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BECTH IOJCHHUK TEPEKUBaHb. AJie BaXJITUBO, MO0 I1i CHCTEMH PO3YMUIM HAll KOHTEKCT: JOCBij BiWHH,
BTpaT Ta MOCTIHHOT HeBU3HAa4YeHOCTI. L{e moTpedye cremianpHOi amanTalii Ta nepeBipku. Y MiJICYMKY, SKIIO
BrpoBaKyBatu LI 3 posymoM i KOHTpoJieM 3 OOKY JIFOJIMHH, BiH MOXKE CTaTH TMOTYXHHM MTOMIYHUKOM, HE
BTPaYaroyuu MpH IIbOMY TOJIOBHOT'O — Oe3eKu Ta moTped camol JII0HHH.
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Abstract. This paper looks at how machine learning can be used to forecast crop production by
combining information from different sources. It looks at the key things that affect crop production, the
kinds of information used in today's prediction tools, how the most widely used machine learning methods
work, and how these methods are specifically applied to data from farming. The benefits of using machine
learning compared to traditional statistical methods are discussed, along with the difficulties that come with
putting these technologies into practice. Special care is taken to mix weather, soil, and satellite information,
check how good the weather prediction tools are, and help make better farming choices.
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Research Relevance: Agriculture is facing more challenges because of changing weather patterns,
higher costs to produce food, and the need to keep food supplies steady and reliable. Under these conditions,
accurate yield predictions are becoming an important tool for planning fertilization, irrigation, storage,
logistics, and sales. At the same time, the amount of data available is increasing quickly: weather stations,
soil sensors, farm equipment, and Earth observation satellites produce a lot of information each day. This
research is important because there's a need for better forecasting tools that can handle different types of
data, help reduce uncertainty in planning for farming, and make using resources more efficient.

Research Objective: This study aims to look into how machine learning can be used to predict crop
yields using data from different sources.It also seeks to find out the benefits, challenges, and future
possibilities of using smart models in farming.

Crop yield comes from many factors working together, like the weather, the type of soil, the kind of
crop planted, and the farming methods used. Traditional methods like linear regression or process-based crop
simulation models need strong assumptions about how these relationships work or require careful calibration
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for each individual field. In real situations, the connections between things are not always straight forward,
and how one thing affects another can change based on what other factors are involved. For example, the
same amount of rain can be good when plants are growing quickly but bad when it's time to collect the
harvest. That's why it's especially important to use methods that can learn these relationships directly from
the data.

Several groups of data are typically used to predict crop yield. Meteorological data include air
temperature, precipitation, humidity, and solar radiation. Soil data include information about how much
humus is present, how acidic or basic the soil is, its texture, and how much moisture it can hold. Remote
sensing data gives information about plants, like the Normalized Difference Vegetation Index (NDVI),
which shows how well plants are doing during the growing season. Agronomic data include when the seeds
were planted, the fertilizers used, the crops grown in previous years, and the type of crop variety planted.
Each of these sources has its own limits when used by itself. Weather data don't show what's really
happening to the crops.Satellite images can be blocked by clouds and don't show the real condition of the
soil. By putting them together, you get a better understanding of the situations in which a crop grows.

Modern open data services allow small agricultural businesses to easily access forecasts from multiple
sources. Satellite missions like Sentinel-2, which are part of the European Copernicus program, capture
images in different color ranges with a detail level as fine as 10 meters and return images every five days,
allowing farmers to check the health of each field throughout the entire growing season. Meteorological
reanalysis datasets, like ERAS, provide ongoing records of temperature, rainfall, and sunlight even in places
that don't have close weather stations. Cloud platforms like Google Earth Engine let researchers work with
big data collections without needing powerful computers at their own location. So now, the biggest
challenge isn't getting the data, but figuring out which variables are important and making sure they match
up in time and place.

Before modeling, the data must be prepared. This step involves dealing with missing data, getting rid of
extreme values, aligning data from various sources to the same time and location standards, and scaling
numerical data to a common range. Feature engineering is especially important because raw daily data is
often grouped together to create indicators for different growth stages, like the total active temperatures,
rainfall during flowering, or the highest NDVI value. How well you prepare usually has a bigger impact on
the outcome than which algorithm you choose.

You can divide algorithms into several main groups. Linear regression models are easy to understand
and explain, which is why they are commonly used as a starting point for comparing other models. Decision
tree ensembles, like random forests, create many trees using different groups of data and combine their
predictions, which helps them handle noise and avoid overfitting. Gradient boosting techniques, like
XGBoost, create trees one after another, and each new tree helps fix the mistakes made by the earlier ones,
which usually leads to very good results when working with table-like data. Support vector regression can
work well even when there are not many data points. Deep learning methods have a special role:
convolutional neural networks can work directly with satellite images, and recurrent networks can study
weather and vegetation data over time during the season. Their weakness is that they require big sets of
training data and are harder to understand.

The method you choose depends on how much data you have, how accurate the results need to be, the
resources you can use for calculations, and whether you need to explain the outcome to an expert. For small
farms with not much data, simpler models might work well.But bigger systems that predict for whole
regions or countries might mix different algorithms to get better results. The quality of models is checked
using things like the root mean square error (RMSE), the mean absolute error (MAE), and the coefficient of
determination (R?). To get a good estimate, cross-validation is used, and it's important that the data used for
validation comes from different areas or different years than the data used for training. Otherwise, the model
might look correct but could not work well in new situations.

An smart system for predicting crop yields has different steps that work together.First, it gathers
information from weather stations, sensors, and satellites.Then, it cleans and prepares the data, and builds
important features from it.After that, it uses this data to train and check the model.Once the model is ready, it
creates a forecast.Finally, the results are shown to the users in an easy way. Weather predictions can change
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throughout the season as more information comes in, which helps experts make timely changes to their plans
for adding nutrients to the soil or giving plants water. Feature importance analysis is useful because it helps
to see which factors have the biggest impact on crop yield in a certain area and during different stages of the
plant's growth.

Yield prediction is very useful in areas where the moisture levels are not stable, like the southern part of
Ukraine.In this region, dry periods greatly affect the outcome of the farming season. Early predictions made
several weeks before the harvest allow companies to guess how much they will produce, plan how to use
their storage and transportation resources, and decide on selling strategies and future agreements. In
precision agriculture, forecasts can be made for different areas of a field, which helps apply fertilizers and
water more carefully and lowers the cost of these materials. So, machine learning models are part of a larger
system that helps make decisions, not just a tool used on its own.

Even though there are many benefits, using machine learning in farming still has several difficulties.
Agricultural datasets are usually small, spread out unevenly in different areas, and often have missing data
entries. A model that learns from data in one area might not work well in another place because the weather
and ground conditions are different there. Extreme weather events happen very seldom, which is why they
are not well shown in the data used to train models. Also, complicated models can be hard to understand,
which makes agronomists and farm managers less confident in them. So, the outcomes from machine
learning models should be seen as a tool to help make decisions, not as a substitute for the expertise of
professionals.

So, machine learning provides a real way to bring together different kinds of farming data into one
smooth system for making predictions. Right now, ensemble methods are considered the best choice for
handling tabular data from multiple sources, and deep learning models show great potential for working with
satellite images and time series data. More studies should aim to gather more data from different areas, make
sure models work well across different regions, and create clear and easy-to-understand tools for predicting
outcomes that farmers and agricultural businesses can use in their work.
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