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Abstract. 40% percent of crops are lost every year due to plant diseases. It is physically difficult for people to
detect plant diseases in large-scale fields, especially at an early stage. The paper deals with the YoloV5 neural network
training using different technologies. The neural network is trained to classify plant species and their diseases using
photographs. The open access dataset PlantDoc was used for training. PlantDoc provides 2,569 images of 13 plant
species and 27 classes for image classification and object detection. For the purity of the experiment, training was
performed 10 times without changing the parameters. As a result of each training, we had obtained testing data on which
we could draw conclusions.
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Ievads

Augu produktiem ir liela loma pasaulé, un tie vienmer bis loti pieprasiti. Kultiiraugu
aizsardziba pret augu slimibam vienmer ir aktuala, jo slimibu d€] tiek zaudg&ts liels razas daudzums,
liels skaits augu iet boja, ka rezultata tiek zaudeta liela nauda. Saskana ar 2021. gada datiem, katru
gadu augu slimibas pasaules ekonomikai izmaksa vairak neka 220 miljardus dolaru, jo tiek zaudéti
40% no pasaules razas [1]. Visam $im slimibam ir plasas ekonomiskas, socialas un vides sekas.
Savlaiciga augu slimibu atklasana joprojam ir izaicinajums lauksaimniekiem. Lai atklatu slimibas,
pat ne agrina stadija, ir vajadzigs daudz laika un daudz cilvéku piilu. Un ne vienmér cilvéka acs var
pamanit slimu augu, it Tpasi, ja nepiecieSams izpétit liela méroga lauku.

Neironu tikli pédéjo desmit gadu laika ir guvusi lielus panakumus, un tagad tos izmanto
dazadas nozar€s. Neskatoties uz to, ka parasti neironu tikli nerisina problému kopuma, tiem ir daudz
priekSrocibu, pieméram, tie palidz mums klasificét un grupét. Bet ir arT trilkumi, piem&ram, lielu
neironu tiklu apmaciba aiznem daudz laika, un precizitates paaugstinasanai javeic vairaki eksperimenti
un neironu tikla ttinings.

Saja raksta més p&tam iesp&ju izmantot maksligo intelektu, lai, izmantojot fotografijas, noteikt
augu sugas un augu slimibas. Sp&ja atpazit augu slimibas palidz€s noteikt augu slimibas agrinas
stadijas, kas palidz€s lauksaimniecibai laikus izarsté€t augu un nezaud€t razu. Lai precizi noteiktu
slimibas, nepiecieSama augstas izSkirtsp&jas fotografija. Lai gan Sobrid gandriz visam kameram ir
iespéja uznemt sadu fotoattelu, datu kopa ir fotografijas ar dazadu izSkirtsp&ju, apgaismojumu un ar
dazadiem fona troksniem, kas uzlabos neironu tikla slimibu atpaziSanu.

Pétijuma merkis: izstradat neironu tiklu, kas sp&j meklét augu slimibas fotografijas.
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Uzdevumi:

1) sagatavot datu kopu neironu tikla apmacisanai;

2) apmacit neironu tiklus;

3) noveértet apmacttu neironu tiklu atpaziSanas kvalitati.

Materiali un metodes

Lai apmacitu YoLoV5 neironu tiklu, tika izmantota datu kopa ar nosaukumu PlantDoc, ko
publicgjusi Indijas Tehnologiju institlta pétnieki [2]. Datu kopa sastav no 2569 attéliem, kuros
redzamas 13 augu sugas un 27 augu klases (17 slimas un 10 veselas). Ka anotacijas tips tika izmantota
robezkaste jeb Bounding Box. Failos ar nosaukumu _annotations ir 8851 augu lapu mark&jumi (labels)
[3], kas norada, kur atrodas auga lapa un kada suga un slimiba tai ir. Attéli ir ieprieks sakartoti divas
mapgs - apmacibai un parbaudei, bet, lai apmacttu neironu tiklu, ir vajadziga vél viena mape — derigs.
Atteli tika augSupieladeti viena mapg, lai vélak, izmantojot Roboflow riku, tie automatiski sadalitos
tris mapés. Piemérs ar trim att€liem no datu kopas ir redzams zemak (skat. 1 att.).
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1. attels. Pieméri no PlantDoc datu kopas

Neironu tiklu apmacisanai tika izmantoti $§adi r1ki un tehnologijas — RoboFlow, Google Colab
(GPU), YoLoV5, Python. Sakuma tika lejupieladéta iepriekS aprakstita PlantDoc datu kopa, kas
atrodama Roboflow vietn€. Pielietojot RoboFlow riku [4], tika izveidots projekts ar anotacijas tipu
- objektu mekléSana (Object Detection jeb Bounding Box), kura tika augSupieladéta PlantDoc datu
kopa. AugSupieladgjot attélus, tika mainits train/valid/test (trenins/derigs/parbaudijums) sadalijums
(train - 70%, valid — 15%, test — 15%), jo datu kopa nebija nepiecieSamos neironu tiklu apmacibai
“valid” att€lu. Sadalijums nepiecieSams, lai apmacit, un péc tam parbaudit modela veiktsp&ju.
Projekta tika izveidota jauna versija, kura bija augmentéta, pievienojot §adus parametrus: pagrieziens
vertikali un horizontali, 90° rotacija pulkstena kustibas virziena, pretgji pulkstenraditaja virzienam un
augSpédus, papildu rotacija no -25° Iidz +25° un bide £15° horizontali un +15° vertikali. Lai trenina
rezultats bitu labaks, augmentéta versija tika palielinata tris reizes. Kad versija tika uzgeneréta, ta
tika eksporteta YoLoV5 PyTorch formata, lai turpmak izmantotu neironu tiklu apmaciba.

Nakamais solis bijaapmacit YoLo V5 [5] neironu tikla modeli, izmantojot Google Colab vidi[6],
pielietojot GPU (Graphics Processing Unit) skaitloSanu. Kodols YoLoV'5 tika pielietots apmaciSanas
laika. Lai apmacitu YoLoV5 neironu tiklu, tika veiktas §adas darbibas: instalétas YoLoV5 pakotnes
(atkaribas), importéta datu kopa, definéta modela konfiguracija un arhitekttra, apmacits YoLoV35,
noveértéta YoLoV5 veiktsp&ja, vizualizéti YoLoV'5 treninu dati, parbauditi trenini ar testa att€liem un
eksportéti YoLoV5 rezultati turpmakiem secinajumiem. Lai iegiitu precizakus trenina rezultatus, visas
S1s darbibas tika veiktas 10 reizes.

Rezultati un to izvertejums
Lai velak piefiksétu precizitati, neironu tiklu apmaciba tika veikta 10 reizes. Péc katras
apmacibas mes sanémam grafikus ar dazadiem rezultatiem. Turpmakajiem aprékiniem mes saglabajam
testeSanas grafikus, jo Sie grafiki satur mums nepiecieSamus datus. Zemak ir paraditi labakie apmacibu
rezultati (skat. 2 att.). Att€la var redzet piecus grafikus ar zaud&juma un precizitates funkcijam.
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Klidu funkcijas:
e val Box — kliida, ka lauka prognoze nosedz objektu neprecizi;

e val Objectness — kluda no nepareizas loU (Intersection over Union) prognozes prieks
robezkastes. JoU méra parklasanu starp divam robezam. Tas tiek izmantots, lai izméritu, cik

stipri atrasta objekta robezas parklajas ar gaiditajam robezam;
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2. att€ls. Labako apmacibas rezultatu grafiki

mAPE0.5:0.95

e val Classification — klida, kas radusies novirzes no prognozeésanas “1” pareizajam klaseém un
“0” visam pargjam klasém objektam Saja lauka.

Precizitates funkcijas:

mAP (mean Average Precision) salidzina pamata patiesibas robezlauku ar noteiktu lauku un vid€jo
rezultatu. Jo augstaks raditajs, jo precizaks modelis ir ta noteikSana.
e mAP@0.5 -jaloUiriestatits uz 0,5, tiek aprékinata vid€ja precizitate katras kategorijas visiem
atteliem, un tad tiek aprékinats visu kategoriju vidgjais raditajs: mAP. Vidgja precizitate ir
populara metrika objektu detektoru precizitates merisanai. Tas aprekina vid€jo precizitates
vertibu atsauksmes veértibai no 0 Iidz 1;

o mAP@0.5:0.95 — parstav vidéjo mAP pie dazadiem loU limitiem. (no 0,5 lidz 0,95 ar soli
0,05) [7].

Lai saprastu, cik labi modelis atpazist objektus, un piefiks€tu precizitati, p€tijumos izmantosim
mAP@ 0.5:0.95 maksimalas veértibas. Zemak var redzét tabulu ar m4AP@ 0.5:0.95 maksimalam
vertibam no visam 10 apmacibam (sk. 1. tab.).

1. tabula
mAP@ 0.5:0.95 maksimalas vértibas péc katras apmacibas
£ 1 2 3 4 5 6 7 8 9 10
s
é 0,292 | 0,196 | 0,293 | 0,304 | 0,198 | 0,211 | 0,293 | 0,194 | 0,284 | 0,198
&

Izmantojot vertibas no tabulam, m&s noteiksim minimalo vertibu, maksimalo vértibu, videjo

vertibu un medianu, lai izteiktu izv€l&ta risinajuma un apmacibas procesa kvalitati.

Lai buitu vieglak atrastu minimalo v&rtibu, maksimalo vertibu un medianu, sakartosim vertibas
augosa seciba (sk. 2. tab.).

2. tabula
mAP@ 0.5:0.95 maksimalas vértibas augosa seciba
201 2 3 4 5 6 7 8 9 10
=
é 0,194 | 0,196 | 0,198 | 0,198 | 0,211 | 0,284 | 0,292 | 0,293 | 0,293 | 0,304
o




P&c vertibu sakartoSanas varam secinat, ka
e Minimala mAP@ 0.5:0.95 vértiba — 0,194;
e Maksimala mAP@ 0.5:0.95 vértiba — 0,304.
Mediana tiek aprékinata pielietojot nepara skaitla formulu (1), iegiistot rezultata veértibu — 0,248.
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Me= , kur (1)

2

X — sakartots vertibu saraksts;
n — vertibu skaits datu kopa.
Lai atrastu vid€jo vertibu izmantojam nepiecieSamo formulu (2) un ieglistam rezultatu — 0,246.

_ XXt X, kur 2)
n
x — vertiba no datu kopas;
n — vertibu skaits datu kopa.
Izp&tot visus attelus, kas tika augSupieladeti, lai parbauditu vislabak apmacito neironu tiklu,
mes pamanijam, ka dazos att€los neironu tikls neatklaja lapas, dazos atklaja nepareizu augu sugu vai
slimibu. Piem@rs ar $adiem att€liem ir redzams zemak (sk. 3. att.).
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3. attéls. Ar neironu tiklu pareizi identificéti atteli

Secinajumi

Izmantojot Roboflow riku un Google Colab vidi, 10 reizes tika apmacits YoLoV5 neironu
tikls, kas atpazist augu lapu sugas un slimibas p&c fotografijam. Apmacibam tika izmantota interneta
publiceta datu kopa PlantDoc, kas sastav no 2569 attéliem. Pec katras apmacibas sanémam grafikus ar
zaud@juma un precizitates funkcijam, bet petijuma izmantojam mAP@0.5:0.95 maksimalas vertibas,
jo §1 vertiba palidz piefiksét modela precizitati. PEtTjuma rezultata tika iegutas 10 dazadas vértibas,
kur minimala veértiba bija 0,194 un maksimala vertiba bija 0,304. Tapat, izmantojot formulas, tika
atrasta mediana — 0,248 un vidgja vertiba — 0,246. Izmantojot Google Colab piezimju gramatu un
testa att€lus, tika parbaudita labaka neironu tikla noteikSanas precizitate, kur neironu tikls méginaja
noteikt augu lapu sugas un slimibas. [zp€tot Sos att€lus, me&s secinajam, ka dazas att€los neironu tikls
neatklaja lapas, dazas — atklaja nepareizi, bet dazas pareizi atklaja gan augu sugu, gan slimibu.

Verts pieminét, ka modela precizitati var uzlabot, palielinot versiju nevis tris reizes, bet vairak.
Bet tam ir truikums, neironu tikla apmaciba prasis daudz vairak laika un resursu.
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Summary

Food products will always have an important role in the world. Farmers still face the problem
of plant diseases and end up losing a large amount of their crops, along with money. The human eye
is unable to detect plant diseases in the early stages, especially if these are large fields.

Nowadays, neural networks have made great progress and are used in a wide variety of
industries. With the help of neural networks, it is possible to recognize and classify images, but for
this you need to spend a lot of time on training. In this article, we explored the possibility of using
YoLoVS5 artificial intelligence to identify plant species and plant diseases from photographs.

To train the neural network, we used the Google Colab environment and the PlantDoc dataset
uploaded to Roboflow, which was available for free on the Internet. The data set has 2569 pictures.
A project was created in Roboflow, where all the pictures were uploaded, and a new version was
created in it, which was later augmented. To make the result better augmented version was increased
by 3 times. Using the Google Colab environment, where the Roboflow project was added, the neural
network was trained 10 times.

After each training, we obtained graphs with loss and accuracy functions, but in the research,
we use the maximum values of mAP@0.5: 0.95, because this value helps to capture the accuracy of
the model. As a result of the research, 10 different values were obtained, where the minimum value
was 0.194 and the maximum value was 0.304. Also, using the formulas, a median of 0.248 and
average of 0.246 were found. Using Google Colab’s notebook and test images, the best accuracy of
neural network detection was tested, where the neural network tried to detect plant leaf species and
diseases. Examining these images, we found that in some images, the neural network did not detect
the leaves, in some, it detected incorrectly, and in some, it detected both the plant species and the
disease correctly.
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