fvaarm adnmtdaltiymewittihnigns oans wel
certainty in complex experimental @d@@&aso0 gns
al ., 2022; @Wadi et omdl | y,20B8yesian method
nstruct nitrod@en ,diplrwtvii g o wrbwesds (@GN f | exi
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met hoBleshman et al ., 2023;YiMakdo wessktii neatt i aoln. ,a nz

represent promising areas for the applicat:i
growing body of research has demonstrated t
syst(eSnosng et. aln ,pax024c)ul ar , Bayesian framewo
for snaobtce yield modeling, showing strong col
data sources such as remoleasseéenci og wmbdel sat
have been reported (Abbasvxaedah empaltan022p
et al. ,F&@mO2i4nstance, Ma et al., (2021) succe
using remote sensing variables, while Zhao e
y i |l d estimati on. Bazrafshan eof at hesd 2822010 o0
even in the presence of high <c¢l| i maottiecntviaarli.a bl
t h case of wheat, Di et al. (2022) employed
from remote sensing inputs, and Fei et al . (

performance of mach(2@22)ademamngs tmoated ¢ .t

~—+
>
- 0 K< ® O o DO O

Bayesian inference for posteri2rdaytiaelidn tpor epdri
based crop growth model s, effectively combi
i nformation.

Despite recent advancement s, a significant g
application of Bayesian methodol ogies and pi
yield estimation. I n such systgehrhy, vBd ywadil &n t
the high spatial variability and compl ex ca
particularly benef it from probabilistic fr
uncertainty. To fill tt ho & u cgeasp, a nt hien nporveastei nvte
framework based on BHM, which integrates het

i ncluding UAV and satel dbiatssedmalgtriossmenc tcr alb sier
GNSS data coll ectededtuirngn.g Tmee hatnuay'ls habbj ec
Bayesian model for vineyard yield mapping, e
variable through a comprehensive sensitivit)
field daetda fotmaihar vest evegusppedchadyvast en
analyze the spatial distribution of yield va
to evaluate the sources of predictirwe tthrader

i ncrease or reduce confidence in model out pu
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Materials and met hods
Data acquisition

Experimental field

The field experiment was conduct ed -yoevaetrd t he

vineyard | ocated within the Al camo Protected
I taly. The site is geographicaDVjA Eosgiomigone
corresponding to the WGS @BHiIi gef®)y.enTlee sfyisd ledn
m a.s. |. and characterized by gently sl opin

The vineyard, extendedf ema8Lhac¢v.pl @att@&dr avti tt &

Paul sen rootstock. Vines were trained to a Vv
to a bilateral spur cordon with two buds per
a 2.20 I 1.0606rmebppodtng to a density of 4,5
nortiseasthwest, forming an angle of approxi ma

13.07°E

Fig. 1 Experimental field location (37.92AN; 13.

Vineyard management followed standard commer
field. Soil was managed through five shall ow
at weed control, reduction of ecwuwadhkhiceg.evidptol

i nputs and phytosanitary treatments were ap
healthy fruit production compliant with Alc
empl oyed, with a seasonal wjatlea Tv.ol Thme otfu day
characterized by a Mediterranean <cl i mat e, W
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Hi storical <c¢limate data reported an average
bet ween autumn and early spring. Weat her da
weat her station pl aced near the e&gemwimdént
i ntegrated sensors for measuring air temper
wind direction, and wind speed. Data were co
to a receiving unit for gl we¢ al GStMorcagqerexnnd ome

operates autonomously thanks to an external
the KMawguhst period ranged from 19 to 22AC. I
near normal: cumbl astveevannfmmaht h6oreabhbed 2
anomal i es were observed in distribution. Ter
extreme heat event s. By contrast, 2023 exhi
unusuallyllhiigm Maynfaoll owed by a prolonged
exceeding 40AC during summer.

UAWbWbased multispectral dat a

Mul ti spectral data were acquired at harvest

t wo UAV surveys, conducted on August 28, 202c:

were performed using a DJI Phany o@Go .4, MQHitn &)
qguadricopter platform equipped with six 1/ 2.
one RGB camera for visible |light acquisition
spectral bands: bl ue -edB)E) (Rracredn f m(eG)re d r (el R)F
systemodés field of view (FOV) was 51.50 I 41.
Prior to each flight, radi ometric calibratioc
(LABSPHERE I NC. , North Sutton, us) to ensu
acquisitions. UAV operations weregcondudcoédo

a doagmile flight pattern with 70% overlap in

mai ntained a ground speed of 6 m s 1T and ac

second, with al/l i mages s.aveEldi s ncamfciognprmr &tsis

ground sampling distance (GSD) of approxi ma

i mages. FI'ights were planned between 11: 30
khohe 13
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conditions. Throughout the missions, weather

and | ow wind speeds, ensuring minimal atmosp

Poptocessing was performed us(iAgg sAhdgits olfLtC, MeZ
which was empl oyreas dloutgieonne rartteh chnmmogshai ¢s ( GSELC
digitalization footprint of approximately 25&
anal yses, al | data were gendieh@rencefdert end d ¢
84 |/ UTM zone 33N). To guarantee high positi

points (GCPs) was distribut edocevend yusa mrgo sas

precision GNSS receiver, following the proce
orthomosaics were aligned and corrected, veg
(version 3.22) . Speciffeirealcley,Vetgee a tNioo ma ll ind:e

computed using the NIR (4.0 Wm)Rawnde retd H16.5,0

Sateddsdadcke NDVI dat a

Mul ti spectral satellite i#agénmy fwasn aanguiursed
NDVI rasters over the experimental vi-neyard
infrared) were downl oaded and emmpladydd id% idi
were provided by the Copernicus Programme o

Coperni cus Ophetnt pAsc:c/e/scga fHaurbni(c us . e u

To ensure consistency wi t k2 tihtea gleAsV calcogsue ssti tii
UAV flight dates were selected. Only scenes
Consequent!|l-2, imhgeBSgnused!| i n t giustst2Bddy 2d0r2r,
September 19, 2023, matching the UAV surveys
spati al resolution of approxi mately 7 meter

coordinate reference system (WGS 84 / UTM zo

Geol ocalt eatriverstefr and shaker i ntensity maprg

Harvest operations were carried out wusing a

frequency. I n such systems, the forward spee
i mpul ses delivered per l i near smatemal ovavi ab
khohe 13
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https://copernicus.eu/
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density and structure, a fixed shake
Ity across the field. This can |l ead to
it loss, unless compenwsraitregl fbiyelagp poperr:
or initially sets a fixed beating freq
se to observed vine density. Il n this
ive shakinongitntensgitrgcpéy Imedgthted ac

t he 2022 and 2023 harvest seasons,
erenced using a STONEX S70G GNSS recei
grape harvester. Theeohimeteatanogsr RTI
h the NMEA protocol with communication
cy of 0.5 m with positional updates at
uously recorded positieadn odatSae plt Batbae r a
and 128pt €MAR8r. Zhe harvester ipnutlelriancgt e c
r for unl oadi ng. With a maxi mum capac
ed every ti me t hkea cnha xgirnmaupne |foiald iwiags erveear
ording the start and end times of the
rr-was measur ed, after subtracting the
onal daormresmpmaehdidnggadtcdhei sition ti me,

ed (i@GloS QxdvSe |l o p meemtd Tceocannv,er2 23 )i nt o s
ed start and end times of each filling
harvest process.

i near harvesting trajectories wer e r
ented a sampling unit associated with
ent spati al variability imteaapokat eon
med wusing the SmartMap plugin in QGI ¢

variogram model automatically fitted to

e

r

surface (5 m resoluti@eqgr efeexrpeonrcteedd t

EPSG: 32633 coordinate system (WGS 84 / UTM z
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Groutnrdut h yi el d measur ements

To
pr
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i d
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mb i
ent
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r ai
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t hi

at.i
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g e
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curatelyiehdr aatrenraibzée it g, a structured
col was adopted. l denti fication of 18
sisplot vegeaati ve var i abbasleidtme uwseirngesr
nation with previous agronomic observat
i fication of temporally stable vigor z
sis and then validatkdytpheoghod+dieald 3
son and ripening). This approach deri ve
(2016) , i n whi ch applying this met ho
sentativeness of yordwi csalmpyl i imponabeye nteaor
n the vineyard. Following this principl
al heterogeneity of the vineyard-while
experi mentcal Dbfl roxrhe woarksi sEad of Si X Vi
ferenced plants (-HFige K)nemblti mappReH) ue€

scueret ismebt re positional accuracy.

13.07°E 13.08°E

37.92°N

2 Distribution of sampling block within the
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At harvest, for each sampled vine, the numb

were recorded. The weight of indi vidual cl u
(Wunder, mo d . 60, Mi | an, ltaly)epMTheatdtad asece¢
growing seasons, provided a robust basis for
reference enabled the integration of yield

anal yses.

Mul ti source Data Fusion and Spatial Grid Def
To accurately represent spati al variabil it
geostatistical analysis-ssoamdeenallas ettlse iantge

of observation units was c(O6&6t &8dDewvehbopmeémt

2023)The entire process was designed to ensur

with the actual vine | ayout in the field.

Usi ng-r é@asglhut i on UAV i magery as a spati al r
rectangul ar pol ygons measuring 2 I 2 meters
consecutive vines along a row, condhetgmt dwi
was initially generated for a single vine ro
i nromav anrdow ngpaci ng. Subsequently, it was r o

row orientation visibliemeiyrmrtdha eWdA\y ni nhaagyeoruyt . a

After achieving precise spatial corresponden
clipping it to the exact vineyard boundary.
cultivated areproducveéervkeappaonrdgs hcnuncw amsdd,e ad
pat hs. The refinement ensured that each spi

conditions.

To enable efficient fusion of datasets from
resolutions and dat a-pgtorciecstsu rneggs ,pi g ed ti aared avradsi
procedure was uniformly arpgpdtieerd dat aaddt s npairti

based I mager2y sand | Sdntei ndealt a, as wel | as dat

Specifically, the zonal me an , defined as th

spatially crossiogl ¢hleatged df eami ¢ achvaobservat

it possible to convert diverse spatial 1 nput
khohe 14
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spatial wunit maintained a representative and
Al l | ayers were reprojected and aligned to a
WGS 84 / UTM zone 33N), ensuwnrtiimgegsgmaudchet datas
Attribute tables associated with each grid u
data were aggregated over this grid using th
as the summary fidnctTihcen ffionral eagcrh dunconsi st e
observation units, each treated as the minim
The resulting attribute table, which cont ai
Senti neeslt,erhaamnwd ground data, (RaLotrleedfemampor20

model training.

Fig. 3 Data structuring process; maps derived fr
(a), satellite-biamagensyurilkrys drmd WAVe organi zed &

into a georeferenced fgrid (d) of observation uni
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Mo d el devel opment and sensitivity analysis a

This study i mplemented a Basyedieary iiedfde rmarpgpea n

explicit aim of quantifying uncertainty asso
hierarchical Bayesian fr amewoppkr oafcthe rfsora nmoi
complex, multilevel structures. 't combines
account for both fixed and random effects, p

range of (aBPopdderatamdhsLu, 2005)

The model training and evaluaf{RofowasTeamdu?z
using br msB¢pakenkearge, 20mh8 ,c h2 lehr)ves as interfa
probabilistic programming | angy&ae peasiegned
2017)The choice of brms was driven by its f|
model s, i ncluding random eff ectssourared diattsa . c
sampling algorithm adopted bWCHhr ma -pgsadd mint

met hod that i mproves sampling efficiency and
(Ng6bombe and .Lambepar,ti2Dullrlayr ,Satmped eNo ( NUTS) ,
HMC, is used in brms to automatically tune t

for model s wit(lBB¢hrikghbergodlle8xi t2y017; Carpenter

The response variable modeled was the number
behavior under varying configurations, sever
tested by changing both the coofart e emesaedelss .
predictor variables included NDVI -@esavedl fi
data, and the mechanical harvester6s shaker
based on their r el esvuapnpcoer tteod ybiye |pdr epvrieodui sc tliiotne
UAV and Sentinel data all owed the model to b
and the tempor al consistency of sat-céediivted da

metric t habhe assgdempti on of a constant shakirt

number of shaking i mpul ses per meter of vine

I n the first phase, priors were carefully d

anal ysi s, and prior predictive checks. To er

l ack of similar applicati omganaitn viei tperi aotrwr ever

Specifically, priors were set as foll ows: a
khohe 14
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deviation of 1 was wused for regression coef
di stribution; the residual stdnsardbdevoatwb
of freedom and mean 0; andythe ®fdrdar dvade wmio

a Normal (0, 1) prior.

Sensitivwaygy aoabysted by fitting the model wu

t o xplore how the model responds to struct.
scenari o, the effect of the hierarchngal st
strategies across different years dat a: (i)
mo l ed jointly witspecect faccoamtiamg | oy ;yéarit
om intercept d otro taec oaematru dwarse fili firacafteysdre) i6. ¢

(iii) no pooling, in which separate mode

o ®© 9 S o O

d
ran
and
The second scenario focused on the i mpact o
tested: Sampling Unit B, which corresponded
units derived from the samplingedrtivo dwisrceas |
uni t ; and Sampling Unit A, obtained by aggr e
i ncluding six vines in total. This dual stru

spati al aggregation auwmtfdamensc.e model training

The spatial dependency influence was evaluat
term was eval uat ed abryamencarcp esrmeedditmheg nbsa soeodn | 0 rt
pl ate splines over thes(sx@a@mpy)Thgsusipttcabr dier
to capture residual spati al autocorrelation

I mproving the model 6s predictive performance

Finally, a set of models was developed to as
the three predictor variables (UAV, Sentinel,
model s were trained, all asgdbhmi mgdal| Gawesieanmnm
MCMC <chai ns, each with 10, 0@ istempdtisonsonivr
was assessed by ensur-hag vabtesal bepawaie® &y s
effective s&EMRBB) e asfikezcet a jvbeu lska-EnpEr werze dJgrtaatl er
equal to 10QVéebtaemacktchhin 2021)
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After model fitting, the posterior distribut
0.05, 0.50, and 0.95 quantil es, thereby ©pro

value) and their corresponding 90% credibl e

Evaluation criteria

The predictive performance of the model s was
freqguenti st metrics. From the Bayesian per s,

metrics: Bayesian R|] and the ExpeteetdetdhboggRBr

cresad i dation techniques. Bayesian R] quantif
posterior predictive distribution, account i |
( Gel man et Tahle. ,EL2PODL Wags LeeSanveema t &/hd 8 sdiart i on ( L
with -Pmoetbed i mportance sampling (PSIS), vi

repeated model fitting by approxi mating pred
|l eaves out aneaobsmeyatusong the remainder of
the omitted point foffolvaVadadsdsaadm.onAl ti enrpd eetmewv
the kfold() function, partitions thetdatoafset
predictive performance through r(eVpddtaed terta
2017) n addition to Bayesian metrics, a set o
to provide an interpretable quantification
metrics were calculated: RMSE Melhln ARc®t uMea 1t
e MAPE [3] (Mean Absolute Percentage Error)

YoOYO - & | o[ 1]
660 - o | [2]
bovbo — —L[3]

WheUies t he oblsies vtelde vparl aucki, st edHevmbaa ahdt he o

These frequentist metrics complement the Bay

that are widely used and easily interpretabl
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Mo d

The
and
t he
f ol

N A

Af t
me t
me t
gen
i nd

el accuracy evaluati-onubahddatabai dati on wi't
simulation phase enabled the identificat
mod el settings, resulting in iIimproved pr

configuratipend orens hgd modeéeshednmacti @ech fwars

l owi ng:

Clusters ~ log(UAV) * log(Sen{dnhel ) * Sha
cifically, it employed a partially pool ec
iability through a random intercept for |
sider spati al autocorr elsatnigo nd ast(ax ,a gyg)r.e gTal
el of Sampling Unit A, which incorporatec
eraged all three predictive features (UAV,

egrat-soonrof i-madt muttata significantly cont

er model training, predicted and observe
rica plugin, an interactive web applicat:i
MiCog rendo .etToalasse3d3822)he predictive capa
erate outputs with | ow error and mini mal

ependent field dat a. Specifically, t he t ¢

haesvter was divided Wwythhe nhbembeare&, viasult

vin
t he
A d

e. The model predictions, originally expr
n converted into yield (kg/vine) wusing th
i rmepcatr icsoon bet ween observed and predicted

comput ed.

Spatial yield prediction and uncertainty ana
Foll owing validation, the model was wused to
field both t he 2022 and 2023 seasons. The
georeferenced observation unit iwepruet efxarr apcot sel
prediction using the brms package in R. Sin
chains with 7,000 sampling iterations each,
for each row in the nesw edraitoars edti.s tFrriobnu ttihoen sr,e
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as the most probable predicted valwue, while

a 90% credible interval, representing the wu
out put s were &exported as .CsvQGIli$ esorandp astl
vi sualization. Thi s enabl ed the constructi
uncertainty maps, providing a comprehensive

productivity across the two growing seasons.

Resul ts
Model development and sensitivity analysis a
|l mpact of pooling strategy on model perf or ma

This first section of the results presents

performance of the i mplemented model s. The
aimed at assessing the i mpael obbbdsfhessnangd
capacity, are summarized in Fig. 4. The fi gl
influenced the overall model accuracy, high
comparison all owedf ftolme thhest demfte dtiicvae i @ampr o
power and consistency, providing insights in
mo d el generalizability across seasons.
Bayes_R2 RMSE MAE MAPE ELPD_LOO ELPD_KFold
29 250
275
08
-40
250 20 25 0
07
295 18 200 % 0
086
200 16 17.5
05 60 -60
1.75 14 15.0
04
150 12 125 70 70
03
125 10 10.0 0
0.2 -80
1.00 08 75
01 -90
Total Partial No Total Partial No Total Partial No Total Partial No Total Partial No Total Partial No
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Fi g.Compari son among three Bayesian pooling stra
Si X eval uati on metrics: Bayels®O@,n &Rj&KFRIMEE, TMAE
di stribution of values derived fuphm Wdreplsdtneu.l aTh
mi ddl e, and bottom edges of each box correspond

i ndicates t.he median value

Model s performance varied significantly depe
pooling approach consistently outperformed t

t he Bayesian R] exhibited siyasn emfata pcparlo xyi nma tge

a maximum reaching 0.83, suggesting an enhai
variance in the observed dat a. Error metric
superior performance dfy paarrtrioaMe rp ada lsitmrg ,b uatsi ©
val ues compared t o tot al pooling. |l ndeed,
performance in terms of RMSE, with a medi at
variability, as ilnedircaantgeed (blyQR)h,e whnitcehr giuna rtthii
1.45. This result suggested greater accuracy

tot al pooling approach yielded a slightly hi

di ff ebhecnams even more pronounced when compar

showed the poorest performance, characteri ze
RMSE exceeding 1.75. I n terms of MAE, the pa
the others, yielding a median of approxi mate
tot al pooling approach was associated with ¢

condition exhibited the poor esbt apnedr faonr MmaQR er,
from 1.0 to 2.0. Similarly, MAPE confir med
yielding the | owest medi an value (10.5%), f
pooling condition exceterdatnegg yl 7a 15s%. €lxhhei bniot epdo
with upper quartile values surpassing 22. 5%,

sensitivity to variability across groups.

Predictive accubr@@yameKkENIRB) (sEhhoPvDed mor e var
I nterestingly, the No pooling stratigddpy ,yi el
suggesting better generalization toerahsegen
outperformed Total -LpO@olainKk EbiPrdb o Ok e E&4IPID, t h
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i ndicate that parti al pooling was the most
bal ancedftbadeween flexibility and regulari za
predictions. Tot al pooling duanked idec anedn diem
constrain group effects and overl ook rel evan
|l eads to overfitting and a marked decline i
capacity of the Bayesian model

| mpact of spatial structure of the data on m

The results presented in Fig. 5 focus on ane
as explanatory variables on the performance

assess whether and to how eff ectmovdeelly asbp dtiit

providing a more accurate portrayal of the o
I n order to address this query, two separate
gemoordi nates were not included among the m
second, these were incorpor atned oash exapsleasn a tt
of the model was assessed using six differen
ELPD_LOO ELPD_KFold Bayes R2 RMSE MAE MAPE
3.00 24 o
08
o 70 275 22 &0 I
07
20 25

05

175 14 150

H]

03

02 150 12 195

-90 I 01 125 1o 10.0
I
1.00 08
00 75
0 1 0 1 0 1 0 1 0 1 0 1

Fi gEfbect of the coordinates on BHMs perfor manc
RMSE, MA E , MA®E,, &#LdRBBLBD Boxpl ot s il lustrate t
obtained from the simulated scemar.i olfshe( Ot=0 pn o nti odc
bottom edges of each box correspond to the 75t h,

denotes the median value
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Regarding predict iLvVOD aannadKEa Y, showlke dELRBs ne
than the control, indicating that t he model
unseen data-LOPgr tthlee medPB N val-82 sicearae aved |
abot3 in scenario 1.-KRadlke,witshee ifmal usieorELPID c
an increase in the nB2diiann tvhad usec e nuapr if@ 4own tahb c

in the scenario withraogedrerbatestetdhgrieaterq

1, though still associated with better perfo
in Group 1 (with coordinates), reaching valu
of expliaamceed. vliamr contrast, Group O (without
more variable R] values, with some model s ex

Er keroerl ated metrics further confirmed the adve

MA E, and MAPE were significantly |l ower in G
mean values. Specifically, RMSE awdl MAE ¢lad $
to 1, and MAPE stabilizes below 15%. Conve|

di spersed error values.

Overall, the results demonstrate that i ncor
positive effect on al/l model evaluation metr
| mpact of sample unit size on model perfor ma
Fig. 6 presents the performance of a BHMs tr
B), aiming to assess the effect of spatial r
Six statistical metrics werteswsnenarfiarest héecad

of metric values obtained across multiple si
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Bayes_R2 RMSE MAE MAPE ELPD_LOO ELPD_KFold

. S RN
0.80 15

14 -100 -100
075 14

070 ‘ 13

150 ~150
065 12

1 -175 -175
060

055

09 9
-225 .
050 225
1.0

A B A B A B A B A B A B
Fi gPe6f ormance of a partially pooled Bayesian mo
and B). The i mpact of sample unit size on model
RJ| , RMSE, MAE-LOMAPEnNHKEEBRBD Bawxsplrottse itlhe di strib
obtained from the simulated scenarios. The top,
75t h, median, and 25th percentiles, respectively

These differences were patOOcahdKEgIP@®r mebuinc
where Sampling Unit A (A) significantly out
scores7abbee A, compaiz2a25 tfoorapBb.r olXR meeatldxAlttyd d nt,
t he HIO®PD metric was extremely narrow for unit
about 30), suggesting greater reliability a
with the unit of A. KiFoiltidagahtyerf oFr Rt was maltway
unit A than for unit B. Although | ess -marked
related metrics (RMSE, MAE, and MAPE), with
t han model B. Spercimadcall |A ,washec cRiMMSeEntfr at ed L
model B ranges between 1.5 and 1.8. The MAE

to values between 1.2 and 1.4 for model B. 1
wher eas modde lhiBg hperre sveanltuees, wi th a narrower ¢
I n terms of Bayesian R], unit B showed a bet:
0. 73. The interquartile rangeOwddg) stpgAaAnfifoar
(0:0558), suggesting not only a better cent
simul ated scenarios. On the other hand, samp
variability I'n some metricsnpndcoobdiust e mtelryf o

particularly whfsampbesedeorngsbumat es.
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Rel ative features i mportance
Fig. 7 presents the results of the sensitivi
of the three explanatory features wsead vtea t
NDVI , -déAM ved NDVI, and mechanhensaltgrape hary
() ) _
UAV A ;’/ Feature Importance
O 00
i ( | o5
Shaking intensity - ; L —
I 10
Sentinel | L .
(b) Bayes R2  ELPD Kfold ELPD LOO MAE MAPE RMSE
Sentinel 0.53 -83.59 -82.92 1.35 13.98 1.62
Shaking intensity 0.48 -84.95 -85.50 1.47 15.27 1.74
UAV 0.57 -82.87 -80.72 1.24 12.76 1.49
UAV + Sentinel 0.77 -69.93 -69.14 0.87 8.69 1.11
UAV + Shaking intensity 0.81 -69.37 -67.76 0.81 8.39 1.02
Sentinel + Shaking intensity 0.71 -74.63 -72.60 1.02 10.13 1.24
UAV + Sentinel + Shaking intensity 0.83 -67.11 -67.75 0.81 8.29 1.01
Fig. 7 Quantitative visualization of the relatiyv
of each feature was evaluated across s-L®Operfor
ELPBOFol d, and Bayesian R] . bEuatciho nb uobfblae griever rne sfeenat
metric, with the size of the bubble scaled propc
is provided for scale interpretation, while pane
modelnf¢ gurati on, of fering a quantitative-refere
performing values for each metr.i are highlighte
As shown in Fig. 7a, UAV emerged as the most
I n particuldalrat efdor meetrrriocrs ( RMSE, MA E , MAPE
significantly to error reductiom,exXtoddtoweSlerb
A similar pattern was obser vie@Of o KIFpD e€di @atnidv
for the variance &explained (Bayesian R]),
i mportance. The feature Shatke ngontnrtiemuwtiiton:s
second for RMSE, MAE , and MAPE, whi |l e t s
klhohe
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comparatively smaller. Sentinel consistently

metrics, though-nietgl stgiilbll eprcownitdae L ud i mointo
Fig. 7b reports the numeri cal perfor mance
or combinations thereof. Models using

I ntensity and Sentinel onlyamddél §2resebkbpedt

corresponding Bayesian R] values of

i mproved performance (Bayesian R] = 0.

with feature combinations.

Combining two features |l ed to substant.i
intensity and UAV + Sentinel outperfor med
in terms of Bayesian R] (0.81 wsand D.Z4) vsTheé
MAE values were also achieved by UAV +
0.87), highlighting the cruci al role of

The model including all three features

a Bayesian R] o f 0. 83, and ELPD values

superior robusbahedatuoder  Thir 9es gsloawd stal esror arcdh

with MAE = 0.81, MAPE = 8.29, and RMSE

These results highlight the added val

gualitative analysis of r elbatsievde ehd mihotr t am c €
represented the most influenti aalt isoinn g |Ho wseovuer
was the simultaneous 1integration of al
performance. While this approach increased
hi gher computati onal dastsifgori ftircainntilnyg ianmpd oi\

accuracy and prediction consistency,

Overall, these results support the wuse
model i ng. Such approaches enhanced the
significantly boosted the praeadnadt iowne
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Mo del accuracy assessment and model wvalidat
a) Observed vs Predicted - Training b) Observed vs Predicted - Validation
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Fig. 8 Model performance evaluation for the BHM
datasets. Panels (a) and (b) display observed vs
an actual -abs$envatiodnoerdyeasgaindsitngt hexiees ) pre€deée cbl
|l ine indicates the itted regression | ne, whi |
points -aackedc obdyryear blue for 2022 and dualen fo
pl ot s, where residuals (observed minus predicte
val ues. The dashedeririome |ii maei, c ateeps etskeent t@ago per f e
annotated with the camde RMEBEdI(d@r.Rjc @mar dg amrad ul
I n the training dataset (Fi g. 8a), t he mode
coefficient of determination R] = 0.83. The
l i ne, and the confidence icrattae mygalg oroe@maignm £ eme
observed and predicted values. Both 2022 (b
gener al trend, -dweiptehn dreon t n ati avkelr ey eynec ar. Il n the
the model mai nt ai ned, sawitt sfact®R|r y= pGk.r ¥&.r malnt |
increased dispersion compared to the traini
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positive trend consistent with the observeoc

confidence interval, reinforcing the relial
conditions. Resi dual pl ots complemgnset heFipg
8c), residuals were symmeericrllliynd, swirt lbua e
No systematic patterns were evident, sugges

val ues wer eorsluingdnetrieys toivndart esipr dad it dmaiorvedacc
validation set (Fig. 8d) , residuals showed
notably | ower RMSE of 0.09, outperforming th
of error reducitnigondawhaen lagkgerleyggadue t o the af
associated with this type of dataset. The ab
strong concentratioerobrpbinesiadboattetdthehat

welmla,i ntaining very | ow absolute error even o

Yield distribution and its spatial wvariabild@

Yield Frequency Distribution

1750 ] — EE Yield 2022
I e Yield 2023
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Fig. 9 Frequency distribution of yield (expresse
2022 and 2023. The histograms are depxictadkpirreskelr
yield in kgfaxiise r ewHdirdttee tifiree qutesncy of observatio
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The yield distributions represented in Fig.

whil e preserving consistent proportional tre
confirmed by the frequency.iBBi 4t kgbut nenandhe
l onger tail towatd boghenastyj]jettdevabD@aaé8sdistr
l eftward, with most observations falling be

kg/ vine. Further mor eap ptehae e210 210 r éi sstyrmnbeu trii cc
around iits mode, i ndicating a | ower dispers
, the
and a reducittiyoni ni n2 Ov2a3r iraeblialt i ve t o 2022.

di stri bution observed in 2022. Overall

Fig. 10 Spati al di stribution of yield (kg/vine)
bl ock represents a georeferenced obsceordveadt ifornonumie
(Il owest yields) tohdwmei  htilghelseagendck.l dEHe amaps e

i ntpraa cel variability and changes in productivity
The spatial representation of yield shows pi
reveals significant il nterannual di fyfi erd @n egs
zonedg3.(2.bg/ vine, bl ue) wer e oo mman tsroauttehdwem
portions of tyhelfdi éaBdecmskid®@v ilme , in | ight gr
whil e wdareyy dl awnes (<1.6 kg/vine, in red and
I n contrast, the 2023 mapguCcrtiigmt imaghd @l
was oOobserved, al ongsi-ydiee lad sc | (eraerd eaxnpda ncsri aamg eo)
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