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Crnaiiau npeseHTanii

JOCJIDKEHHA METO/IIB

KJIACU®DIKAILIIT 305PAXKEHD 3A
KOHTEHTOM

Buxonas:

ct. rp. [I13M-22-6 Yaitkorcexuit C.O.

Kepipuuk:

mpod. Cyemnsaxor C.B.

Beryn

Ha cporoHInTHIA ZieHb npoflieMa 4BTOMATH3OBAHOTO aHAMI3Y Ta KiacH(MIKamii 306pakeHs
HabyRae BHPIMATEHOTO 3HAUCHHA. Y JAHOMY JOCTI/DKEHHI 0CHOBHA YBATA NDHZiTCHA
TEILIHIHOMY TOCIHOZAPCTBY, AKE Bifirpac BHPIIATEHY POIE Y 3AZOBONEHHI HOIHTY IPOTATOM
POKY, HE3ANEHKHO BijJ KIIMATHIHHX YMOB.

BaxHBOK NMpoGleMo0 € MITPEMAHHA ONTHMAIBHOTO 3/10POB’ % BpOKal. Biikime Toro,
BpAXOBYIOYH HOBHH €BpONEHCHKHH KIIMATHIHEN 3AKOH, AKHH HAKIAJA€ DU IIOZ0
3MEHINEHAA BHKODHCTAHHA TA PH3HMKY XIMITHHX mecTHOHIIB Ha 50% y 2030 pomi,
ONTHMI3ANIA BHKOPHCTAHHA PECYPCIB AL KOXKHOI OJHHHIN KYIBTYPH cTae 000B A3KOBOIO.

V miii po6oTi npejcTaBieHo kiacHdikarop ribpaaHoi HeiiporHo1 Mepexi (HNN),
KepOBAHHH ITYYHHM HTEIEKTOM, PO3pOGIEeHHH /A e()eKTHBHOTO BHABIEHHA XBOPOO 1
6yp’AHIB Y TEILTHIHOMY BHPOTIyBaHHI ToMariB. [[el aBTOMATH30BaHHIT IHCTPYMEHT
JIOTIOMOJKE 3pOOHTH BHABJIEHHA XBOPOO 1 Oyp sMHIB CBOCYACHHM, €KOHOMIYHO eeKTHBHHM 1
Ge3neuHRINEAM UL HABKOIHITHBOTO CepeI0BHINA.




Onuc mocmmKEeHAS

01

IIpenMerT - OpoNeCcH BHSBIEHHT
XBOpoG Ta Gyp'sHIB Y TeILTHIIX

IpH BHPOITYBAHHI TOMATIB 38
Ho:}ai&mmmﬁﬁpmom
HefipOHHO MePEKEBOro
Knachikaropa.

03

AKTyanbHIiCTE - 06yMOBTIeHa
TIOCTIHHAM IIOIHTOM Ha TOMATH
B YCBOMY CBIiTi Ta
HeOOXITHICTIO ONTHMI3AN]i
mpornecy iX BHPOITYBaHH: Ta
BIJIIOBI/IA€ CyJaCHHM
BHKITHKaM B 00p0o0Ii BeTHKHX
0OCATIB BI3yaIbHHX JAHHX.

AHami3 NpeaIMeTHOI ramy3i

MeTa mITY4HOro iHTENEKTY - po3pobka
ANTOPHTMIB Ta OpOTpaM, AKi
NO3BOIAIOTE KOMITIOTEpaM
AHANI3YBATH MAHi, POSYMITH KOHTEKCT,
BHHTHCH 3 NOCBIfy, IpHAMATH pillleRHs
Ta BHPINIYBATH 33BJaHHA B PEATEHOMY
gaci.

V nagifi podoTi BEKOpHCTARI Taki
HapaMEH:

Mammrre Haggarss (ML) — nigranyzs
INTYYHOTO iHTENEKTY, AKA [O3BOIEE
CHCTEMAM HABYATHCH HA OCHOEL JAHEX,
PO3MI3HABATH 33KOHOMIPHOCTI T4
TpHIMATHE pimesrs Ge3 SBHOTO
3ropTKOBI HEMPOHHI mepexki (CNN) — IPOrpaMyEaHES.
onTumizosaHi gns o6pobkn
306paMeHb Ta BUKOPUCTOBYIOTh
3rOpPTHOBI WapH [A/1A BUABNEHHA

NOKaNbHUX XapaKTeprucTUK. KDMI['IDTEPEHﬁ :HP (CV} — TeXHOIIOTiS.

IO HAZld€ KOMIT'IOTEPAM MOAIHBICTE
PO3MISHABATH, AHANISYBaTH Ta
PearyeaTH Ha Bi3VanbHi [aHi, Taki 9K
300pakerns 1 Bimeo.




ITocTanoBka
3a/1a4l

Onuc
IPUNHATHX
IIPOEKTHUX

plICHb

obpat MeTpHEN Ta KpUTepi
OLHEM edeRTMBHOCT
obpasIx MoTenel HelfPOHHITX
Mepe:

TIPOBECTH TPEHYEAHHT
obpanoro nabopy mogencii

HEJIPOHHITX MEPEXK Ha
TiIroTOEIEHOMY Habopi
AAHIX;

TPOBECTH MOPBHIHHT
0DpaHIX apXITERTYP MOAeNeit
HEHPOHHIX MEPEX A
BHABICHHS IEPERAT Ta
ODMEXEHE KOMHOL 2 HIX,

BUSABUTH JIUCTS POCIINH,
BUABHUTH MOTEHILIHI Oyp’ sHM;

BHSBATH TTIOTEHIIHHO MOKIIHB1
3aXBOPIOBaHHS.

YOLOvVS
VGG19;
MobileNet.
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Jlmst BUABNEHHS THCTA Ta MPAaBHIBHOTO o6pizaHHA 300pakeHHA 6YI0 B3ATO
2000 306pakers i3 ceniaTbHOTO HaGOpY JMAHHX i3 aHOTaIiAMH. Bin
CKIIAJAEThCA 13 300pakenb pociuy y rpynTi. Hablp JaHHX CKIaJAcThCA 3

HiI[FOTOBKa 1400 306pakens 1013118 1 600 300paKkeHs NePEBIPKH.
MAHUX 10

Tl BEsBICHAS Oyp'AHIB BHKOPHCTOBYBaBCcsa HaOip mammx V2 Plant

Hp O B e I[GHH H Seedlings. ITeii Habip maHHX MIicTHTE 5539 300pakKeHs CXOMIB KYIBTYD i1

Oyp’sHiB. 300paKeHHSA 3TPYyIMOBaHI B 12 Ki1aciB, AK MOKA3aHO Ha MATIOHKAX
Bame. 111 K1acH NpeAcTaBIAIOTh MOMHPEH] BHH POCIHH Y CLIBCHKOMY

CKC HepHM eHTy rocrmofapeTsi Jlanii. Koker K1ac MicTHTE 306paxenss RGB, Aki MOKA3ylOTh
POCIHHH Ha Di3HHX CTagifxX pocTy. 300pajkeHHs] MAIOTh PI3HI PO3MIPH Ta
tbopmar PNG.

Jliis BHABTEHHA XBOPOO THCTA BHKOPHCTOBYBABCA HAGID JAHHX BHABIEHHT
3aXBOPIOBAHD JHCTA TOMATIB. Y JaHHX € DI3Hi BHIH XBOPOO JIACTA TOMATIE.
Haguansanii Habip gaEHx MicTaTh 10000 MiMeHAX 300paXKeHb, a JaHl
TeCTYBaHHA/OMIHKH MicTATE 1000 MiTeHHX 300paKeHb.

Bub1p MeTpuk Ta KpUTEp1iB NOPIBHAHHSA

@OVHKII BTpPaT - 00YHCIIFOE, HACKITBKA
TIPOTHOZN MOJIET BIIXUISIOTHCS BIJT
0a)KaHOTO Pe3yIBTATy. 3BOIUM JI0
MIHIMYMY (QYHKITIFO BTpAT I TAaC
HABYAHHS, MOJIENTh HABUAETHCS
KOPUTYBAaTH CBOI BHYTPIIIHL
TIapaMeTpH, o0 MOKPAIINUTH CBOIO
e(heKTHBHICTh ¥ BIKOHAHHI 3aBaHHA.

TouHICTE - CITIBBITHOIIEHHS
TPABHIBHO KITACH(pIKOBAHIX
300paKeHb J0 3aranbHOI KUTBKOCTI
300paskeHs. lle modpe mparroe 1A
30aTaHCORAHNX HAOOPIB JIAHUX, JIe BCi
KIIACH MAroTh TIPHOMI3HO OTHAKOBY
KUTBKICTE 3pa3KiB.




3aco0Ou NpoBEACHHS JI0CTIIKECHHS

[InanyBaHHS €KCIIEPUMEHTY

Jlna xnacH(ikanii 300paKeHs JA ITic7is 1BOTO, BHKOPHCTOBYHYMH
. . BHJBIEHHA Oyp sAHIB 1 XBOpPoO MH TecTOBHI Hablp JaHHX, MH
V HamoMy A0CTiKeHHI MHA iV : : e
HapIHIH Mogem VGGI19 i BHMIPATH TOYHICTB,

BHKOPHCTOBYBAIIH ITOTICPETHBO MobileNet.

eH31HHICTD, 3amaM’ ATOBYBaHHA
HABUeHY Mogemb YOLOVS gma L f:lc ot rormticrn ;[?m
BHABICHHS JTHCTA. OO6nBa eTamy HaBYaHHA EPEIHIO i - Man,
BHKOPHCTOBYBA/IH IOIEPEIHBEO (! OTpPHMaH1 I1T Yac TPEHIHTIB,

migrotosTeni Barn ImageNet. "% BinoGpakamucs Ha rpadikax.



Omuic mporpamMHoi peanizamii

# load a pre-trained yolovin model
model = inference.get roboflow modelimodel id="lettuce-wesd-4/1")

# run inference on chosen image
results = model. infer(
image,
confidence=0.1,
iou_threshold=0.0,
H
# load the results into the supervision Detections api
detections = sv.Detections. fram_inference(resulbs[0].dict(
by_alias=True,
exclude_none=True

n
train datagen = ImageDataGenerator(
rescale=1. [ 255,
validation split=0.2, # set the validation split
rotation range=15,
shear range=(0.2,
zoom_range=0.2,
width shift range=0.1,
height shift range=0.1,
horizental Flip-True)

base model = VGG19(

weights='imagenst',
include top=False,
input_shape=(224, 224, 3))

x = base model.output

x = GlobalAveragePooling2D () (x)

x — Dense (1024, activation—'zrelu') (x)

outputs = Dense(train generator.num classes,

activation='softmax') (x)

model = Model (inputs=hase model.input, ocutputs=cutputs)

opt = Nadam(learning rate=0.001)
model.compile (optimizer=opt,
loss='categorical crossentropy',
metrics=['accuracy'])
model.fit(
train_generator,
validation data=validation generator,
epochs=10,

verbose=1)

ApXITEKTypHa peanizaiis Ha OCHOB1 XOCTHHIOBO1

rwiargopmu AWS

Jl1s apXiTeKTypH NPHKIAIHOTO pilieHns 0y10 BHKOPHCTAHO CTHIL MIKPOCEPBICiB. AKHH 3a0e31eTye THYIKiCTh. 3pYHHICTh 00CAYTrOByBaHHA:,

MacmTaG0BaHICTE | MOXIIHBICTE e)eKTHBHOTO PO3MIIIEHHA B XMapi.

B AKOCTi XOCTHHIOBO1 IIAT(hOPMH GYI10
oGpano AWS Cloud.

J1 IOCATHEHHA BHCOKOT IPOXYKTHBHOCTI
Oymo BHOPAHO MYIBTHPETIOHATHHE

Po3ropradHf HOBOI CHCTeMH Mozke Oy TH
peatizoBaHO HUTAXOM CHHBO-3€7SHOTO
PO3TOPTAHHA.

TlpHKnajse pilieHES CKIAN3ETheA 3 KIIBKOX B33€MOINOB 933HHX MIKDOCEDEICIB, fKi NPAMIOOTE pasoM, mob sabesneunTn edexTusRe 3asaHTOKeHHS Ta
anamis dotorpadii. Koxen mikpocepsic BiIIOBifae 33 nepsmi Habip dymkuii 1 Moxe Oy pospobnennil, posropRYTHH 1 MacIITA00BaHHE HE3aNeXHO.

2 » 5 cay#ba KepyBaHHA
n-mepﬂn_mc 303::—1}.01‘0 obniKoBMMIT 3aTTHCAMIT
BOPHCTYR HOPUCTYREHIE

cayxba ananisy doTorpadift cmysxba iMmopTy/ercnopTy cmyxba CroBimeHs

3B’ 430K MK MIKpOcepBicaMH BHKOHaHHH Jepe3 API ab0 acHHXpOHHY Ilepeiady IOBiIOMIEHb
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Amnami3 pe3yisrariB po3Mi3HaBaHHs JIMCTS
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TlepmHM KPOKOM [0 IIePEHeCeHHA HABYAHHA € 3AMOPOKYBAHHA BCIX INAPIB 1 HABYAHHA JIHINE BEPXHIX INApiB.

Mogemi TpeHyBaTHCA Ha JECATH emoXax.

JIpYTHM KPOKOM € DO3MOpPOKYBaHHA 20 BEPXHIX IIApiB i MIrOHKA MOZET 3 MEHIIOK ITBHIKICTIO HABUAHHA.

Mozeni TpeHyBaIHCA Ha MATH erMoXax.

Images left to right: VGG 19 mepmrmit kpok. VGG 19 apyrait kpok. MobileNet neprmiit kpox, MobileNet apyruif Kpok.



AHaii3 pe3ylnbrariB Kiacudikailii 3aXBOpIOBaHb
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ITepmayM KpOKOM 0 IIepeHeceHHs T HABYaHHA € 3aMOPOKYBAHHSA BCIX INApiB 1 HABYAHHA JHIIE BEPXHIX INapis.
Mogeni TpeHYBaTHCA Ha JSCATH €I0XaX.

JIPYTHM KPOKOM € PO3MOpOoKyBaHHA 20 BepXHIX IIapiB 1 [IJrOHKA MOZET 3 MEHIIOK IIBHIKICTIO HABYAHHI.
Mogeni TpeHYBaTHCA Ha I'ATH emoXax.

Images left to right: VGG19 nepmmit kpok, VGG19 apyruit kpok. MobileNet meprmit xpok, MobileNet apyrui kpok.

[IpoaHami3yBaBIH Pe3yIBTATH HABTAHHS, MH AIITUTH BHCHOBKY, IO OOHABL
MOZIeNi MArTh BHCOKI IOKA3HHKH TOYHOCT] KIacHbiKaiii 0yp’ aHIB.

OJHAK MCTs eKCIIepHMeHTy 3 dhoTorpadiero, SKa MICTHTE 1 TAPOCTOK Oyp'amy, i
IIapOCTOK MOMIZIOpA, CTa€ O4eBHIHHM, 0 Mojxenb MobileNet gae xudHo
MO3HTHBHI pe3ynsTarH. 1] npobiieMa MokKe NPH3BECTH /10 HENPABHIBHOL
3arajibHOI poboTH knacupikaropa HNN.

[TopiBHSAHHS
KJacu(ikaropis

TaxwHii pe3yJIsTar MOKHA BBAKATH OUIKYBAHHM Uepe3 PIZHHI0 B KUTBKOCTI
TIapaMeTPIB MOTEIL.

FALSE TRUE RESULTS OF WEED CLASSIFIERS

Neural Network MNumber of Parameters Accuracy, % Weed Type

VGG19 143.7M 37.32% Black grass

MobileNet 4.3M 99.99% Black grass
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[TpoananizyBaBIIM pe3yibTaTH HABYAHHS, MOJKHA [TOOAYHTH,
mo monenb VGG 19 mae Bumry TouHICTh Knacupikaii
3aXBOPIOBAHb.

[{eif BHCHOBOK ITiATBEPXKEHO PE3yNIBTaTOM EKCIICPHMEHTY 3
K1acu(iKarlii JTHCTS MOMIIopa, YpakeHoTo XBopoboio
JTACTOBOI TLTiCHSBH.

[TopiBHSAHHS
KJ1acudikaTopin

RESULTS OF DISEASE CLASSIFIERS

Neural Network Number of Parameters Accuracy, % Weed Type
VGG19 143.7M 99.99% Leaf mold
MobileNet 4.3M 53.02% Leaf mold

Input:
tomato sprout
*  oTpHMaiiTe 306pasKeHHA THCTA

POCTHEH ado ypaxeHol JiTAHKH 2a

Pre-process image to

IOTIOMOTOI0 KAMEPH; YOLO model
- . requirements
*  [OMepeIHLO CTAHIAPTHIYHTE fioro
(opmar 105 BBeZIeHHS B Mozeni v
HelipOHHOI MepeKi;

Detect leaf via YOLO

* BHKOPHCTOBYHTe NOMepeIHBO HABISHY
Mozens YOLOVE 114 BHABISHHA THCTH;

Anroputm

* BHKOPHCTOBYHTe Momens VGG19,

Yes

HapdeHy 11 KiacHbikaniiGyp sHis 11 Is leal prasent i:;z:?c;f:“"
3 aCTO CyBaHHH BHABICHH: Gyp AHIB:
= *  OWiHITH pe3yIsTarTH KiacHiKauil, mod
KHaC H lKaTO p a BH3HAYHTH IPHCYTHICTH Oy sIHIB; i
- Perform disease Is a weed

* BHKOPHCTOBYHTe Momens VGGI19. classification

HapgeHy 1714 KracH(bikanii

3aXBOPIOBAHB;

- . 3% - Yes
* BHABIMHTe Ta KIacHQiKyiTe GyIb-axi %
Is a disease

3AXBOPIOBAHHA, ﬂpHCy’I’Hi}iﬂ JTHCTEAX, present

Send notification
“weed detecled

* o0 eqnafiTe pesynsTaTH KIacHbikamii
Gyp’AHIB ixBOp06, W06 MpHIMATH
oBIpyHTOBAHI PiIIEHHA MOIO 310pPOB S "
POCTHH 1 cTpaTerifl yIpaBIiHHA.

Send notification
"disease detected”




BucHOBKH

Henomkom mopem VGG19
€ 4aC HaBYaueT 33 rogmEn
T IOBHICTIO HABYEH0T
MOIEM KIACHEKAT
Byp sHE mroc 147 romuE
LI HOBHICTH) HABHYEHOT
MOJET KITaCHJHKATfT
XBOpob.

XAPAKTEPUCTHUKH HENPOHHITX MEPEX

Neural Number of

network Parameters

VGG19 143.7M
MobileNet 4.3M

JIAKYIO 3A YBATL'Y

Monems MobileNet
OpoNoHYe MEBHNNDH 93c
.5 ToOHH oA
TIOBEICTIO HABRTEHOI Mogem
KmacHpikaimi &yp sme
woc 31 rommsa gna
TOBHICTH) HABHEHOI MOJE
KnacHpiKani XBopob.

Application ET till 100 epoch,
size weed classification
549MB

16MB

disease classification
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Hybrid Neural Network Classifier for Detecting
Weeds and Plant Diseases in Greenhouses

Serhii Chaikovskyi
Department of Software
Engineering
Kharkiv National University of
Radio Electronics
Ukraine, Kharkiv, Nauka Ave, 14
serhii.chaikovskyi@nure.ua

Abstract — Greenhouse farming plays a crucial role in
satisfying the demand throughout the year, regardless of climatic
conditions. However, maintaining crop health in greenhouses is
critical and challenging. This paper is devoted to analyzing the
performance of a hybrid neural network (HNN) based classifier
for effective and timely detection of weeds and tomato diseases in
greenhouses. Each plant disease has unique features that can be
recognized and classified. It is also possible to analyze images of
plants in the early stages to detect weeds because weeds are usually
significantly different from varietal plants. Thus, we can
effectively analyze the condition and type of plants at each stage of
cultivation. HNN models can be used to optimize the resource
usage for growing a crop unit. It will also allow better monitoring
of plant health. In addition, early detection of discases will
significantly reduce the excessive use of agrochemicals.

Keywords — Hybrid Neural Networks, classifier, weeds
detection, tomate diseases.

1. INTRODUCTION

The cultivated tomato, Solanum lycopersicum L., is the
world’s most highly consumed vegetable due to its status as a
basic ingredient in many raw, cooked, or processed foods [1].
Tomato can be grown in various geographical zones in open
fields or greenhouses and can be harvested manually or
mechanically [1, 2]. Predominantly treated as an annual crop,
tomaio is of significant commercial reievance giobaily [3].

Although it's challenging to quantify global vegetable
production in greenhouses, some qualitative data can show
tomato production rates. For example, imports from Mexico in
2017 accounted for almost 84 percent (1.8 billion pounds) of the
greenhouse-tomato volume coming into the U.S. market.
Meanwhile, imports of Canadian greenhouse-grown tomatoes
have remained at about 300 million pounds [4].

Notably, investment in greenhouses continues to grow
especially due to the COVID [5]. For example, there was a
23.9% rise in hectares between 2015 and 2020 in Canada, which
led to greenhouse fruit and vegetable production capacity rising
to 1,809 hectares in 2020. As a result, tomatoes led to sales
growth of 12.1% [6].

The boom in greenhouse farming, however, is not devoid of
challenges. A critical area of concern is maintaining optimal

Sergey Smelyakov
Department of Software
Engineering
Kharkiv National University of
Radio Electronics
Ukraine, Kharkiv, Nauka Ave, 14
serhii.smeliakov{@nure.ua

crop health within these controlled environments [7]. More so,
given the new European Climate Law that imposes targets to
reduce the use and risk of chemical pesticides by 50% in 2030
[8], optimizing resource usage for each crop unit becomes
imperative.

Recognizing these challenges and driven by recent
technological advancements, this paper introduces an Al-driven
Hybrid Neural Network (HNN) classifier tailored for the
efficient detection of diseases and weeds in greenhouse tomato
cultivation [2, 5]. This Al-automated tool will help to make
disease and weed detection timely, cost-effective, and
environmentally friendlier.

The purpose of this work is to experimentally evaluate the
effectiveness of a Hybrid Neural Network Classifier to detect
diseases and weed growth in a tomato greenhouse.

II. EXPERIMENT PLANNING

A. Initial Data

To detect leaves and perform proper image cropping, 2000
images were sampled from the custom dataset with image
annotation. It consists of images of plants in the soil. The dataset
consists of 1400 train images and 600 validation images [9].

To detect weeds, the V2 Plant Seedlings Dataset was used.
This dataset contains 5,539 images of crop and weed seedlings.
The images are grouped into 12 classes as shown in the above
pictures. These classes represent common plant species in
Danish agriculture. Each class contains RGB images that show
plants at different growth stages. The images are in various sizes
and are in PNG format [10].

To detect leaf diseases, the Tomato leaf disease detection
dataset was used. The data has different types of diseases for
tomato leaves. The training dataset contains 10000 labeled
images and test/val data contains 1000 labeled images [11].

B. Selection of convolutional neural networks

The YOLOvS [12] CNN was chosen for leaf detection due
to its high speed, especially compared to RetinaNet [13], and its
ability to work with video files.
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YOLO or You Only Look Once is a very popular CNN
architecture that is currently used to recognize multiple objects
in an image. The main feature of this architecture in comparison
with others is that most systems apply CNN several times to
different regions of the image.

In YOLO CNN 1s applied once to the whole image at once.
The network divides the image into a grid and predicts bounding
boxes and the probability that there is a desired object in each
area. The advantages of this approach are that the network looks
at the whole image at once and considers the context in
identifying and recognizing the object. Similarly, YOLO is 1000
times faster than R-CNN and about 100x faster than Fast R-
CNN [14].

For weed and disease classification, we compared
technologies such as VGG19 and MobileNet.

VGG19 1s a variant of the VGG model, a Convolutional
Neural Network (CNN) architecture introduced by the Visual
Geometry Group from Oxford. VGG19 has 19 layers in total,
including 16 convolutional layers, which allows this network to
detect complex features in images. Specifically, the successive
convolutional layers in VGG19 can extract low-level features in
the initial layers, and more abstract, high-level features in the
deeper layers. This makes VGG19 particularly suitable for our
purpose of identifying subtle differences in the appearances of
various weeds and tomato leaf diseases [15].

MobileNet is characterized by its small size and low latency,
making it an attractive choice for applications that require rapid,
real-time processing. It employs ‘squeeze and excitation®
optimization and hard swish activation to achieve high
efficiency [16].

Both models were evaluated based on their computational
efficiency, classification accuracy, and robustness against
diverse and potentially challenging lighting, soil, and weather
conditions in greenhouse settings. The chosen classifier would
need to maintain high performance across all these parameters
to effectively identify weeds and diseases, thereby preventing
their spread and ensuring optimal crop health.

C. Metrics and comparison criteria

To measure the performance of the proposed HNN classifier
and the specific neural network models we will use several key
metrics and criteria designed to capture various aspects of
effectiveness and efficiency. Critical comparison criteria
included accuracy, precision, recall, and average precision.
Each of these metrics provides a different perspective on the
models' performance, and together they ensure a comprehensive
evaluation.

Accuracy is one of the most straightforward metrics. It
measures the proportion of correct predictions made by the
models. While it gives an overall idea of the model’s
performance, it does not differentiate between false positives
and false negatives, which leads us to precision and recall.

Precision 1s the ability of a model to identify only the
relevant objects. It is the percentage of correct positive
predictions and 1s given by [17].

TP

Precision = ————
AllDetections

1

True Positive (TP): A correct detection. Detection with
10U >= threshold. False Negative (FN): A ground truth not
detected [17, 18].

False Positive (FP): A wrong detection. Detection with
I0OU < threshold. Threshold: depending on the metric, it is
usually set to 50%, 75% or 95% [17, 18].

Recall or Sensitivity measures the proportion of actual
positives correctly identified. This is crucial for preventing
disease and weed spread.

TP

Recall = All Ground Truths

2

The Precision x Recall curve is used to evaluate the
performance of an object detector as the confidence is changed
by plotting a curve for each object class [17].

Average Precision (AP) is a numerical metric and can also
help us compare different detectors. In practice AP is the
precision averaged across all recall values between 0 and 1. The
general definition for the average precision is finding the area
under the precision-recall curve [19].

Tn=o(ns1 — 1)Pine erp(th + 1), (3)
where
Pint erp(m + 1) = max p(f)f".r"'zrn“, (4)

This is the measured precision at recall [20].

In this case, instead of using the precision observed at only
few points, the AP is now obtained by interpolating the precision
at each level, taking the maximum precision whose recall value
is greater or equal than . This way we calculate the estimated
area under the curve [19].

D. Experiment planning

In our research, we used the YOLOv8 pre-trained model to
detect leaves trained on the custom dataset [9].

For the image classification to detect weeds and diseases, we
trained VGG 19 and MobileNet models on the weed dataset [10],
and on the tomato disease dataset [11]. Both pieces of training
used pre-trained ImageNet weights.

After that, using the test dataset, we measured accuracy,
precision, recall, and average precision. The data obtained
during trainings were displayed on graphs.

E. Tools and sofiware

In our research, we used a Python programming language in
the PyCharm development environment. The YOLOvE model
was taken from the Roboflow Inference [20]. To train VGGI19

and MobileNet the TensorFlow [21] and Keras API [22] were
used. No video card was used upon training.
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III. EXPERIMENTAL RESULTS ANALYSIS

A. Leaf detection results

The YOLOv8 model was pre-trained to detect leaves and
perform proper image cropping, 2000 images were sampled
from the custom dataset with image annotation. As we can see
on the training curve, the training of the neural network has been
finished and further training does not make sense. The neural
network is ready to use.
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Fig. 1. Leaf detection training curves [9]

Below you can see the Precision, Recall, and Average
Precision curves (Fig. 2, Fig. 3, Fig. 4)
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Fig. 2. YOLOVS recall and precision curves [9]
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Fig. 3. YOLOVS average precision curve [9]

The YOLOvS8 showed high rates of image processing speed,
as well as the accuracy of leaf detection.

Fig.4. YOLOVS leaf detection [23]

B. Weed clasification results

The VGG19 and MobileNet models were trained for weed
classification on the V2 Plant Seedlings Dataset [10]. This
dataset contains 5,539 images of crop and weed seedlings. We
used pre-trained ImageNet weights. Training was performed in
two steps.

The first step to transfer learning is to freeze all layers and
train only the top layers. Models were trained on ten epochs.

Training time for the VGG19 model took at average 810
seconds per epoch with a total training time 3 hours for the first
step. Training time for the MobileNet model took at average 200
seconds per epoch with a total training time 30 minutes for the
first step.

The second step was to unfreeze top 20 layers and fit the
model using smaller learning rate. Models were trained on five
epochs.

Training time for the VGG19 model took at average 2050
seconds per epoch with a total training time 3 hours for the
second step. Training time for the MobileNet model took at
average 200 seconds per epoch with a total training time 30
minutes for the second step.
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Fig. 5. VGGI9 accuracy curve for the first step of the weed clasification
training [24]
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Fig. 6. MobileNet accuracy curve for the first step of the weed clasification
training [25]

After analyzing the training results, we concluded that both
models have high accuracy rates of weed classification.
However, after experimenting with a photo that contains both a
weed sprout and a tomato sprout, it becomes obvious that the
MobileNet model gives false positive results. This issue might
lead to incorrect overall work of the HNN classifier.

Fig. 7. Tomato sprout cropped from the original photo [28]

Keras 3 provides such data about models: MobileNet has 4.3
million parameters, and VGG19 has 143.7 million parameters.
Such a result can be consider as expected due to a difference in
the number of model parameters.

TABLE L FALSE TRUE RESULTS OF WEED CLASSIFIERS
Neural Number of
Network Parameters Accuracy, % | Weed Type
VGG19 143.7M 37.32% Black grass
MobileNet 43M 99.99% Black grass

C. Disease clasification results

The VGG19 and MobileNet models were trained for tomato
disease classification on the Tomato leaf disease [11] detection
dataset was used. This dataset contains 10000 labeled images
and test/val data contains 1000 labeled images. We used pre-
trained ImageNet weights.

The first step to transfer learning is to freeze all layers and
train only the top layers. Models were trained on ten epochs.

Training time for the VGG19 model took at average 4700
seconds per epoch with a total training time 13 hours for the first
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step. Training time for the MobileNet model took at average
1100 seconds per epoch with a total training time 3 hours for the
first step.
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Fig. 8. VGGI19 accuracy curve for the first step of the disease clasification
training [26]
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Fig. 9. MobileNet accuracy curve for the first step of the disease clasification

The second step is to unfreeze top 20 layers and fit the model
using smaller learning rate. Models were trained on five epochs.

Training time for the VGG19 model took at average 12000
seconds per epoch with a total training time 17 hours for the
second step. Training time for the MobileNet model took at
average 810 seconds per epoch with a total training time 1 hour
for the second step.

After analyzing the training results, we can see that the
VGG 19 model has higher accuracy rate of disease classification.

This conclusion was confirmed by the result of an
experiment on the classification of a tomato leaf affected by the
leaf mold disease.



Fig. 10. Tomato leaf with leaf mold disease [29]

TABLE IL RESULTS OF DISEASE CLASSIFIERS
Neural Number of .
Network Parameters Accuticy,™ | "Wieed Type
VGGL19 143.7M 99.99% Leaf mold
MobileNet 43M 53.02% Leaf mold

IV. APPLICATION ALGORITHM

Considering the results of our research, we can deduce an
instruction to effectively utilize the HNN classifier. We outline
a step-by-step algorithm to leverage this Al technology for
effective leaf detection, weed classification, and disease
identification. The aim is to provide a comprehensive guide that
can be followed to use the HNN classifier for plant health
diagnosis and subsequent decision-making. This process
involves several stages, including image acquisition, pre-
processing, leaf detection using the YOLOvVS model, weed and
disease classification using the VGG19 model, and finally,
combining these results to make informed decisions about plant
health management. The algorithm also emphasizes the
importance of continuous model refinement for improved
accuracy and performance.

The suggested algorithm of the HNN classifier application
will be depicted later in this section.

A. Leaf detection

Obtain an image of the plant leaves or affected area of
interest using a camera or other imaging devices.

Pre-process the acquired image to enhance its quality and
standardize its format for input into the neural network models.
This may involve resizing, normalization, and other relevant
techniques to ensure consistency in the input data.

Utilize the pre-trained YOLOv8 model for ieaf detection.
The model automatically identifies and crops out the regions
containing leaves from the input image, facilitating further

analysis.

B. Weed classification

Employ the VGG19 model trained for weed classification.
Pass the cropped leaf images into the models. The VGG19
model is particularly suited for detailed feature extraction.
Evaluate the classification results to identify any presence of
weeds.

C. Disease classification

Employ the VGG19 model trained for disease classification.
Detect and classify any diseases present on the leaves by feeding
the cropped images into the models.
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D. Finall decision

Combine the results from weed and disease classification to
make informed decisions regarding plant health and
management strategies.

Continuously update and refine the models based on new
data and feedback from real-world applications to improve their
accuracy and performance over time.

Input:
tomato sprout

Pre-process image to
YOLO model
requirements

v

Detect leaf via YOLO

No Yes

Is leaf present Perform wged

classification
E No
Perform disease Is a weed
classification
Yes
Is a disease L4

present

Send notification
"weed detected”

Yes

4
v

Send notification
"disease detected”

Fig. 11. Suggested application algorithm [30]

V. CONCLUSION

Based on the results of our research, the following main
conclusions can be drawn.

In our research, we experimentally analyzed the most
modern neural network models for solving problems such as leaf
detection, weed classification, and tomato disease classification.

For leaf detection, we used a custom dataset and a pre-
trained YOLOvV8 model [9].



We used the weed dataset [6] for weed classification and the

tomato discase dataset [11] for tomato disease classification.

VGG19 and MobileNet models were selected as candidates

for weed classifiers. Models were trained with pre-trained
ImageNet weights.

After trainings, we compared VGG19 and MobileNet

models' accuracy for weed and tomato disease classification
tasks.

The VGG19 model showed a high accuracy rate in weed

prediction and disease classification tasks. The average rate for
the VGG 19 model on the disease classification task was 99.99%.
The VGG19 model showed a low rate of false true results in the
task of weed prediction - 37.32% for a test set of images. A
downside of the VGG 19 model is its training time - 33 hours for
the fully trained weed classification model plus 147 hours for
the fully trained disease classification model.

On the other hand, the MobileNet model offers faster

training time - 5.5 hours for a fully trained weed classification
model plus 31 hours for a fully trained disease classification
model. The MobileNet model might be more suitable for
resource-constrained environments due to the smaller size of the
application - 16MB [31] compared to 549MB [31] for the
VGG19 application. A downside of the MobileNet model is its
high rate of false true results in the weed classification task -
99.99% for the test set of images. Also, the MobileNet model
showed an insufficient accuracy in disease detection tasks -
53.02% on average compared to 99.99% for VGG19.

Since each model has its advantages and disadvantages,

depending on the conditions of use, we should use the
appropriate model. Use the VGG19 model when there are no

resource constraints.

For resource-constrained environment

cases, it is possible to use the MobileNet model.
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