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Momusayusa u yenw: IlmeHnna — 3To BayKHasi CEIbCKOX03HCTBEHHAS KYJIbTYpa, KOoTopas
SIBIIIETCS. OJJTHUM M3 OCHOBHBIX MPOAYKTOB MHUTaHHA. KOMHYeCTBO KOJOCKOB B KOJOCE
pacTeHus SIBISICTCA 3HAYMMBIM MPU3HAKOM IPU CEJIEKIUH IMIIEHUIBI, TOCKOJIBKY 3TO
CBOMCTBO HEIMOCPEICTBEHHO CBA3aHO C YpokahHOCThIO. IloMHMO KoJauuecTBa
KOJIOCKOB, X B3aIMHO€ PACIIOJIOKEHHE TaKXKe MOXKET UMETh OMOJIOrHYecKoe 3HAUCHHe.
Lenp paboTel 3akirodaeTcss B pa3paboTke TOYHOTO W A(P(EKTHBHOTO METOoAa It
aBTOMAaTHYECKOT0 OOHApYXeHHS W TOJCUeTa IEHTPOB KOJOCKOB mmieHUIBl Ha RGB
N300paKEHUSIX KOJIOCA.

Memoowvr u ancopummer: B pamMkax ITaHHOTO HCCIEIOBaHUS OBUIM PAcCMOTPEHBI
HECKOJBKO IOAXOAOB K PELICHHIO IIOCTAaBJICHHOW 3amadn: 1) UCHosb30BaHHE
HelipoHHOU cetu ¢ apxutekrypoii YOLO [1], ¢ orpaHMuYMBaronMMHu KBajpaTaMH C
(DUKCHUPOBaHHOH JAJMHOM CTOPOHBI, B IICHTPE KOTOPHIX HAXOJMINCH LIEHTPBI KOJIOCKOB;
2) UCTIONIb30BaHMEe HEHWpoHHOW cetn ¢ apxutektypoir U-Net [2], oOydeHHoit Ha
OMHApHBIX MacKaX C MCIIOJIb30BaHUEM OMHApHON Kpocc-3HTporuu [3]; 3) ucrmons3oBa-
HUe HeWpOoHHOU ceTn ¢ apxuTekrypoir U-Net, o0yueHHOH Ha Mackax M3 HOPMaIBHOTO
JIBYMEPHOTO pacrpeeNieHus ¢ MpuMeHeHrneM auseprennun Kynroaka—Jleiibnepa [4] B
KadecTBe (DYHKUMH MOTEph. | uneprnapaMeTpsl Mojeseil ToAOUPaINCh C UCIIOIB30Ba-
HueM batiecoBckoit ontumuzany (I'ayccoBckux mporeccoB) [5]. st olieHKu kadecTBa
MOJIeJIel HCIONb30BAJINCh IMPOCTPAHCTBEHHbIE METPUKM JETEeKIMM KOJIOCKa Ha
u3obpakenuu (precision, recall, f1) u komuuecTBEHHBIC METPUKH TIPEICKA3aHHs YHCIIA
kosiockoB B kosoce (MAE, MSE). [IpocTpaHcTBEHHbIE METPUKH CUUTAIUCH HA OCHOBE
xapaktepuctuk 1P, FP u FN. Crnyqait TP — sT0 mpenckazanHoe MooxKeHHE MEHTpa
KOJIOCKA, HaxoJsleecs B paguyce 3 MM OT Omwkaimero peanbHoro uneHrtpa. Ecnum
KOJINYECTBO MpPEICKa3aHHbIX LEHTPOB, HAXOIIIMXCA B 3TOM OKPECTHOCTH paanyca
3 MM, TipeBbIIIaNo 1, TO OCTaBIIMECs peICKa3aHHbIe IEHTPBI Onpeaersuuch kak FP. B
ciIydJae, eciy IpeAcKa3aHHbIe EHTPbl He HAXOAMIIUCh B YKa3aHHOW OKPECTHOCTH, OHU
otHOCHIIUCH K FN.

Peszynomamui: OOydyeHHble Monenu OBbITM TPOTECTHPOBAHBI Ha JIBYX BBIOOpPKaX:
TECTOBOW U OTJIOKEHHOH. TecToBast BHIOOpKa COCTOSUIA U3 M300paKEHUI, MOTYIEHHBIX
OJITHOBPEMEHHO C M300paXKEeHUsIMU, Ha KOTOPBIX 00y4aaich HEHPOHHBIE CETH, BEIOOpKa
BKJIIO4aja B ceds 348 n3o0pakeHuid KoyockeB NieHUBL. OTI0XKEeHHas BHIOOPKa Oblia
MoJTydeHa HaMHOTO TIO3KE TPEHHPOBOYHOW M BKIoUaiga B cebs 14 m3o00pakeHwmid
KOJIOCbEB MILIEHHIBL. Pe3ynpTaTel Ha TecTOBOM BBIOOpKE NpejacTaBiieHbl B Tabm. 1,
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pe3yibpTaThl Ha OTJIOKEHHOW BBIOOpKE TMpeAcTaBieHbl B Tabm. 2. Hawmywmme
pe3yibpTaThl MPOJEMOHCTPUpOBaa MoIenb ¢ apxutekTypoir U-Net, oOyuyennas Ha
HOPMaJIBHBIX MacKkax ¢ ToMomblo amBepreHunu KympOaka—Jleiibiepa B kadecTBe
¢ysaxm motepb. Mogens ¢ apxurektypoit U-Net, o0yueHHast Ha OWHAPHBIX MacKax C
MOMOIIBI0  OMHApHOW  KPOCC-HTPONMHM B KadecTBe  (DYHKIMH  TIOTEpH,
MPOJAEMOHCTPUPOBaIa pe3yabTaThl HEMHOTO XyXe. Momenb, OCHOBaHHas Ha
apxurektype YOLO, nokazajia Hauxyjaniie pe3yabTaThl.

Tab6uuua 1. Pe3ynbTaThl Ha TECTOBOI BEIOOpKE

Mogens (3 mm) precision recall f1 mae mse
U-Net (kid) 0.977 0.976 0.975 0.557 1.086
U-Net (bce) 0.983 0.963 0.970 0.597 1.551
YOLO 0.733 0.760 0.734 3.641 26.486

Ipumeuanue. 3nech u B Tab. 2: U-Net (kld) — monens Hefipornoii cetu ¢ apxurektypoit U-Net,
o0y4eHHOIl Ha Mackax M3 HOPMaJIbHOTO JIBYMEPHOTO pACIpEICICHUsI C NPUMEHEHHEM
nmuBepreniun Kyns6aka—Jleiibnepa B kauectBe GpyHkimu notepb; U-Net (bce) — neiiponHoii cetu
¢ apxurektypoit U-Net, o0yueHHOl Ha OMHAPHBIX MAacKaX ¢ MCIOJIb30BaHUEM OMHApHOI Kpocc-
sutponuy; YOLO — HelipoHHO# ceTn ¢ apxurekrypoir YOLO

Tabauuna 2. Pe3ynbTaThl Ha OTJIOKEHHON BBIOOPKE

Mogens (3 mm) precision recall fl mae mse

U-Net (kid) 0971 0.953 0.959 0.929 2071
U-Net (bce) 0.975 0.946 0.957 1071 3214

YOLO 0.678 0.753 0.704 3.0 15.714

Bui6oowi: B xone paboThl Obllla JOCTUTHYTA MOCTABJICHHAS I1€J1b, 3AKIIOYAIONMIAsICS B
pa3paboTKe TOYHOIO aBTOMATHUECKOT0 METO/Ia JJIs JIOKAIM3AIMY U TI0JICUETa KOJIOCKOB
TMIICHUIBI Ha U300PKEHUSIX.

Qunarncuposanue: ViccnenoBanue noanepxkano rpantom PH® Ne 23-14-00150.
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Motivation and Aim: Wheat is an important crop that is a staple food. The number of
spikelets in an ear of a plant is a significant trait in wheat breeding because this trait is
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directly related to yield. In addition to the number of spikelets, their mutual arrangement
may also have biological significance. The aim of this work is to develop an accurate
and efficient method for automatic detection and counting of wheat spikelet centers in
RGB images of the spikelet.

Methods and Algorithms: In this research, several approaches have been considered to
solve the problem: (1) using a neural network with the YOLO architecture [1], with
bounding squares with fixed side lengths at the center of which were the spikelet centers;
(2) using a neural network with the U-Net architecture [2] trained on binary masks using
binary cross-entropy [3]; and (3) a neural network with U-Net architecture trained on
masks from a normal bivariate distribution using the Kulback-Leibler divergence [4] as
a loss function. The hyperparameters of the models were selected using Bayesian
optimization (Gaussian processes) [5]. Spatial metrics for spikelet detection in the image
(precision, recall, f1) and quantitative metrics for predicting the number of spikelets in
a spikelet (MAE, MSE) were used to evaluate the quality of the models. The spatial
metrics were considered based on TP, FP and FN features. The TP case is the predicted
position of the spikelet center that is within 3 mm radius from the nearest real center. If
the number of predicted centers located in this vicinity of 3 mm radius was greater than 1,
the remaining predicted centers were defined as FP. In case the predicted centers were
not in the specified vicinity, they were referred to as FN.

Results: The trained models were tested on two samples: a test sample and a delayed
sample. The test sample consisted of images acquired simultaneously with the imagesb
on which the neural networks were trained, the sample included 348 images of wheat
ears. The delayed sample was obtained much later than the training sample, and included
14 images of wheat ears. The results on the test sample are presented in Table 1, and the
results on the deferred sample are presented in Table 2. The model with U-Net
architecture trained on normal masks using Kulbak—Leibler divergence as the loss
function showed the best results. The model with U-Net architecture trained on binary
masks using binary cross-entropy as a loss function performed slightly worse. The model
based on YOLO architecture showed the worst results.

Table 1. Results on the test sample
model (3 mm) precision recall f1 mae mse
U-Net (kid) 0.977 0.976 0.975 0.557 1.086
U-Net (bce) 0.983 0.963 0.970 0.597 1.551
YOLO 0.733 0.760 0.734 3.641 26.486

Note. Here and in Table 2: U-Net (kld) — a neural network with U-Net architecture trained on
masks from a normal bivariate distribution using Kullback—Leibler divergence as the loss
function. U-Net (bce) — neural network with U-Net architecture trained on binary masks using
binary cross-entropy. YOLO — neural network with YOLO architecture

Table 2. Results on delayed sampling

model (3 mm) precision recall f1 mae mse

U-Net (kid) 0971 0.953 0.959 0.929 2.071
U-Net (bce) 0.975 0.946 0.957 1.071 3.214

YOLO 0.678 0.753 0.704 3.0 15.714
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Conclusions: The work achieved its objective of developing an accurate automatic
method for localizing and counting wheat spikelets in images.
Funding: The research was supported by the RSF grant No. 23-14-00150.
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