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The study focuses on the development of an intelligent yield forecasting system using satellite data, geospatial data
and climate indicators. The introduction of modern information technologies, in particular machine learning and big
data analysis methods, provides agricultural professionals with strategic advantages, reducing the risks of excessive
pesticide use and promoting sustainable agricultural development. This study aims to optimize desiccant application
in sunflower cultivation by modeling potential yield losses based on data obtained during the growing season. The
use of digital solutions is relevant for crop production, as it increases the accuracy of forecasts and the efficiency of
management decisions, while reducing costs and increasing the productivity of agrophytocenoses.

Keywords: satellite data, climate indicators, machine learning, big data analysis, vegetation indices, FAO, loss
forecasting, desiccation.

Introduction. The active development of digital agronomy opens up broad prospects for intensi-
tying the development of the agricultural sector, while at the same time given a rise to a number
of complex tasks and challenges. Amid climate change, market price fluctuations and growing
demands on the efficiency of natural resources use, the need to harmonize Ukrainian legislation
in the field of plant protection with European standards with accurate budget planning and opti-
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mization of plant care methods is becoming increasingly important. The modern development of
digital technologies, artificial neural networks, artificial intelligence and new approaches to statis-
tical data processing allows farmers to move to a new level of agricultural production. Therefore,
the search for the application of these new methods of obtaining and processing information is
an urgent problem for the agricultural sector. After all, the successful application of such modern
methods is an essential factor in ensuring food security [1].

The shortcomings and limitations of traditional statistical approaches, which provide only
a rough estimate of yields, become particularly apparent in the face of the demands of modern
agricultural production. While these methods can model potential performance, they often fail
to meet the need for accurate and detailed planning. At the same time, artificial intelligence,
with its capabilities of deep analysis of large amounts of data and machine learning, opens up
new horizons for the development of the agricultural sector of the economy. Digitalization of
processes in agrophytocenoses has great potential for the development of crop production, fa-
cilitating the creation of innovative solutions to optimize agrotechnical measures and improve
production efficiency. The transition to the use of these advanced technologies requires not only
the development of new tools and methods, but also a profound rethinking of approaches to the
management of agricultural processes.

In [2], the authors developed and presented a mathematical framework for minimizing sun-
flower yield losses. The study was based on spatial analysis of satellite images. The scientific results
were obtained by applying machine learning methods.

Analysis of the latest research and publications. Modern yield forecasting systems using
artificial intelligence cover a wide range of technologies. Here are some important areas of re-
search in this area.

1. The use of deep neural networks (DNNs) can accurately predict yield by analyzing data
on genotype, weather and soil characteristics, as well as the historically identified productivity
zones in each field, demonstrating an average accuracy of 85—89 %. However, the main dis-
advantage of this approach is its limitation to field-level forecasts, which does not allow taking
into account microclimatic and soil variations within a field that are important for detailed
forecasting [3].

2. Machine learning using traditional algorithms provides high accuracy in predicting the
overall field yield. However, despite the theoretical possibilities of detailed analysis, as a rule, de-
tailed forecasting for individual plots is not realized [4].

3. Some studies have applied recurrent neural networks using reinforcement learning to pre-
dict yield [5], achieving an average accuracy of 93.7 %. This study also did not address distributed
(spatially resolved) forecasting.

4. In study [6] stratified sampling for potato yield forecasting using empirical equations
based on NDVI and SAVI indices was considered. The authors point out that the forecasting is
performed with errors of 3.8—7.5 %, but the test and training samples are formed on data of the
same fields, so the possibilities of generalization and practical application of the method were
not analyzed.

Modern approaches to yield forecasting, including the use of artificial intelligence technolo-
gies, have made it possible to achieve significant results in processing large amounts of data and
providing accurate forecasts at the whole-field level. Despite their effectiveness in identifying
general yield trends, the methods discussed above have significant limitations, especially when it
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comes to achieving resolution at the scale of individual field plots. Forecasting is complicated by
the fact that many factors are completely unpredictable, such as rainfall, number of days of poten-
tial vegetation, natural disasters, etc.

The main problem is that most existing methods are designed to predict total field yields
and do not take into account internal variations that can be critical for effective management
of agronomic measures. This limitation does not allow for a detailed productivity map, which,
in turn, limits the potential of such systems in a number of key tasks. In particular, optimiza-
tion of differentiated application of fertilizers and plant-protection products, maintenance of
water regime, and analysis of the impact of different combinations of parameter values on the
productivity of individual plots remain beyond the capabilities of these technologies. It is quite
difficult to compare certain technologies due to the high variability of individual plots. Thus, the
development of detailed analysis and forecasting methods at the individual plot level is becom-
ing a priority for improving yield forecasting systems, opening up new prospects for precision
agriculture.

Objective of the study. The main purpose of this study is to improve the accuracy of yield
forecasting

This will make it possible to predict variations in crop productivity formation due to uneven
maturation of sunflower and avoid yield losses. These losses can be significantly reduced by de-
siccation. However, in each specific case the question arises whether these losses are significant
enough to invest in an additional agrotechnical measure — desiccation. The question also arises
whether it makes sense to use differentiated application of the product (pesticide) to specific plots
as an alternative to continuous spraying of the field. This is achieved by introducing the ability to
accurately predict yields in individual plots of the field, to predict losses in each area, to optimize
sowing and plant care conditions, including sowing dates, sowing density, timing and intensity of
herbicide and fungicide applications.

Materials and methods. To build the model, we identified predictors that can affect the non-
uniform ripening, namely: sowing date, weather conditions, soil moisture, FAO (or hybrid matu-
rity group), predecessor crops, etc. Such a forecast allows the farmer to assess the economic fea-
sibility of the planned agrotechnical protection measures, apply selective treatment of individual
plots, reducing the pesticide burden on the environment.

The task of forecasting yields is extremely complex, comparable to weather forecasting. It
requires not only taking into account a large number of parameters, but also identifying the key
factors that have the greatest impact on the result.

Yield depends on many parameters: chemical composition and structure of the soil, its mois-
ture, pH, types of fertilizers and methods of their application, etc. Other important parameters
include information on weather conditions: air temperature, precipitation, soil moisture and solar
radiation intensity. The presence and activity of pests and diseases also have a significant im-
pact on yields. Agrotechnical measures are equally important: tillage, crop rotation, sowing and
harvesting methods. In addition, genetic characteristics of seeds, their resistance to diseases and
adaptability to weather conditions should be taken into account.

It is necessary to develop methods for predicting the yield of each field area based on the
analysis of detailed data on plant condition. Such data include maps of reflected solar radiation
intensity obtained from satellite images in different spectra, which are converted into vegeta-
tion indices NDVI, NDWI, CLg, CLr, GLI [7]. Meteorological data are also important: tempe-
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rature, precipitation, wind speed and direction, cloud cover, solar radiation, and atmospheric
pressure. These data are supplemented by information on agrotechnical measures, including
herbicide and fungicide treatments, the ripeness group of the sunflower hybrid (five groups
from early to late), and sowing density. All these data affect the maturity rate of sunflower. A
dataset containing yield data in tons per hectare for each field plot is used to train and validate
the model.

Results and discussion. Let us introduce some notations to further describe the data struc-
ture and methods.

Let X. be the matrix of field i, X € X, be the elements of the matrix;

i=1,2,...,g— field numbers; g — number of fields in the training set;

j€J={jjyp .- j,} — days of observations; n — number of days of observations conducted
for the field;

k=1,2,...,m — are the row numbers of the matrix X; m is the number of field plots; each
plot corresponds to a row of the matrix;

I € L = {NDVI, NDWI, GLI, CLr, CLg, wind speed, seeding density, ...} — parameters of input
information.

The input data for yield forecasting are extremely voluminous due to a wide range of param-
eters and the length of the observation period. Their structure is shown in Fig. 1. The data is a
multidimensional array of dimension m X |L| x n.

In order to reduce the dimensionality of the input data vector and increase the forecasting
efficiency, preliminary analysis and selection of the most informative features is performed. One
of the tools of this process is correlation analysis, which allows to identify statistical relationships
between parameters. Features that are highly correlated with each other are identified, and among
them, and the most informative ones are determined by expert judgment, while others are dis-
carded to reduce the dimensionality of the data set. This increases the model efficiency by reduc-
ing the computational burden.

The following steps are performed at the preprocessing stage.

Step 1. Removal of outliers for each day separately for each field using the z-score me-
thod [8, 9].

The z-score for each item is determined by the formula:

_ i~ M
i

m
Z Xijkl

where x;;, € X5 py :k:lT, is the average value ofthe parameter [ for day j in the matrix X;

S 2
z(xijkl - Hijl)
Oy = ksl s the standard deviation ofthe parameter I for day j in the matrix X5 Zi
m
is the z-score of the element x;;.
Heuristic E1. We consider the element x;, to be an outlier if the value is |zijkl| > 2.9. In this

case, the entire row k for the day j of the matrix X is removed from the training set.
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) Fig. 1. Schematic representation of the structure of
the training dataset before preprocessing

Step 2. Data aggregation:

For each matrix X, i=1,¢, for each sequence of elements Xy € X, j €, the aggregates are
calculated using the formulas:

; 1
min _ ___. mean __ max __
Xikl _r?eljn(xijkl)’ Xikl —injkz, Xiki —f?jlx(xijkz)’

k=

forming a matrix of aggregated values X .
Step 3. Combining data into a common dataset X: X = U X .

i=l, g
Step 4. Repeated removal of outliers on the merged dataset X:
’ !
, Xg T H
2=
0

where x; € X, is the matrix element corresponding to row q and the parameter J;
S
!
zqu
q=1

py ==+ — is the average value of the parameter / in the matrix X;
s

N
(o —pp)?
o) = 2L isthe standard deviation of the parameter [ in the matrix X;
s

z(;l — z-score of the element xél.

Heuristic E2. We consider the element x/; to be an outlier if
row q of the matrix X is removed from the training set.

Repeated removal of outliers is an important step because removing outliers separately for
each field does not guarantee the absence of erroneous observations in the aggregated dataset.
When combining different fields, it is possible that data that were considered normal for one field
become abnormal in the context of the overall set due to differences in scale, distributions, or
other characteristics. Therefore, it is necessary to remove outliers again to ensure the consistency
and homogeneity of all data.

>2.9 . In this case, the entire

!
qu
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Fig. 2. Visualization of the obtained accuracy indicators [2]

To record the data on the dates of herbicide and fungicide treatments that are part of the use
of crop protection products, an algorithm similar to one-hot encoding was implemented. Instead
of using the number of days from the date of sowing to the moment of treatment, the dates were
encoded as categorical variables representing predefined day-range buckets. The experts estab-
lished typical time ranges for fungicide (34—82 days from sowing date) and herbicide (24—62
days) applications. These observation day ranges were categorized separately. For fungicides,
these are {34, 46, 58, 70, 82}, and for herbicides, {24, 33, 43, 52, 62}. Each date of chemical appli-
cation refers to the closest category. For example, if fungicides were applied on the 48th day after
sowing, the vector for this case would consist of the elements {0, 1, 0, 0, 0}, which corresponds
to category 46.

As a result of applying the described data processing methods, a vector of traits describing its
development during the ripening period was constructed for each field plot. One of the models
was built with the Light Gradient Boosting Machine (LightGBM) algorithm [10]. The model was
used to predict yield for each field area in isolation.

Results of studying the efficiency of the yield forecasting system [2]

Field MAE Accuracy Predlctte(il ls1arvest, Actuatlol;asrvest, Area, ha
Flora__Baba_ 22 0.360007 98.299489 189.184446 192.400052 101
East-West__Serby_26__23 0.722826 96.284523 89.576487 87.459699 26.6
East-West __Serby_37__23 0.585210 92.651682 98.978797 106.251481 37
East-West __Serby_57__ 23 0.705239 93.220749 209.482780 195.217092 57.4
East-West __Serby_69__ 23 0.724573 95.723041 253.647770 242.73062 69
Zhuravske__ Field_2_ 22 0.548212 86.796210 126.477451 109.757490 29.9
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Fig. 3. On the left is a map of projected yields, on the right is the actual yield

In addition to the traditional approach based on the vector representation of monitoring pa-
rameters for a single site, it is proposed to consider the spatial context by analyzing an addi-
tional dimension that covers a set of neighboring sites. This allows taking into account spatial
dependencies and obtaining comprehensive information on the state of agricultural areas [11, 12].
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The combination of these approaches provides a synergistic effect [13], increases the accuracy of
forecasting [1, 14], and expands the possibilities of analyzing the studied objects. To implement
spatial context analysis, a computer vision model based on U-Net architecture was developed to
effectively identify high-productivity zones and zones with potential yield reduction by analyzing
spatial relationships between plots.

Since agricultural fields have a variety of sizes, this study used a method of splitting the images
into smaller parts, known as patches, to process the data efficiently. This approach allows detailed
segmentation of each part of the field separately, after which the resulting patches are matched
together to form a complete segmented image of the field. In the process of overlaying the patches,
a weighting method was used, allowing for smoother merging of the image parts. Each pixel in
the overlapping areas receives a weight depending on its distance to the center of the patch. This
procedure contributes to a softer and more natural transition between segments.

The U-net model developed for land plot segmentation allows for large-scale analysis of plant
development conditions, taking into account the general features of the field and the individual
characteristics of each plot. After the segmentation is completed, an additional stage of analysis
is performed for each field area using the LightGBM model: forecasting is performed taking into
account the defined field segment.

As part of Syngenta’s experimental research, a dataset has been created for a number of fields
to determine the accuracy of yield prediction. Each field is divided into separate plots for which
the model is used to predict yields. The forecast for each plot is compared with the actual harvest
data, and the root mean square error (RMSE) is calculated.

Next, the yield of each plot (tons per hectare) is converted to tons by multiplying by the plot
area. This way, the total yield of the entire field is calculated from the predicted data and compared
to the actual total yield. Total-field forecast accuracy is assessed as the percentage error between
predicted and actual yields.

Although the key indicator is the accuracy of the total yield, the accuracy of the prediction for
individual plots is also important for further research. This will allow the system to be scaled up and
generalized, ensuring high accuracy in both general forecasting and individual plot application.

The results of the yield forecasting system efficiency analysis are shown in Table and Fig. 2.

The use of the developed models allowed us to obtain estimates of potential yields with high
accuracy. At the same time, the forecasting accuracy is not stable enough: the minimum value is
87.62 %, the maximum is 97.88 %. The mean absolute error (MAE) across all field plots is 0.608.
The average accuracy of total yield forecasting is 92.78 %.

During the study we faced a constraint of a very limited training and testing dataset. The
training sample contains only 8 fields, which significantly limits the generalizability of the model.
This contrasts with modern studies that use hundreds and sometimes thousands of fields for train-
ing. Expanding the training dataset will allow additional patterns to emerge, thereby improving
model accuracy and enabling more reliable yield forecasts in different agroclimatic conditions and
regions. This is important to improve the accuracy of forecasts and make the model more versatile
and suitable for a wide range of applications.

Fig. 3 shows examples of forecast visualization. Each figure shows a map of actual yields on the
left and a map of predicted yields on the right.

Conclusions. The introduction of a model capable of generating high-resolution forecasts
localized to individual plots opens up new prospects for the application of digital approaches in
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agriculture. This approach allows for an in-depth analysis of the impact of local factors on plant
development and yield, which helps to identify optimal conditions or negative factors for their
growth. In addition, it opens up opportunities to optimize the variable-rate application of fertiliz-
ers and crop-protection chemicals, significantly increasing the efficiency of agricultural practices
and minimizing the negative impact of human activity on the environment.

The high accuracy of forecasts provided by the model enables highly reliable budget plan-
ning for farming enterprises. This, in turn, allows agricultural producers to effectively plan and
optimize costs, ensuring more efficient resource management and increased overall profitability.
Thus, the implementation of the described model opens up significant opportunities for increas-
ing productivity and ensuring sustainable development of the agricultural sector.

In further research, enriching the training set by adding data from a variety of geographical
locations and growing conditions will be key to maximizing the model’s versatility, allowing it to
work effectively with a wider range of agroecosystems.

Optimization of the training set by balancing its structure by removing overrepresented data
and augmenting under-represented categories plays an important role in improving the accuracy
of forecasts. This will allow the model to better adapt to the variability of conditions and cha-
racteristics of different types of crops. The presented digital solutions are promising for further
development and integration with nutrient management and crop protection systems as part of
agrophytocenosis management, as well as a way to ensure the country’s food security.
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KI/IIBCbKI/II/I HanioHanbHMI yHiBepcuteT im. Tapaca Illepyenka, Kuis, Ykpaina

TOB “Cunrenta’, Kuis, Ykpaina
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PO3IOJIIJIEHE TIPOTHO3YBAHHS BPOXKAVIHOCTI COHAIITHVKA
HA OCHOBIIIPOCTOPOBOI'O AHAJII3Y TA MAIIVMMIHHOI'O HABYAHHA

JocmimkeHHA TPUCBAYEHO PO3POOIEHHIO IHTe/IEKTyaIbHOI CUCTeMM IIPOTHO3YBaHHA BPOXKaHOCTI 3 BUKOPUC-
TAHHIM CYITyTHMKOBIUX Ta reoiH(OpPMAIiiiHIX JAHUX 1 KTIMaTUYHIX OKa3HUKIB. BIIpOBa/pKeHHs CyJacHUX iH-
(dbopMaLiliHNX TeXHOJIOril, 30KpeMa MeTOIB MAIIVTHHOIO HaBYaHH: Ta aHa/li3y BeMMKIUX NaHVX, Hajjae GaxiBIaM
arpapHOro CEKTOPY CTpaTerivyHi Iepesary, o fa€ MOXX/IMBICTb 3HVDKYBATU PUSUKM HaMiPHOTO BMKOPUCTaHHA
MeCTULI/IB i CIPUATHU CTATIOMY PO3BUTKY Ci/TbCbKOTO rocrofapcTaa. Lle focmimpkeHHA clipAMoOBaHe Ha ONTHMi3a-
1[i0 BUKOPUCTAHHS [IeCMKAHTIB Ha COHAIIHVKY IIIAXOM MOJEMIOBAHHA 00CATIB MOXK/IMBUX BTPAaT BPOXKAI0 Ha
OCHOBI OflepyKaHUX Y Hepiof Bererauii KyabTypy JaHUX. BukopuctaHHS DUQpPOBKX pillleHb € aKTYaIbHUM I
POCIMHHUIITBA, OCKI/IbKM 3a0esIedye MifBUIIEHHsS TOYHOCTI MPOTHO3iB Ta e(peKTMBHOCTI YIPaBIiHCBKUX pi-
IIeHb, CIIPUAIOYY 3MEHILICHHIO BUTPAT Ta 301/IbLIIEHHIO IPOAYKTUBHOCTI arpodiToreHO3iB.

Kniouosi cnosa: cynymnukosi 0ani, Kiimamuumi NoKA3HUKU, MAUUHHE HA6UAHHS, AHATI3 BeNIUKUX 0AHUX, 8e2ema-
yitini indexcu, @AO, npoeHo3ysanHs empam, 0ecuKayis.
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