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Abstract. In this study, a neural network model was developed and
investigated for predicting crop yields based on data on weather conditions,
the use of fertilizers and the content of basic nutrients in the soil (nitrogen,
phosphorus and potassium). The research is based on the use of a multilayer
perceptron architecture with Rely activation functions for hidden layers and
linear activation for the output layer. The evaluation of the model quality
was carried out using the mean square error (MSE), which was 0.5783 in the
test sample, demonstrating high accuracy of predictions. Visualization of the
results included analysis of scatter plots, residuals, histograms of residuals
and comparison of distributions of actual and predicted values. The results
obtained confirm the effectiveness of the proposed model for yield
forecasting tasks, which makes it a valuable tool for optimizing agricultural
production.

1 Introduction

Agriculture is the main source of food for mankind, and its successful functioning directly
depends on effective resource management and accurate forecasting of yields. Crop yields
can be subject to significant fluctuations due to a variety of factors such as weather
conditions, soil conditions, agrotechnical measures and biotic stressors (pests and plant
diseases). The unpredictability of these factors creates the need to develop methods capable
of predicting yields with high accuracy, which, in turn, contributes to a more rational use of
resources, reducing risks and increasing the sustainability of agricultural production [1-4].

One of the promising approaches to solving this problem is the use of machine learning
methods and neural networks. These methods allow you to analyze a large amount of data
and identify hidden dependencies between various factors affecting productivity [5, 6]. In
particular, artificial neural networks (ANS) have proven to be a powerful tool for modeling
complex nonlinear dependencies in data [7-10].

The purpose of this work is to develop and study a neural network model for predicting
crop yields based on data on weather conditions, the use of fertilizers and the content of basic
nutrients in the soil (nitrogen, phosphorus and potassium).
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2 Research methods

Neural networks (NS) are computational models inspired by biological neurons that are used
to solve various machine learning tasks, including classification, regression, and clustering.
Neural networks consist of many interconnected artificial neurons organized into layers [11-
13]. The main components of a neural network are an input layer, one or more hidden layers,
and an output layer [14].

The activation function is used to introduce non-linearity into the model, which allows
the neural network to model complex dependencies [15-17]. In this study, ReLU (Rectified
Linear Unit) activation functions and linear activation for the output layer were used. The
loss function evaluates the quality of the model's predictions [18]. The mean square error
(MSE) function was used in this study. The optimization algorithm is used to adjust the
weights of the neural network in order to minimize the loss function. In this case, the Adam
algorithm was used [19-22].

First, the model architecture was selected. A multilayer perceptron neural network (MLP)
with three hidden layers was chosen to predict yield. The number of neurons in the hidden
layers is 64, 32 and 16, respectively, were selected experimentally to achieve the best results.

The next stage involved training the model. The model was trained on a training sample
using the Adam optimization algorithm and the MSE loss function. The learning process
involved setting up hyperparameters such as the number of epochs and the batch size.

Next, the model was evaluated. The quality of the model was evaluated on a test sample
using the MSE metric. The results were also visualized for a more detailed analysis of the
model's operation.

The dataset includes information on the number of fertilizers applied per unit area,
temperature conditions during the growing period, nitrogen, phosphorus and potassium
content in fertilizers or soil, measured in pounds per acre, as well as crop productivity,
expressed in the amount of crop harvested per acre.

3 Results

The average quadratic error (MSE) was chosen as the main metric for evaluating the quality
of the model [23]. The MSE value in the test sample was 0.5783, which indicates a fairly
high accuracy of the model in predicting crop yields.

The scatter plot helps to visually compare how well the model predicts real values. If the
model works well, the points on the graph should be located close to the perfect match line
(diagonal line). The scattering diagram is shown in Figure 1.
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Actual vs. predicted values
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Fig. 1. Scatter plot.

The remainder graph is a scatter plot that shows the residuals (the differences between the
actual and predicted values) on the vertical axis and the actual values on the horizontal axis
[24, 25]. 1t is shown in Figure 2.
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Fig. 2. Remainder graph.

Most of the residuals are concentrated in the range from -1 to 1, which indicates that most of
the model's predictions are fairly accurate. However, there are significant outliers, especially
noticeable at the bottom of the graph (about -2). There is no obvious trend or pattern in the
distribution of residuals, which is good. This indicates that the model does not systematically
overestimate or underestimate the values.

The histogram of the residuals shows the distribution of model errors (the difference
between the actual values and the predicted values) [26-28]. It is shown in Figure 3.
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Histogram of the distribution of residues
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Fig. 3. Histogram of the residuals.

Most of the residuals are in the range from -1 to 1, which suggests that the model is generally
good at predicting values, however, there are several significant errors (outliers) in the range
from -2 to 1. Several values of the residuals fall outside the range from -1 to 1, which may
indicate the presence of outliers. These outliers may be the result of data that the model failed
to correctly predict, or data that does not match the overall trend in the dataset. The highest
density of residues is observed in the range from -0.5 to 0, which indicates the tendency of
the model to underestimate predictions in this range.

Comparing the density of the distribution of the actual and predicted values will help to
assess how much the distributions of the predicted values coincide with the actual values [29-
31]. The graph is shown in Figure 4.
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Fig. 4. Density of the distribution of the actual and predicted values.
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It can be seen from the graph that the actual values of the indicator have a higher distribution
density in the range of values above the predicted ones. This means that the model on the
basis of which the forecasts were made underestimates the real values of the indicator. In
other words, forecasts tend to be lower than the actual values.

Box plot helps to visualize the distribution of data and identify the presence of outliers
[32, 33]. Figure 5 shows the distribution of actual and predicted values.

Box plot of actual and predicted values
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Fig. 5. Box plot.

The median of the actual yield values is higher than the median of the predicted values. This
means that, on average, the actual harvest was higher than predicted. The range of the actual
yield values (interquartile range) is greater than the range of the predicted values. This means
that the actual harvest was more variable than predicted. There are outliers in both samples.
However, there are more outliers in the sample of actual values than in the sample of
predicted values.

The graph of the learning curve shows how the error changes on the training and test
datasets depending on the number of training epochs [34, 35]. This helps to understand
whether the model is under-trained or over-trained. The graph is shown in Figure 6.
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Fig. 6. Learning curve.

The learning error decreases rapidly during the first 20 epochs. This means that the model
learns quickly from the training data. Validation error also decreases, but more slowly than
learning error. This means that the model begins to retrain on the training data. The validation
error reaches a minimum at the 40th epoch, and then begins to grow. This means that the
40th epoch is optimal for this model. In general, this graph indicates that the model is well
trained.

4 Conclusion

In this study, a neural network model was developed and tested to predict crop yields based
on data on weather conditions, fertilizers and the content of nutrients in the soil. The main
goal was to create an effective tool for agronomists and farmers, which would make it
possible to more accurately predict yields and, consequently, optimize the processes of
growing crops [36].

The neural network model showed good results, which is confirmed by the low value of
the mean square error (MSE) in the test sample. The use of a multilayer perceptron
architecture with ReLU activation functions and linear activation for the output layer made
it possible to create a sufficiently powerful and accurate model. Visualization of the results,
including graphs of predicted versus actual values, residue distribution, and distribution
density, showed that the model is able to predict crop yields fairly accurately [37, 38].

In general, the developed neural network model has demonstrated its effectiveness in
predicting crop yields. It represents a significant step forward in the use of artificial
intelligence technologies in agronomy. Further research and model improvements can lead
to even more accurate and useful tools for the agricultural sector.
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