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Abstrace

Idewrification qf the plant dizegses &t the ey fo prevens the lostes in the yield and guansity of the ggriculiwral
product. The studiar gf the plawe dimearesmean the studier gf visually observable patterns reen on the plant Health
mosnitoringanddisearedelac lononplaniiverysriticaybriustanad leagriculure Currently drona: playapivotal  rolein
the monioringgl plant pathogen spreaddefectionand digpmesistc  exsurecropsheaith stotus.  Droneshuve
maypeiEAtiases g icuinre, includinereducingmannallaberandincreas mgprodus thi fy, Drows smaybeabls ia
pravide early warnimg of plant dizeace:, allowing farmers o prevent costly crop faiures. This project presents a
sidrt plant dizeqse gefacfion ysiem using drokes and Machine ariing, A drone equipped with @ coMera capiures
imager af craps, which are analyzed using a Python-based mociine learning medsl to detect signs gf diseaze. The
MNode MCUmicracontrailer, integrataghwitha G P Smodule, macksthedrone ‘slacation whilealF-Fimoduleenables  real-
fime dotg trawsmizsion Embedded O i wzed for microvontroller programuwing, enshling seawmless integration
between hardwares and sqfttware for gfffcient real-time plant health monitaring.
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I. Infroduction

[ndia iz a coltiveted country and about 7094 of the Population deperds cn agricubture[1] Fammers have larze
rangs of diverzity for :elacting vartous switakle crops and finding the switable pesticides for plant]2] Heace, damage
tothecropswouldlzadtobuzelossinproductivityandwouldultimatelyafectthescanomy. Eyleverazinzadrons's
abilitytorapid rcapharekizh-rezolutionaenalimazesacro:z eptensiveagriculturalfialds, thesy stemseek stomenitar
crophealthivreal-time[? ] Dronezoffera flegibleandefficientplatformfor large-scalefielémenitormsbycapturing high-
resobation 2erizlmageryofirops. Theseimages cap b=smalyzed usmgmachineleaminzalporitbuns toidentify dizease
sympfoms af early stage: with high accuracy(4] This imtzgration of droae-based maging and mtelligent amaly:is not
only emhances preciziom apgricalhoe practices ot alse epables proaciive decision-making for disease management.
Ultimately, this initiative iz desizned to reduce crop losses, lower inspection costs, and support sustamabls farming
practices by providing farmers with a proactive toel for crop meamazement[3] A plant  dizease
detectionsystemun:ingaBazpberryPiintezratedwithadrone Thedroneizeguippedwithacameraandfliespverthe  fields to
capturs real-tmie image: of crops. The:s images are then processed by the Baspbermy Pl waing machne leaming to
detect symptom: of plant dizeasss Thiz iz a difficult objective becanse a lot of the agriculhral industry depends oa
uncontrollable factors, such the weather, the qualityand quantityef imgation water, and the state of the sedl.
Therafors, in order to magimize resource wiilization and raiza agricultoral productivity, precision tacknologies like
dromes must be adopted[S5].In precision agmiculnoe, drozmes have been applisd in a2 vamety of ways, and new
applicationsarsalway shemainvestigated Dronsapplicationzinclodatheidentificationofplantdizeases, whickhave
beenthesubjectofmackresearch. Earlydizcaseidentificationandstoppinethe: preadefinfection toreducecroploss
aretwoadvantzzesofdeployingdrones[ 7] Theaimofthizprojectistedesipnandimplementaplanidiseasedetection  system
that utilize: drone-captured images and machins learming alporituns to acoarately identify and clazsify crop dizsazes
m real-time
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II. ResearchAlethod

This rz:earch adept: a combination of experimental and observational desizn, wiilizing drone-baszed
remoteenzingin conunction with supervisedmackinelsarpingtechniquastodetect and classifyplamtdizeazes. The
methodology 3 stroctured ipto ssveral phaszes, incloding data collectlon, imase preprocessing, feature
etraction, modal development, and evaloation. Data collsction beping with the deplovment ofdrones sguipped
with high-resolution RGE and'or multispectral cameras to caphurs aeral image: of crop felds, Specific crops
prame to diseasse:—sach ax tomato, wieat, or rice—are targeted to enzure therslevance and applicability of the
dataset Flaldsurvey :areconductedinselectedasriculiuralzonestosatheradiversastofimagssandenarving
emvirpnmentaloondition:. Tosuppartzupervisedleamms, srouwndtrath lzhellingiscarmisdoutyagronomistzor
eperts, who manoally mepect and anmofate a sebset of the collected Image: to ensure accurate classification.
Followmzdxtaacguizition imagepreproces:mateckniguesareappliedtoprhanceimazsequalityandoreparethe dafa
for mmalyiis. This includes the removal of beckzround poize using image filters and the application of
segmentation methods—such asE-mean:closterimz or thresholdmz—toisolateplantrepions Tompron-releyvant
backsround: Additionally, data ausmentation strategies, melodinsrotation, scaling, andflipping, aresmployed
to amificiallyexpand the datazst and improve modsl zensralization while reduding therizk of overfitiing. Megt,
featursemtractionisconductadtoidentifymaaninefulpatiernsthatsiznifvthepresenceofdizeaze Colourfeaturs:  are
analvzed to detect symptoms such as yellowing or brown spots, while tegptore faatores are extracted wsms
techniques like the Gray-Level Co-ocourrence Matrip (GLCW) toguantifyirmepalaritis: in leaf surfaces. Shape
andedgedetectionalgorithm sareal:outilizedtoidentifylezions deformation: orabnommalsrowihpetiem: For  model
develppment, varions machine lsaming algorithmsz are employed, with 2 focus en Comvolufional Meoral
Metworks (CHI:) due to their effectivensss in mags classification tzskz Alernative: such a3 Suppart Vector
Machines (3WVA and Pandom Forests may also be tested for comparative parposes. The dataszst is Tjrp:u:u].lt
ﬂJ":'.I.liEl:.I.I'.'l‘tl:IIIEI.IJ]J]l:'EI.I'.'lﬂ.1EEI:I.I'.gEEI:’;..I]D]II!I.E]]J'_',‘J.I‘.!IJlEU 20ratio toensureroinesivalidation Modelperformamcs is
azzeszed uimE metrics soch a3 accwracy, precision, recall, Fl-score, and a2 comfusion mamip The
implementation of this methodology requirss specific tools and techeoloziez On the hardware =zide, dromes
sguipped with GPF2 and high-resolution magzing capebilities are s:zential Om the wofware =ide, programming
envirpaments and libraries such as Pythoa, TenzorFlow Eeras, OpenCV, QGIS, and Scikit-leam are employed
fordatabamdling modeldevelopment andgeo-referencmz Finally ethicalandpracticalconsidsrationsaretaken  into
account throwgheut the research procsss

ProblemIdentification

Aznouliural productivity 1= critically dependent on the early and acourate detection of plant dizeases.
Traditionally, diseassidentificationisperformedmanualtyby farmersoragriculural expertsthroushvisualimspection, which
istme-consuming, [2bor-iptem:ive, andofien sobjective. Thizmethodizparticularivmeffective for large-scale farme
where comsistent and tomely momitoringof every plat izimpractical Additomalby, the delayindstectine dissase:
oftenleadstowidespreadoropdamaze resulimzimsiznificantsconomiclozzesandreducedfoo dzecurity.

SvitemDesizn

Thepropozedsystammiesratesdronetechnologywith machinelearningalzorithmstodetactplant
dizeazes afficientlyand accurately. The desizn follows a modular approach, consisting of everal key
components workins together in 3 pipeline to capture, procezs, analvee, and report plant kealth data.

Table.1.ConventionalNeuralNetworkarchitectureusedforimageclassification

Layer(type) Outputshape Param
conv2d_l{coenv2Dc) (None, 222,222 32 896
max_pooling2dMaxPoolind2D) (None,111,111,32) 0
convZd_2(ConvlD) (None, 109,109,64) 18,496
max_pooling2d 1(MaxpoolingdD) (None,54,54,64) 0
conv2d_3(ConvlD) (None,52,52,128) 73,336
max_pooling2d_2(Maxpooling2D)) (MNone,26.26,128) 0
flatten(Flatten) (None,86318) 0
dense(Dense) (None,512) 44,302,848
dropout(Dropout) (None,512) 0
denze_1(Dense) (None, 10) 5,130
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Dataszet

Early Blight: The fingus Altemaria solani iz the source of early blight, which causes dark lesions to form on the
bottom leavezoftomatoplants. Theselezions which often havermgzaroundthem, can spreadtothefruitandstems, causing
the plant to bacome defolizted and producing less.

Fig.1. EarlyBlight

Bactenal Spot: On leaves, stems, and fruit, thiz bacterial dizease which iz brought on byXanthomonas campestris
PV. Vesicatoria appear astiny, darklesions with vellowhaloes. Bacterial spot can cause yizld loss, defoliation.and a
decreazem fruit quality. Bactenal Leaf Streak: Narrow, tranzlucent streaks appear between theveins of tha leaf.
Thesestreaksareusuallyyellowizh or brown andnmparallal totheleafveins Brown Spot:Itinfactsleaves, stems, and
graims, leading to brown, circular to oval lesions. Blast: Blast disease 15 primarilyecansad bythe fimgus Magnaporthe
oryzae, which mfects saveral cereal crops, particularlyrice. The pathogen thrives in warm, humid environments and
iz dizzsemmated through airbome spores.

II1. ProposedTopology
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Fig:2 Circuit Diagram

TramingPhaze:

Data Acquizition from standard Bepositories through drones: Obtain a wide range of crop image datasets from
conmnonhbranesthatmelndstazzedenamplazofbothhealthyvanddizeazederops Makenseofdronesthathavelugh-

resolotion cameras to take pictures of crops m fields to assure all types and phazes of growth are coversd. For
supervized leamming azsurethat picturesareappropriatelylabeled with theappropriatedisezsetypes. Pre-proceszing: To
normaliza obtained images for traming, apply pre-processmg. Images should be razized fo 2 standard resclution that
can be fad mtoCINI. A similar scale, such asz [0, 1], should be appliad fo pixel values to promete comvergence durmg
traimmg. Use datz angmentztion metheds to enhance the diversithy and resilience of vour datasets, such as
zealmg flipping androtation CHIN ArchitechraDesign:Matowork'sdapth thenumberoflayers) sizesandstndesof

convolutional filters poclingtechniques (such a5 meoamumpocling) TramingtheCWIN Claszifier Trammg Drvide
thepre-processed datazetintotraimnzandvalidation setsusmzaratioof, szay, E020or 70030 Uzethetraimmesetto tram
theCMMNmodel, andthen ussbackpropzsation and gradient descent tooptimuzethehyperparamsters. Database
CreationcontaimingF ezturesofthelHzaase: Craateadatabazannthcharacterishicsofecopnizedagriculturaldizeazes,  such
3z ervironmental vanables, spatial patterns, and visuzl svmptoms
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TestingPhaze:

Testing Data Acqusition: MMake sure a distinet testingdataset includes a vanetyof crop tvpes, disease seventy, and
anvircmmental circimstances by gathermz mformation from various agnicoltural areas. Utilize dromes to take
consistent, high-quality photos of crops m the testing zonas whils ensuring picture raschibion. Pre-processing for
Testing:Fasize, numﬂmgmdmhm!&zhuﬁnuﬁabsetmmeﬂleqmem&menmmeahmquautheme

dataset Fvaluation ofCHMClassification: Toevaluate overall performance caleulatetheF]l score recall precmn:m.
andaccuracyofelaszification CreateB 0T curvesandeonfizion  matricestoexamunemode]l  behavier acrossvarious
dizeazs claszas. Detarmims whather the outum of the clazzification have any biases or flawez. Dizszse Idemtification
and Femedial Meazures: Pradict crop dizeaze labels m the testimg dataset by applying the leamed TN classifiar,
Using the databaze of recognized dizeases and their charactaristics retrieve the appropriate dizease namasz and
recommnandeormectiveactions. Venfitheefficacyofrecommendadactions byconsulting with expertzor conducting fi=ld
tests. Iteratrve Improvemnent Fefime the CINI design, traming repimen, and databasze contenfs by takmz mto
acmuntﬂput&c-mtertmrtmmﬂslterateﬁleapprmchtnresnh ganyzhortcommgsor difficultiesfonmd uarantsemz
ongomg progress m the precision of dizeasza diagnosis and remediation suggeshions.

IV. HardwareResults

The maplamantsd svetem zuecessfully retrieves and displave realtima GPS coordmates using the GPS module
mterfaced wath the Ardumo board. The latiude and longrude values are showm clearly on the 10T log datz usng
laptop allowmz real-time tracking of location data. The setup alzo melndes an ESPE266 moduls, which can be nzad
for wireless transmussion of the data if needed During festing, the device consistenthy displaved accurate location
coordinates, confimmmg the corract integration and fimetionality of the hardware components. Thiz system can be
affactively wsed in applications like smart agmiculture znd remote emvironmental meomtoring.. By exammming leaf
rhotos ouralsonthmizabletoidentifnizhtdifferentformsoflaafdiseazes: BacterialBlight, Bacteriall safStreak,
Blazt BrownSpot, FakeSmut Dizcoloration, SheatBlight, SheatFot Healthy Bydefault ahealthyleafisdisplaved.  With
the acourate dizeaszs identification this technology provides, crop management miarventions can be made on fmme.

V. Prototype

Inthizprototype, adronsequppedwitha  cameracaphiresreal-timeimazezoferops,  whichzrathenprocsszedusing  a
machinelsarmmgmodel frained to datect plant dizeases. The dizeazedetection resultsare paired with GPSlocation data
obtamned from a2 GPS module commacted to an Ardumo board. The system wses an ESPI266 Wi-Fi moduls to anable
wireless framamussion of dafa, while a 16x2 LCD screen displays the detectad dizease status along wath the
comazpondmz GPScoordinates. Thismtagration allows for precize idsatification andmapping of zffectsd areazin a
farm, providing a foumdation for targeted agricultural nterventions and officient dizease managzement.

Fig:3. Hardware Prototype
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Fig 4. OutputforBlast Fig 3. AnalysisofPlantDiseaseusing Drone

Tha proposed svstem was testad on aerial images of crop fields collected uzing dronez equipped with
high-rezolution RGB cameras. A datazet comprizing both healthy and dizeazed plant images was preparsd and
ammotated with expert mput. Themachinaleaming pipeline uzing 2 Convolutional Neural Network (CNN), was

tramedtoclaszifvtheplanthealthstatusbazedonvisualfaaturesextractedfromthepreprocaszzeddroneimasery.

The mtagration of drones and machme leaming provides a viable, modem solution for real-time plant
dizeasemonitormginagriculture Thesystem  improvesdecizion-makmgzfor  farmersbyoffaringearlydetection,
spatial mappmg, and scalable monitormz. The high accuracy and pracizsion of the CNN model demonstrate the
potential of Al in precizion agriculture. To further enhance this system, firture work mavinclude expandmg the
dataset to cover more crop tvpss and diseases, improving real-time processing capability through edge Al
hardware, and intsgrating weather data to contextualiza dizeasze outbreaks.

VIL.Conclusion
Theproject successfullvdemonstratezan afficientandantomatedmeathod for detectingplantdizeasesuzmzdrone-
captured imagery and machine leaming techniques. By mtagrating drone technology for real-time mage
acquizition and applyinga Convolutional Neural Network (CNIN) model for analyziz, the system can accurately
identifyvarious plant diseazas . This approach not onlyreduces theneed for manual momtormgz but also enables
earlydetaction, helping farmers take timelyactions to prevent crop lozs. Overall, the propozad system offerz a
scalable and cost-effective solution for smart agriculture, promoting mereased productivity and sustainable
farming practice]
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