METPUYHI XapaKTEepUCTUKU peanizoBaHOro kony. lLle MozaentoBaHHS —CHpUsIIO
Moau(ikaIii alroOpuTMIB Ta MIATBEPKEHHIO TIMOTE3U MPO rpad, y sIKOTO 3HAUYECHHS
00’ eMy mepIoi KOMIOHEHTH KaHOHIYHOT BU3HAYAJIBHOT TAPH € MAaKCUMATHHIM.
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STUDY OF THE EFFECTIVENESS OF ML ALGORITHMS IN
PREDICTING THE PROBABILITY OF CROP DISEASE OCCURRENCE

Abstract. The aim of this research is to study the effectiveness of ML algorithms in predicting
the probability of the corn disease «Fusarium Head Blight» in Dnipro region of Ukraine. Linear
regression, feedforward neural networks and random forest models were considered for prediction.
The random forest model obtained the best metric score on the testing set: R?=0.965, RMSE=3.44.
Directions for further research were substantiated in the given subject area.

Keywords: ML, regression, time series, disease prediction, crops, agriculture.

Introduction. According to the agricultural production statistics, provided by
the globally recognized FAO [1], cereal crops, which have tripled in production over
the past 20 years, are the most widely cultivated agricultural crops in open field
conditions. Based on the statistical analysis of the data, accumulated by the FAO [2],
it was established that the most cultivated cereal crops (according to harvested areas)
in Eastern and Southern Europe, and Ukraine, in particular, are wheat, corn and barley.
Trend dynamic of harvested areas over a period from 2012 to 2021 for wheat, corn and
barley in Ukraine is shown in Fig. 1.
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Figure 1. Area harvested for barley, wheat and corn crops in Ukraine over a
period from 2012 to 2021

Area harvested (million ha)
= N w B wu ()] ~

o

As can be seen in Fig. 1, wheat is the most commonly cultivated cereal crop in
Ukraine, followed by corn and barley.

By analysing the last articles and research papers on the topic of crop disease
prediction it was established, that fluctuations in climatic parameters, such as air
temperature, relative humidity, precipitation, wind speed etc., have the biggest impact
on crop disease occurrence [3-5]. Among the reviewed approaches to crop disease
prediction based on climatic data ML algorithms demonstrated significant
effectiveness in processing climatic data for predicting the probability of crop disease
occurrence [3-5].

Problem statement. The aim of this research is to evaluate the effectiveness of
ML algorithms in predicting the probability of the «Fusarium Head Blight» disease
occurrence in corn in Dnipro region of Ukraine and to determine the most effective
approach (according to R? and RMSE metrics) that will be integrated into a software
application to provide real-time predictions of the disease probabilities of the observed
crops. To achieve this aim, the following objectives were formulated and solved:

1. To substantiate the methods and means of research to evaluate the
effectiveness of ML algorithms in predicting the probability of the «Fusarium Head
Blight» disease in corn.

2. Determine the most effective regression model according to the R? and RMSE
metric score on the testing set and the respective hyperparameters of this model.

3. Programmatically implement an algorithm for predicting the probability of
corn disease using the most performant regression model.

Methodology. Climatic data with the «Fusarium Head Blight» disease
probabilities for Dnipro region were downloaded from the METOS by Pessl
Instruments weather station using the FieldClimate platform, which was provided by
Metos Ukraine LLC. The values of air temperature, precipitation, air humidity, leaf
wetness time, and disease probability were measured hourly from September 2022 to
September 2023. Descriptive statistics of the collected data are shown in Table 1.
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Descriptive statistics of the collected data

Table 1

Air Leaf Infection
Precipitati | Humidit |wetness o
temperature . probability
o on (mm) |y (%) duration 0

°O) (min) (%)
Count 8658
Mean 10.62 0.07 72.8 8.7 4.84
Standard 0.74 0.34 17.32 21.13 17.61
deviation
Median 9.65 0 76 0 0
Min -10.9 0 19 0 0
Max 37 14 100 60 100

To account for the history of changes in climate parameters and disease
probabilities, an additional hyperparameter timestamps is introduced, which
determines how many previous values of climate parameters and disease probabilities
are taken into account. For a timestamps value of 1, current climate parameters along
with the climate parameters and disease probability an hour ago are used as input. For
a timestamps value of 2, the climatic parameters and disease probability 2 hours ago
are also provided as inputs.

Certain ML models, such as neural networks, are trained using a gradient descent
algorithm, which converges faster when input values are on a similar scale. Therefore,
the input values were transformed as follows:

— leaf wetness duration (min) was divided by the maximum value of 60;

— humidity (%) was divided by the maximum value of 100;

— precipitation (mm) and air temperature were standardized by the following
equation: x’ = (x — x)o 1, where x’ — is the standardized value of a numerical feature
x, X — IS the mean value of x on the training set, and ¢ — is the standard deviation of x
on the training set;

— disease probability (%) was divided by the maximum value of 100.

The dataset was partitioned into training, validation and testing sets with a
distribution of 70:15:15, corresponding to 6058 records for training, 1298 records for
validation and 1299 records for testing purposes.

To predict the probability of the «Fusarium Head Blight» disease the following
regression models were considered in this paper: linear regression, neural network and
random forest. The research was conducted in the Google Colab environment using the
programming language Python 3.10.12. Regression ML models hyperparameters
which resulted in the best metric score on the testing set are presented in Table 2.
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Table 2
Results of the considered ML models

Results on the
Model Hyperparameters testing set
Linear timestamps=3 R2=0.96,
regression RMSE=3.61
Random timestamps=3, max_depth=5, n_estimators=10 | R?>=0.965,
forest RMSE=3.44
timestamps=3,
optimizer=AdamW(learning_rate=0.001,
weight_decay=0.003,beta_1=0.9,beta_2=0.999),
layers=|[
Feedforward Dense(10, activation=ReLU), R2=0.962
neural Dense(5, activation=ReLU), RMSE:3’59
network Dense(3, activation=ReLU), '
Dense(2, activation=ReLU),
Dense(1, activation=Linear)
1
batch size=256, epochs=500

In Table 2 it is shown that all considered ML models performed the best for the
hyperparameter value timestamps=3. The random forest model demonstrated the best
metric score on the testing set: R?=0.965, RMSE=3.44.

The scientific novelty of the results obtained lies in the establishment of a set of
input climatic data and the evaluation of the effectiveness of machine learning
algorithms in predicting the probability of the «Fusarium Head Blight» disease in corn,
which makes it possible to optimize the choice of the approach when designing specific
types of systems, taking into account the R? and RMSE metrics.

Conclusions. In the course of the research on predicting the probability of the
«Fusarium Head Blight» disease in corn, it has been established that the climatic
parameters and disease probabilities in the last 3 hours along with the current climatic
parameters should be taken into account for the most accurate predictions. The random
forest model with hyperparameters max_depth=5 and n_estimators=10 has achieved
the best metric score on the testing set. Future studies on this topic would consider
recurrent neural network (RNN) architectures to address the problem of crop disease
prediction based on climatic data.
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JOCJIIIZKEHHSA TA PAH’KYBAHHA AJIBTEPHATUB
IJIACTUKOBOI YHAKOBKHU

AnoTtanis. [IpoBefeHO MOCITIKCHHS HAsSBHUX aJbTEPHATHUB IUIACTHKOBOMY IaKyBaHHIO.
Po3B’s13aH0 3a1auy OaraToKpHUTEpiaibHOrO BUOODY.

Knwuosi cnosa: niacmuxose 3a6pyoHeHHsl, NAKYBAHHS, 6MOPUHHE GUKOPUCMAHHS, 3A0a4a
8UOOPY, MemoO aHali3y iepapxiti

Beryn. IIpo6iieMa miacTUKoBOro 3a0pyIHEHHS ChOTOHI € JTy>KE€ aKTyaJIbHOIO.
O06’eMH TIIACTHKY, 1110 BUKOPUCTOBYIOTHCS Y MPOMHUCIOBOCTI 1 COKUBAHHI1 JIIOJIbMH,
Jeqanl 3pOCTaloTh 1 HEMa€e KOJHHMX TEPEAYMOB BBaXKaTH, IO ISl TEHICHINS Oyne
3MmiHioBaTHcs. [lpu 1bOMYy HaCHiIKU TUIACTUKOBOTO 3a0pyAHEHHS € JOCUTH
3HAUYNIMMHU 1 3aBJalOTh BEJIMKOI IIKOJW HABKOJHUIMIHBOMY SIK BOJHOMY TakK 1
HAa3eMHOMY CEpeJOBHINY. ToMy IJis BIAMOBIJAILHOTO BHPOOHHUIITBA 1 CHOKMBAHHS
MOIIYK abTePHATUBHUX BaplaHTIB MaKyBaHHS 1 iX BIPOBAKCHHS € aKTYaJlbHOIO
3aJ1a4uero.

Merorw aaHoi poOdOTH € aHANI3 MepeBar Ta HEAOJIKIB albTepHATUBHUX
BapiaHTIB MMaKyBaHHS 1 BUOIp pallloHAIBHOTO BapiaHTa Jijisl BIPOBAIKEHHS.

OcHoBHuii 3Mmict podoru. Y nomnosiai «llogoflaHHS TJIACTUKOBOT XBHJIL:
KOMIUICKCHA OIliHKA IUISIXIB TPUIMHECHHS 3a0pyJAHCHHS OKeaHy IuiacTukom» [1]
IPOBEICHO OLIIHIOBAHHS ICHYIOUO1 CHTYyalii y cdepi IUJIAaCTUKOBHX BIAXOJIB W
PO3IUISIHYTO KIJIbKA CLIEHAPIiB 11 pO3BUTKY.

['0n0BHMM 3aBHaHHSAM BH3HAYEHO CKOPOUYYBAHHS CIOXKMBAaHHS IJIACTHKY,
iHakme yepe3 20 pokiB MOpiYHI 00CSATH HOTO BIAXOAiB 3 11 MIIH. METPUYHHMX TOH
3pOCTYTh 10 29 MIJIH. METpUYHUX TOHH. TOOTO Ha KO)KHOMY MeTpi OeperoBoi JiHii Ha
3eMHiH Ky Jexxkatume 50 KT TUTaCTUKOBOTO CMITTS, a B OK€aH1 TIaBaTUME MPUOTH3HO
600 MJIH. TOH TaKUX BI1IXO/IIB.

Jlnss  Buxomy 13 CHTyallii  3amporlOHOBAaHO  YOTHUPH  BapiaHTa.
Haviontumictuunimmii i3 Hux — «3miHa cuctemMm» (SCS) — ckopodeHHs BUpOOHUIITBA
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