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Abstract. A fruit-growing is an important branch of agriculture for various reasons. Fruits provide
essential nutrients and vitamins to our diet, and they are also a significant source of income for fruit-
growers. To improve the efficiency of fruit cultivation, we trained a pear detection neural network with
YOLOV5 architecture using a dataset from the project 1zp-2021/1-0134. The dataset contained 1273
photographs of pear trees with image sizes 640x640px. We had trained the neural network model
YOLOv5m five times and achieved the best result equal to mMAP@0.5 0.8 and mAP@0.5:0.95 0.43. The use
of artificial intelligence in fruit cultivation can help to optimize the planning of fruit picking, contributing
to the precision horticulture.
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levads

Auglkopiba ir svariga daudzu iemeslu d&]. Augli ir veseligi un barojosi partikas produkti,
kuri nodroSina miisu organismam nepiecieSamus vitaminus Un mineralvielas. Turklat, augli ir
svarigs ekonomikas un tirdzniecibas nozares produkts, nodroSinot darbavietas miljoniem
cilveku visa pasaulé. Augli ir arT iecienits un populars partikas produkts, ko patere cilveki visa
pasaulé, tad€jadi veicinot tirdzniecibu un ekonomisko izaugsmi.

Bumbieru razas prognozesana lielos komercialos darzos varbit sarezgits un laikietilpigs
process, jo prasa precizu un detaliz€tu datu vakSanu, analizi un interpretaciju. Maksliga
intelekta (MI) izmantoSana var ievérojami vienkarSot So procesu, jo pielietojot MI var
automatiski apsekot darzu un saskaitit auglu daudzumu konkrétas darza rindas un kvartalos.
Tadgjadi, darzkopji var ieglt precizus datus par bumbieru razu, kas palidz&s optimizét
auglkopibas procesus un veicinat efektivu resursu izmantoSanu. Turklat, M| izmantoSana var
bt arf izdeviga no ekonomiska viedokla, jo ietaupits laiks un resursi var biit novirziti citiem
uzdevumiem, kas var paaugstinat auglkopibas procesa efektivitati un rentabilitati.

Neironu tikli ir viena no aktualakajam un strauji attistitajam tehnologijam misdienu
datorzinatng€, kas sp€ apstradat un interpretét datus daudzas jomas, tostarp vieda
lauksaimnieciba. Saja raksta tiek apskatita neironu tiklu pielieto§ana bumbieru saskaitisanai
darzos.

Pétijuma mérkis: apmacit YOLOv5m neironu tikla modeli, kas spgj meklét bumbierus
darza fotografijas.

Uzdevumi:

1) sagatavot datu kopu neironu tikla apmaciSanai;
2) apmacit neironu tiklu, pielietojot YOLOVS;
3) novértét apmacitu neironu tiklu bumbieru atpazisanas kvalitati.
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Materiali un metodes

Lai  apmacitu  YOLOvVS5 neironu  tiklu, tika izmantota datu  kopa
no projekta Izp-2021/1-0134. Datu kopa sastav no 1273 att€liem ar izméru 640x640 punkti,
kuros redzami koki ar bumbieriem. Anotaciju veikSanai tika izmantotas robezkastes (bounding
boxes). Attéli un YOLOV5 anotacijas faili tika augSupieladéti viena mapg, lai tos varétu nejausi
sakartot, izmantojot Python skriptu, trijas mapés. Apmacibai ir vajadzigas divas mapes:
trenéSanas un validacijas kopas; un viena mape — neironu tikla testéSanai. Piemérs ar diviem
att€liem no datu kopas ir redzams zemak (skat. 1. att.).

1. attels. Attelu pieméri no datu kopas

Neironu tiklu apmacisanai tika izmantoti $adi riki un tehnologijas — MakeSense [1],
YOLOV5 [2], Python, dators ar NVIDIA videokarti, kas atbalsta CUDA [3] tehnologiju. Ieprieks
sagatavota datu kopa tika nejausi sadalita trijas map@s ar attiecibu 70%, 20% un 10%.
Sadalijums nepieciesams, lai apmacitu un p&c tam parbauditu modela atpaziSanas kvalitati.

Nakamais solis bija apmacit neironu tiklu ar YOLOv5m modeli, izmantojot personigo
datoru un pielietojot GPU (Graphics Processing Unit) skaitlosanu. Lai apmacitu YOLOV5
neironu tiklu, tika veiktas $adas darbibas: instalétas YOLOV5 pakotnes (atkaribas), import&ta
datu kopa, definéta modela konfiguracija un arhitektiira, apmacits YOLOv5m modelis,
novertéta YOLOV5M veiktspgja, vizualizéti neironu tikla treninu dati, parbauditi trenini ar testa
att€liem un eksportéti rezultati turpmakiem Secinajumiem. Lai ieglitu precizakus trenina
rezultatus, visas §1s darbibas tika veiktas 5 reizes, katru reizi izmainot trenéSanas, validacijas
un parbaudes kopas.

Rezultati un to izvertejums
Lai nodroSinatu precizitati, neironu tiklu apmacibu veica piecas reizes, lai varétu vélak
novertet tas efektivitati un izveleties labaku rezultatu. Peéc katras apmacibas més sanémam
grafikus ar atSkirigiem rezultatiem. Lai turpmak veiktu aprékinus, mes saglabajam testa
grafikus, jo tie satur nepiecieSamo informaciju, lai novertétu cik labi tika pamacits neironu tikls.
Zemak ir paraditi labakie apmacibu rezultati (skat. 2. att.).
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2. attéls. Apmacibas rezultati: labakais gadijums
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Attela ir Cetri grafiki ar zaud&juma un precizitates funkcijam.

Zaudgéjuma funkcijas:

e val/ box_loss — kluda, ka lauka prognoze nosedz objektu neprecizi;

e val/obj _loss — klida no nepareizas loU (Intersection over Union) prognozes
prieks robezkastes. loU méra parklasanu starp divam robezam. Tas tiek izmantots, lai
izmeritu, cik stipri atrasta objekta robezas parklajas ar gaiditajam robezam.

Precizitates funkcijas:

e MAP (mean Average Precision) salidzina pamata patiesibas robezkastes ar noteiktu
lauku un aprékina videjo rezultatu. Jo augstaks raditajs, jo precizaks ir modela
noteikSanas spgja.

e MAP@O0.5-jaloU iriestatits uz 0,5, tiek aprékinata vidgja precizitate visiem attéliem,
un tad tiek aprékinats visu kategoriju vid&jais raditajs (mAP). Vidgja precizitate ir
populara metrika objektu detektoru precizitates mérisanai. Tas aprékina vidgjo
precizitates vertibu diapazona no 0,0 Iidz 1,0;

e MAP@0.5:0.95 — izteic vidéjo mAP pie dazadam loU vértibam (no 0,5 lidz 0,95 ar
soli 0,05) [4].

Lai saprastu, cik labi modelis atpazist objektus, un piefiksétu precizitati, p&tijumos

izmantosim mMAP@ 0.5:0.95 maksimalas vertibas. Zemak var redzet tabulu ar
MAP@0.5:0.95 maksimalam vértibam no visam 5 apmacibam (skat. 1. tab.).

1. tabula
MAP@0.5:0.95 maksimalas veértibas péc katras apmacibas
Nr 1 2 3 4 5
mAP@0.5:0.95 |  0,39382 0,41422 0,41546 0,41949 0,43243

Izmantojot veértibas no tabulam, més noteiksim minimalo vértibu, maksimalo vértibu,
vidgjo veértibu un medianu, lai izteiktu izv€l&ta risinajuma (YOLOvV5m) kvalitati.
Lai batu vieglak atrasts minimalo vértibu, maksimalo vértibu un medianu, vértibas 1.
tabula bija sakartotas augosa seciba.
Péc vertibu sakartosanas varam secinat, ka:
e Minimala mAP@ 0.5:0.95 vertiba — 0,39382,;
e Maksimala mAP@ 0.5:0.95 vértiba — 0,43243.
Mediana tiek aprékinata pielietojot nepara skaitla formulu (1), iegistot rezultata vertibu —
0,41546.

n+1

Mezx[2 ,

kur X — sakartots vertibu saraksts; n — vertibu skaits datu kopa.
Lai atrastu vidgjo veértibu izmantojam nepiecieSamo formulu (2) un iegtistam rezultatu —
0,415084.

)

X1+Xo++Xp

v = Bt @)

kur x — vertiba no kopas X, n — vertibu skaits kopa X.

Beigas, lai parbauditu cik labi strada apmacitais neironu tikls, tika pielietota vizuala
metode. Pielietojot apmacito neironu tiklu, tika apstradatas bildes. Parskatot att€lus, mes
pamanijam, ka dazos att€los neironu tikls atzim&ja bumbierus kur drosi nevar pateikt ka tur ir
bumbieris, ka arT ne loti precizi uzzimétas robezas. Piemeru ar sadiem att€liem var apskatit
zemak (skat. 3. att.):
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3. attéls. Bumbieru atpaziSanas piemeérs, pielietojot apmacito neironu tiklu

Secinajumi

Izmantojot MakeSense riku, personigo datoru ar NVIDIA videokarti, kura atbalsta
CUDA tehnologiju, tika apmacits YOLOv5m neironu tikls, kas sp&j meklét bumbierus darza
fotografijas. Eksperimenta tika izmantota datu kopa no projekta Izp-2021/1-0134 ar 1273
att€liem.

Katras apmacibas beigas sanemam grafikus ar zaudejuma un precizitates funkcijam,
bet p&tijuma, lai fiksétu modela precizitati, izmantojam MAP@0.5:0.95 maksimalo veértibu.
Pétljuma rezultata tika iegitas 5 dazadas vértibas, kur minimala vértiba bija 0,39382 un
maksimala vertiba bija 0,43243. Tapat, izmantojot formulas, tika atrasta mediana — 0,41546
un vidgja vertiba — 0,415084. 1zmantojot YOLOVS5 iebuvétu skriptu neironu tikla parbaudei
un testa attelus, tika parbaudita labaka neironu tikla noteiksanas precizitate, kur neironu tikls
méginaja atrast bumbierus uz bumbieru koka. Izp&tot $0s attelus, més Secinajam, ka dazos
attelos neironu tikls atrada bumbierus, kur to nav, dazas — atrada, bet ne loti precizi iezZimgja
bumbieru robezas. Bet tomér vairumam atrada un iezimé&ja diezgan precizi, kas protams ir
subjektivs viedoklis.

Verts pieminét, ka modela precizitati var uzlabot dazados veidos. Viens no tiem,
atbildigaki atteikties pret robezkastu zim&Sanu. Arf ir verts palielinat datu kopas apjomu un
fotografijas kvalitati. Protams tas viss palielinas gan cilvékresursus gan skaitloSanas jaudu.

Summary

Growing fruits is crucial to the world's food supply and overall health. Fruits provide
essential vitamins, minerals, and fiber that are necessary for a healthy diet. In addition, fruits
are a significant source of income and employment for many communities around the world.
Forecasting the yield of fruit crops, such as pears, is a challenging task due to the large scale
of their cultivation and the complex interactions between various environmental factors.

Using neural networks to detect fruits on trees involves training the network with
images of trees and their fruits. The network can then use computer vision techniques to
recognize and count fruits based on their shape, size, color, and texture. The use of artificial
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intelligence can be particularly useful for large-scale orchards, where manual counting of
fruits on trees can be time-consuming and labor-intensive. In this article, we explored the
possibility of using YOLOV5 neural network to detect pears in orchards.

A neural network, YOLOv5m, has been trained on a dataset from the project
Izp-2021/1-0134. The dataset contained 1273 images. In these photographs, we marked each
pear using the MakeSense image annotation tool. The training was conducted on PC with an
NVIDIA graphics card that supports CUDA technology. This approach allowed us to train
the neural network to identify pears in images with average accuracy, which can be useful
for large orchards to complete yield forecasting. The use of machine learning technologies
like YOLOVS5 is a significant step forward in the automation of agricultural processes and
can greatly benefit the industry by improving efficiency and productivity.

After each training, we obtained graphs with loss and accuracy functions, but in the
research, we use the maximum values of mMAP@0.5: 0.95, because this value helps to capture
the accuracy of the model. As a result of the research, 5 different values were obtained, where
the minimum value was 0.39382 and the maximum value was 0.43243. Also, using the
formulas, a median of 0.41546 and mean of 0.415084 were found.

While analyzing the test results, it was discovered that in some images, the neural
network detected pears where they were not presented, while in others, it detected them but
did not mark their boundaries correctly. However, for the majority of the images, it detected
and marked the pears with a relatively high level of accuracy.
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