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I. ABSTRACT

Winter wheat is one of the most important crops in the
United Kingdom, and crop yield prediction is essential for the
nation’s food security. Several studies have employed machine
learning (ML) techniques to predict crop yield on a county
or farm-based level. The main objective of this study is to
predict winter wheat crop yield using ML models on multiple
heterogeneous datasets, i.e., soil and weather on a zone-
based level. Experimental results demonstrated their impact
when used alone and in combination. In addition, we employ
numerous ML algorithms to emphasize the significance of data
quality in any machine-learning strategy.

Index Terms—agro climatic indices, heterogeneous datasets,
winter wheat yield prediction, soil and weather data

II. INTRODUCTION

To make better economic and strategic decisions, farmers
rely on accurate crop yield estimates. Crop yield is the amount
of crop produced after harvesting, and it is measured in metric
tons per hectare [1]. These decisions are helpful to agricultural
stakeholders in taking prompt, well-informed decisions to
solve crop-production issues as they arise. To satisfy rising
food needs, crop production must be maximized, and farmers
and agronomists must be able to predict yield while the crop
is developing in order to make informed decisions regarding
their inputs (growth regulators, fertilizers, etc.), which are
costly. These elements may aid in identifying problems. If,
for example, the yield is lower than expected, it could mean
that factors, like compaction, are at play that are not shown by
the statistics. These things might not be in the data because
they are hard or expensive to get.

Various factors [1] that can affect crop yield include the fol-
lowing: Agro-climatic indices are often used to show the link
between weather and crop growth. These are obtained from
direct weather data (temperature, precipitation, wind speed,
etc.). Soil nutrients such as nitrogen (N), phosphorus (P),
potassium (K), calcium carbonate (CaCO3), and magnesium
(Mg) are critical for crop growth. Soil physical properties like
soil texture, soil type, and stone content present in the soil
affect crop production as well. Soil chemical qualities such as
organic matter and pH may impact agricultural productivity,

since low or high pH interferes with plants’ capacity to absorb
nutrients, thereby preventing or limiting crop development.

Predicting crop yield as accurately as possible is a major
agricultural issue and a major challenge, as crop production
is a non-linear process, owing to several complex factors [1].
Digital agriculture [2], also known as smart farming [3], [4])
refers to tools that aid in the collection, storage and analysis
of agricultural data on a digital platform [5]. It includes the
use of various technologies like cloud computing (an on-
demand computing system where any amount of data can be
stored), artificial intelligence (simulation of human intelligence
in machines), ML (an application of artificial intelligence that
provides a system with the ability to automatically learn),
big data [6] and sensors. Once high-quality data is gathered,
these technologies help provide real-time insights for informed
decisions, which can be crucial in solving crop production
issues as they arise.

ML models are widely used in crop management systems
such as yield prediction because of their ability to handle both
linear and non-linear real-world data [7]. The accuracy of ML
algorithms’ predictions depends a lot on the quality of the
data, the way the model is represented, the input features,
and the yield, which is the target variable. Any ML model
will be less able to make a prediction if the data has noisy
values, wrong data, or outliers. The objective of this study is
to assess the data quality using an incremental technique. We
start with soil data and then add weather data to see if there is
any improvement in crop yield predictions using a set of ML
algorithms.

The paper is structured as follows: Section III presents
related literature followed by data description in Section IV.
Section V gives details about preprocessing, followed by
”experiment setup” and ”results” in Section VI and VII
respectively. Section VIII finally presents some discussion and
concludes the study.

III. LITERATURE REVIEW

This covers the current literature on data-driven crop yield
prediction using multiple types of datasets, such as soil and
weather. In [8], the authors provided a useful overview of corp
datasets, models, and evaluations that are commonly used.
It states that most researchers work with soil data (which



includes soil nutrients and yield data) and weather data (such
as temperature, rainfall, humidity, and solar radiation), as is
done in this study. Most of the time, linear, ensemble, and
boosting models are used to predict crop yields with ML.
RMSE, MAE, and R-squared are the most commonly used
evaluation metrics for evaluating the yield forecasting perfor-
mance of the ML models. MAE is the mean absolute error
between the real data and the predicted data. In discussions
with agronomists, MAE is the most intuitive evaluation metric
for them to interpret because it is expressed in metric tons
per hectare. Therefore, MAE has been used in this study to
evaluate the yield forecasting performance of the ML models
presented in Section VII.

In another study [9], a random forest (RF) model was tested
for wheat yield prediction, with multiple linear regression
(MLR) used as the benchmark for comparison. RF was found
to outperform MLR in all performance statistics. Another
study [10] compares MLR, Decision Tree (DT), Multi-Layer
Neural Networks, Support Vector Regression (SVM), and K-
Nearest Neighbor (KNN) for crop yield prediction on 10 crop
datasets and finds that DT gives the lowest errors and is an
appropriate tool for large-scale crop yield prediction.

In one study [11], scientists examined the performance of
RF, XGBoost, and KNN for crop yield prediction with rainfall
and temperature data and found that RF was best for yield
predictions. Another study conducted by [12] employed RF,
Support Vector Machine (SVM), Least Absolute Shrinkage
and Selection Operator (Lasso), and neural models on soil and
weather data for winter wheat yield prediction and concluded
that neural models outperform other models. More relevant
studies were done by [13], [14], demonstrating RF as a
better ML predictor than other ML models. Other studies [4],
[15] applied ensemble ML models, compared them with an
individual ML model and concluded that ensemble ML models
performed better than a single ML model. In relation to data
pre-processing, Ngo et. al [16] used the nearest fields to fill
in the missing values in soil nutrients like pH.

More research findings demonstrate the significance of
combining several data sources, such as weather and satellite
data, for crop yield prediction as they are much more effective
in capturing yield variability than when models are based on
individual data source [12], [17], [18]. In other works [19],
[20], authors utilize and compare agro-climatic indices to
determine the weather variability for corn yield. Based on
adverse weather indices, researchers evaluate a variety of bad
weather circumstances that might affect crop productivity in
a separate study [21]. The motivation for the present study
emerged from the yield-limiting factors that impact crop yield.

IV. DATA DESCRIPTION

The data sources used in this study consist of soil and
weather datasets covering a large number of farms for a
number of years. A farm is divided into several fields, and
a field is further divided into zones. A zone is defined as
a sub-region within a field that has similar characteristics in
terms of crop management [8]. Let Z be a set of zones:

Fig. 1. Study Locations in the United Kingdom

Z = {z1, z2, . . . , zn}. For each zone zi by year, the following
features are grouped into two categories: soil data and weather
data. The soil information has been fetched from CONTOUR1

and the weather data has come from the Iteris ClearAg weather
dataset2.

Figure 1 shows various locations in the United Kingdom for
which this study has been conducted. Some of the locations
are distant from those that are nearest to one another.

The soil data contains information about the soil tests
conducted in the farming zones. These soil tests are infrequent
(typically every 3–4 years) because they are expensive and also
because the values do not vary substantially over relatively
short periods of time. Since we are using a time frame of
one year per instance, we assume that the soil properties do
not meaningfully change in that time and so treat them as
constants. If a zone doesn’t have a soil test in a given year,
the most recent test done in the same zone in the year before
is used to map the soil. However, weather data is a collection
of a series of time points. An instance I in the dataset can be
represented as follows

I = [Y ear, ZoneID, Sx,Wy, Y ield] (1)

where Sx represents x soil data features and Wy represents y
weather data features. In other words, it can be represented as

I = [Y ear, ZoneID, S1, . . . , Sx,W1, . . . ,Wy, Y ield] (2)

1CONTOUR is a soil dataset that gives information about the soil physical
and chemical properties of a farm, field, and zone along with the zone
boundaries, latitude, and longitude, provided by Origin Enterprises: the
industry partner in the CONSUS project https://contour.ag-space.com/

2Iteris ClearAg provides weather data for farms with a spatial resolution
of 1km

https://contour.ag-space.com/


Fig. 2. Data Description of a Zone

where I is represented by Sx (where x is the total number of
soil data variables), ZoneID, and Wy (where y is the total
number of weather variables used in the study).

Figure 2 shows soil and weather data attributes used in this
study from 2013 to 2018. It comprises soil nutrients (P, K,
Mg), physical properties (soil type, stone content), chemical
properties (organic matter, CaCO3, pH), and the yield for a
zone along with sowing and harvest dates. The numerous soil
type classifications in the dataset are shallow, medium, deep
clay, and deep fertile; stone content is stoneless, low, moderate,
high, and gravel; organic matter is low, moderate, and very
high; and CaCO3 is slightly calc, calc, extremely calc, and
potentially acidic. In addition, the weather data comprises air
temperature, precipitation, solar radiation, and humidity. The
total number of zones, mean yield and standard deviation of
yield in each year are shown in table I.

TABLE I
ZONE COUNT AND AVERAGE YIELD FOR EACH YEAR

Years Total Zones Mean Yield (t/h) Std Dev
2013 359 8.99 1.86
2014 335 10.78 1.61
2015 362 11.71 1.36
2016 221 9.94 1.42
2017 331 10.24 1.79
2018 264 9.36 1.75

Box plots are used to show the yearly trend and the monthly
seasonality of weather data. This helps to understand the
distribution, outliers, mean, median, and variance of weather
data. As only the growth period months that are significant
for winter wheat are examined in this study, the corresponding
months are shown in the Figures 3, 4, 5, and 6.

Fig. 3. Trend of Average Temperature by Year and Seasonality by Month

Fig. 4. Trend of Precipitation by Year and Seasonality by Month

Fig. 5. Trend of Humidity by Year and Seasonality by Month

Fig. 6. Trend of Solar Radiation by Year and Seasonality by Month

The fact that soil data for a zone was only available every
three to four years while weather data was available every day
shows how different the original datasets were. These have
been examined, preprocessed, and brought into a common
format, ready for further analysis by ML models. So, this
study was done on multiple datasets to predict the crop yield
of winter wheat at the zone level, where each zone has its own
soil and weather data.

V. DATA PREPROCESSING

The original soil and weather data contain many inconsis-
tencies, outliers, noise, and missing values. It is necessary to
preprocess it before analysis. The data preprocessing proce-
dure begins with identifying and correcting data errors, filling
in missing values, applying feature engineering techniques to
extract new features, integrating data, and finally transforming
and filtering the data to prepare it for modelling purposes.

Figure 7 depicts several datasets that have been prepro-
cessed and then merged to produce a master soil dataset.



Winter wheat was filtered from the original soil dataset that
also included many other crops. A few duplicate soil testing
and yield values for the same zone and year were eliminated.
With the assistance of domain specialists in agriculture, several
soil nutrient and yield data values were determined to be
incorrect and/or impossible. Those are most likely the result
of human error. These were removed from the soil data
collection. Soil ordinal data, such as soil type, stone content,
organic matter, and CaCO3 were converted into numerical
characteristics using ordinal encoding. After the crop, farm,
and zone datasets have been preprocessed, they are combined
to generate a soil dataset.

Fig. 7. Soil Data Preprocessing and Integration

Figure 8 illustrates the pre-processing stages used for
weather data. Temperature, precipitation, solar radiation, and
humidity are employed in this study as weather variables. The
goal of feature engineering is to find new, useful character-
istics and use them in modelling. Since we are interested in
representing time series data in a weekly-based analysis, pre-
processed weather data is used for each week of all years
investigated (2013–2018).

Fig. 8. Weather Data Preprocessing

The average temperature (Tavg) is calculated by averaging
the temperature (T) over a week. As one of the most crucial
weather factors affecting crop yield, according to to [19], we
used temperature in this study to derive two agro-climatic
indices: degree days and effective growing days.

Degree days (DDsum) are calculated as the maximum of
0 and the average of the maximum daily temperature (Tmax)
and the minimum daily temperature (Tmin), summed over a
week. The total number of days in a week when the average
temperature is greater than 5°C is referred to as effective grow-
ing days (EGDtotal). The accumulated precipitation (APsum)
is calculated by adding precipitation (P) over a week. Solar
radiation (SR) is summed over a week to get accumulated solar

radiation (SRsum). Humidity (H) is averaged over the week to
get average humidity (Havg). The formulas for weather data
are listed below.

• Tavg = mean((T ), week)
• DDsum = sum(max(0, (Tmax + Tmin)/2), week)
• EGDtotal = count((Tavg > 5◦C), week)
• APsum = sum((P ), week)
• SRsum = sum((SR), week)
• Havg = mean((H), week)

After preprocessing soil and weather data, the data integration
step begins. Figure 9 illustrates the week-based representation
of weather and soil data features for each zone after integrating
preprocessed soil and weather data. The x-axis represents
features, i.e., weather and soil. The y-axis represents time i.e.,
1st week, 2nd week, ..., nth week. The z-axis represents zones
i.e., 1st zone, 2nd zone, ..., nth zone.

Fig. 9. 3D Cube showing features after data integration

The last step is to transform and filter the data, which makes
the combined weather and soil data ready to use for modelling
purposes. Figure 10 depicts each instance based on common
weather attributes and agro-climatic indices for growth period
weeks and soil data, as well as yield for each zone.

Fig. 10. 2D Matrix showing features after data transformation, filtering

For modelling purposes, not all weeks are essential for
winter wheat production. Only growth period weeks that are



important for winter wheat yield production are included in the
study, i.e., weeks beginning with sowing dates through week
16 are omitted, and weeks from 17 through 40 are included
(where week 1 is the week where the crop was sown). In
practice, this typically covers a period between February and
July.

VI. EXPERIMENTS DESCRIPTION SETUP

• This study is predicated on the understanding that weather
has a significant impact on crop yield. Consequently, the
primary aim is to demonstrate this through data analytics
(performing the analytics on real-world datasets). In this
work, we apply a series of ML algorithms to predict
winter wheat crop yield using a) just soil data and b)
integrated soil and weather data. We design a set of ex-
periments to observe whether there is a significant effect
and assess the data preprocessing efficiency developed for
these datasets.
The weather data is presented in two forms: common
weather attributes (i.e., temperature, humidity, precipi-
tation, solar radiation), and agro-climatic indices (i.e.,
degree days, effective growing days).

• We carried out the ML model evaluation not only by ob-
serving the error change but also by its significance. For
instance, we evaluate if there is a significant difference
between the absolute errors from soil to integrated soil
and weather data.

The data utilized in this study covers the years 2013 to 2018.
We train a collection of ML algorithms using data from 2013
to 2017 and then test them on the 2018 dataset. Utilized
are several regression models (Decision Tree, Support Vector,
Random Forest, Extra Trees, LightGBM, Gradient Boosting).
MAE is selected as the evaluation metric.

VII. EXPERIMENT RESULTS

Several experiments have been designed based on the data
attributes. We started with soil attributes and then added the
weather attributes. These are described in the following:

A. Winter Wheat Yield Predictions on Soil Data

Table II and Figure 11 depict MAE, z-score, and p-values
on the evaluation year 2018 after training the soil data for
growth period weeks from 2013-2017. To compare the ML
models within soil data, we carried out statistical significance
tests.

TABLE II
YIELD PREDICTIONS ON SOIL DATA

Models Soil Data z score p value
Decision Tree 2.25 2.10 0.017
Support Vector 1.76 -0.32 0.624
Random Forest 1.76 -0.32 0.624

Extra Trees 1.89 0.32 0.372
LightGBM 1.74 -0.41 0.661

Gradient Boosting 1.63 -0.96 0.831

Fig. 11. Yield Predictions on Soil Data

For each ML model, the z-score is calculated using the mean
and standard deviation of all ML models, and the p-value is
calculated using a standard normal distribution. It is noted that
although the ML models slightly differ in their predictions,
with gradient boosting having the lowest MAE of 1.63 t/h,
these differences are not significant.

B. Winter Wheat Yield Predictions on Integrated Soil and
Weather Data

Table III and Figure 12 show MAE, z-score, and p-values
on the same evaluation year 2018 after training the integrated
soil and weather data for growth period weeks from 2013-
2017. Here likewise, statistical significance tests are done
to compare the ML models’ performance. Results suggest a
similar trend, i.e., the ML models vary somewhat in their
predictions; gradient-boosting has the lowest MAE of 1.48
t/h, but these variations are not statistically significant.

TABLE III
YIELD PREDICTIONS ON INTEGRATED SOIL AND WEATHER DATA

Models Soil and Weather Data z score p value
Decision Tree 3.41 2.26 0.012
Support Vector 1.65 -0.28 0.610
Random Forest 1.56 -0.41 0.658

Extra Trees 1.54 -0.44 0.669
LightGBM 1.58 -0.38 0.648

Gradient Boosting 1.48 -0.52 0.700

Fig. 12. Yield Predictions on Integrated Soil and Weather Data



C. Comparison of yield predictions on Soil Data and Inte-
grated Soil and Weather Data

Table IV and Figure 13 illustrate MAE, and p-values for soil
and integrated soil and weather data on the same evaluation
(2018) and training period (2013-2017). Since we are trying
to measure whether the addition of weather data to soil data
improves yield prediction, our alternative hypothesis is that the
MAE of integrated soil and weather data is less than the MAE
when only soil data is used. Here, p-values are calculated using
a one-tailed paired t-test by comparing the absolute errors on
soil and integrated soil and weather data for each ML model.

It is noted from the results that p-values for implemented
ML models are below the 5% threshold, and thus the alter-
native hypothesis can be accepted. Consequently, it can be
said that there is a considerable difference between predictions
based on soil data alone and predictions based on soil plus
weather data, and the performances of ML models may be
compared.

Results state that linear models like decision trees do not
perform well when weather data is added; however, non-
linear models (e.g., ensemble models and boosting algorithms)
improve the yield predictions. Gradient Boosting captured
yield variability most effectively among the ML models and
was able to demonstrate an improvement from 1.63 t/h to 1.48
t/h when the weather data was added to the original soil-only
dataset.

TABLE IV
COMPARISON OF YIELD PREDICTIONS ON SOIL DATA AND INTEGRATED

SOIL AND WEATHER DATA

Models Soil Data Soil and Weather Data p value
Decision Tree 2.25 3.41 6e−13

Support Vector 1.76 1.65 0.011
Random Forest 1.76 1.56 0.002

Extra Trees 1.89 1.54 1e−5

LightGBM 1.74 1.58 0.001
Gradient Boosting 1.63 1.48 0.027

Fig. 13. Comparison of Yield Predictions on Soil Data and Integrated Soil
and Weather Data

VIII. DISCUSSION AND CONCLUSION

This study intends to investigate whether the addition of
weather data to soil data is helpful in making winter wheat

crop yield predictions, based on the data collected from a
wide range of fields in the UK. The data is heterogeneous
and contains significant missing values, noise, and outliers.
After preprocessing the data, the goal is to assess its validity
in predicting crop yield.

We use several learning algorithms on this dataset. We
first observe that these algorithms return the same error level.
Second, we observe that while the error was improved between
soil data and soil and weather data combined, it is not at
the level that it should be, meaning that the data is not
representative enough to highly reflect the effect of weather
conditions on crop yield for many reasons, including a) The
data is still very noisy (for instance, the soil data within
one year is supposed to be the same, which is a gross
approximation); b) The dataset is small and not representative
enough, and c) Other dimensions were not considered in this
study due to a lack of data and may have a very significant
impact on yield.

One can notice that linear learning models are not per-
forming well on this application, which was well predicted
as the correlations between the soil, weather data, and yield
are not linear. In general, non-linear ML models demonstrated
enhanced crop yield prediction ability; gradient boosting with
the lowest MAE on soil data and on the integration of soil
and weather data.

This mixed-type dataset has geographical and temporal
dimensions, with temporal dimensions outweighing spatial
dimensions. Consequently, it is crucial to examine them using
time-series learning methods, the focus of our subsequent
work.

IX. ACKNOWLEDGEMENT

This research is funded under the SFI Strategic Partnerships
Programme (16/SPP/3296) and is co-funded by Origin Enter-
prises Plc.

REFERENCES

[1] N. Zhang, M. Wang, and N. Wang, “Precision agriculture—a worldwide
overview,” Computers and electronics in agriculture, vol. 36, no. 2-3, pp.
113–132, 2002.

[2] L. Klerkx, E. Jakku, and P. Labarthe, “A review of social science on
digital agriculture, smart farming and agriculture 4.0: New contributions
and a future research agenda,” NJAS-Wageningen Journal of Life
Sciences, vol. 90, p. 100315, 2019.

[3] S. Wolfert, L. Ge, C. Verdouw, and M.-J. Bogaardt, “Big data in smart
farming–a review,” Agricultural systems, vol. 153, pp. 69–80, 2017.

[4] N. Balakrishnan and G. Muthukumarasamy, “Crop production-ensemble
machine learning model for prediction,” International Journal of
Computer Science and Software Engineering, vol. 5, no. 7, p. 148, 2016.

[5] N. Chergui, M.-T. Kechadi, and M. McDonnell, “The impact of
data analytics in digital agriculture: A review,” in 2020 International
Multi-Conference on:“Organization of Knowledge and Advanced
Technologies”(OCTA). IEEE, 2020, pp. 1–13.

[6] V. M. Ngo and M.-T. Kechadi, “Crop knowledge discovery based on
agricultural big data integration,” in Proceedings of the 4th International
Conference on Machine Learning and Soft Computing, 2020, pp. 46–50.

[7] K. G. Liakos, P. Busato, D. Moshou, S. Pearson, and D. Bochtis,
“Machine learning in agriculture: A review,” Sensors, vol. 18, no. 8,
p. 2674, 2018.

[8] T. Van Klompenburg, A. Kassahun, and C. Catal, “Crop yield prediction
using machine learning: A systematic literature review,” Computers and
Electronics in Agriculture, vol. 177, p. 105709, 2020.



[9] J. H. Jeong, J. P. Resop, N. D. Mueller, D. H. Fleisher, K. Yun, E. E.
Butler, D. J. Timlin, K.-M. Shim, J. S. Gerber, V. R. Reddy et al.,
“Random forests for global and regional crop yield predictions,” PloS
one, vol. 11, no. 6, p. e0156571, 2016.

[10] A. Gonzalez-Sanchez, J. Frausto-Solis, and W. Ojeda-Bustamante, “Pre-
dictive ability of machine learning methods for massive crop yield
prediction,” Spanish Journal of Agricultural Research, vol. 12, no. 2,
pp. 313–328, 2014.

[11] A. Nigam, S. Garg, A. Agrawal, and P. Agrawal, “Crop yield predic-
tion using machine learning algorithms,” in 2019 Fifth International
Conference on Image Information Processing (ICIIP). IEEE, 2019,
pp. 125–130.

[12] X. Wang, J. Huang, Q. Feng, and D. Yin, “Winter wheat yield prediction
at county level and uncertainty analysis in main wheat-producing regions
of china with deep learning approaches,” Remote Sensing, vol. 12,
no. 11, p. 1744, 2020.

[13] J. Han, Z. Zhang, J. Cao, Y. Luo, L. Zhang, Z. Li, and J. Zhang,
“Prediction of winter wheat yield based on multi-source data and
machine learning in china,” Remote Sensing, vol. 12, no. 2, p. 236,
2020.

[14] Y. Cai, K. Guan, D. Lobell, A. B. Potgieter, S. Wang, J. Peng, T. Xu,
S. Asseng, Y. Zhang, L. You et al., “Integrating satellite and climate data
to predict wheat yield in australia using machine learning approaches,”
Agricultural and forest meteorology, vol. 274, pp. 144–159, 2019.

[15] B. Q. Huang, C. Du, Y. Zhang, and M. T. Kechadi, “A hybrid hmm-

svm method for online handwriting symbol recognition,” in Intelligent
Systems Design and Applications, International Conference on, vol. 3.
IEEE Computer Society, 2006, pp. 887–891.

[16] Q. H. Ngo, N.-A. Le-Khac, and T. Kechadi, “Predicting soil ph by using
nearest fields,” in International Conference on Innovative Techniques and
Applications of Artificial Intelligence. Springer, 2019, pp. 480–486.

[17] J. Cao, Z. Zhang, F. Tao, L. Zhang, Y. Luo, J. Han, and Z. Li,
“Identifying the contributions of multi-source data for winter wheat yield
prediction in china,” Remote Sensing, vol. 12, no. 5, p. 750, 2020.

[18] Y. Wang, Z. Zhang, L. Feng, Q. Du, and T. Runge, “Combining multi-
source data and machine learning approaches to predict winter wheat
yield in the conterminous united states,” Remote Sensing, vol. 12, no. 8,
p. 1232, 2020.

[19] J. A. Mathieu and F. Aires, “Assessment of the agro-climatic indices
to improve crop yield forecasting,” Agricultural and forest meteorology,
vol. 253, pp. 15–30, 2018.

[20] S. B. Rasmussen, S. Blenkinsop, A. Burton, P. Abrahamsen, P. E.
Holm, and S. Hansen, “Climate change impacts on agro-climatic in-
dices derived from downscaled weather generator scenarios for eastern
denmark,” European Journal of Agronomy, vol. 101, pp. 222–238, 2018.

[21] C. Harkness, M. A. Semenov, F. Areal, N. Senapati, M. Trnka, J. Balek,
and J. Bishop, “Adverse weather conditions for uk wheat production
under climate change,” Agricultural and Forest Meteorology, vol. 282,
p. 107862, 2020.


	Abstract
	Introduction
	Literature Review
	Data Description
	Data Preprocessing
	Experiments Description Setup
	Experiment Results
	Winter Wheat Yield Predictions on Soil Data
	Winter Wheat Yield Predictions on Integrated Soil and Weather Data
	Comparison of yield predictions on Soil Data and Integrated Soil and Weather Data

	Discussion and Conclusion
	Acknowledgement
	References

