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Abstract

Large-scale yield prediction of major crops is important to ensure rational science-based policy in agricultural economic
activity, especially in planning import and export of plant products and food security assessment. Remote sensing is flexible
and convenient tool for the evaluation and prediction of crop yields on large areas. In this study, remote sensing data on the
normalized difference vegetation index, calculated for the croplands of Kherson region, were applied to create regression
models of potato, vegetables, fruits, and berries yields in the region. The normalized difference vegetation index values were
calculated using raw MODIS Terra images for the croplands of the region, retrieved from the service of the University of Natural
Resources and Life Sciences (Vienna, Austria) and GIMMS Global Agricultural Monitoring System for the period 2005-2021.
The average annual yields of the crops in the region were retrieved from the Ukrainian State Statistical Service for the stipulated
period. As a result, linear regression models and models based on artificial neural networks were created to predict yields
based on the values of the normalised difference vegetation index. The strongest relationship between the remote sensing
data and yield was established for vegetables (in May, R=0.63), while the weakest relationship was established for fruits and
berries (in August, R=0.33). The regression models developed have a reasonable to good prediction accuracy for potatoes
and vegetables (MAPE=10.04—21.07%), while the prediction of fruits and berries yields has a low precision and reliability. The
developed models could be further used in agrarian policy substantiation in Kherson region, as well as in scientific purposes.
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Artificial neural network-based models provided better predictive accuracy but are less helpful in understanding the principles
of regional crop yield prediction.

Keywords: artificial intelligence, crop, economy, plant production, regression, remote sensing.

Introduction
Remote sensing is a universal tool for various agricultural applications, e.g., environmental monitoring, crop

mapping, vegetation cover monitoring, drought events monitoring, disease and insects spreading, floods and
desertification scales, etc. (Teke et al., 2013). Today it is one of the irreplaceable constituents of global food security
provision, as well as ecological safety (Karthikeyan et al., 2020). It is also widely implemented for irrigation and
fertilization management, prediction of yields in plant science, using different spatial vegetation indices as predictors.
Yield prediction is an important part of current agricultural science because it is crucial for rational agricultural planning,
adjustment of agrotechnology’s, plant products supply forecasting and provision of food security. Crop yield prediction
should be an additional instrument in the field of agrarian economy, supporting strategic planning of plant production
and food import-export policy (Nyéki & Neményi, 2022).

To satisfy the task mentioned above, methods for regional large-scale yield predictions for major crops should be
developed. There are different ways for large-scale yield predictions, based on various empirical approaches and
simulations, e.g., using photosynthetically active radiation amounts (PAR), leaf area indices (LAI), solar induced
chlorophyll fluorescence parameters (SICF), light, water, and nutrients use efficiency, etc. (Karthikeyan et al., 2020).
Simulation models are usually realised in the form of specialised software applications; the most popular of them are
DSSAT (Jones et al., 2003), WOFOST (Van Diepen et al., 1989), APSIM (Holzworth et al., 2014), and CERES (Timsina &
Humphreys, 2006). But simulation models and software are not limited to this list. However, remote sensing-based
predictions are now gaining popularity and demand, as they are comparatively simple and reliable enough to provide

relevant information on possible scenarios of crop production in a certain agricultural location.
Most scientists use vegetation indices to develop remote sensing-based crop yield predictions. The normalized

difference vegetation index (NDVI) and Enhanced Vegetation Index (EVI) have the highest popularity in scientific
community (Baret & Guyot, 1991; Liu, 1995). Other remote sensing-based approaches utilise normalised difference water
index (NDWI), two-band EVI (EVI2), Green-Red Vegetation Index (GRVI), and vegetation condition index (VCI) as
predictors (Gao, 1996; Jiang et al., 2008; Motohka et al., 2010).

Besides, current science has huge mathematical and statistical apparatus to build up predictive models with the
highest accuracy, relevance, and fitting quality. The choice of certain mathematical approach in the yield prediction
depends mainly on the number of inputs used in the model, their distribution pattern, and the aims of prediction.
Sometimes, more sophisticated and mathematically strong methods are not applicable for predictions because of small
sample size, or its great inequality, or unnormal distribution of data, etc. Artificial neural networks, for example,
notwithstanding their great performance and accuracy, are inappropriate in many scientific and practical purposes
because it is impossible to derive the way to solve the prediction task (so called “black box nature”), as in regression

modelling, making the latter relevant even considering its relative “out-of-date” status (Karthikeyan et al., 2020).
The main purpose of this study was to establish the relationship between the values of the regional Normalised

Difference Vegetation Index (NDVI), calculated for the croplands of the Kherson region, and the average annual yields of
potatoes, vegetables, fruits and berries, cultivated there. Mathematical models were also developed to predict the yields of
the crops mentioned above on a regional scale.

Materials and Methods

The average annual yields of potatoes, vegetables, fruits, and berries harvested in the Kherson region in the period
2005-2021 were taken from official statistical reports, presented by the Ukrainian State Statistical Body in statistical
yearbooks. Monthly values of the regional NDVI for the Kherson region croplands were calculated using the raster analysis
toolkit from raw images (MODIS Terra, 250 m resolution, smoothed series), downloaded from the satellite monitoring
service at the University of Natural Resources and Life Sciences (Vienna, Austria); partly NDVI images were analysed on a
regional scale using the plot analysis toolkit of the GIMMS Global Agricultural Monitoring System.
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The relationship between NDVI values and the yields of the studied crops was established through the common
Pearson correlation analysis procedure (Yadav, 2018). The interpretation of the correlation relationship was made by the
Evans guidelines (1996). The relationship was established for each month of vegetation of active crops, so that it could

further be determined which term of NDVI screening fits best for yield prediction.
Yield prediction models were developed using linear regression analysis. The reason for the choice in favour of linear

function is that the sample size is medium (N=17), the variation of the inputs (assessed using the coefficient of variation
CV) is moderately high, therefore, polynomial functions could not be used without the risks of overfitting (Draper &
Smith, 1998; Jenkins & Quintana-Ascencio, 2020). Linear regression analysis was performed using the common procedure
within the BioStat v.7 software. The models for the prediction of the yield were developed using the calculated values of
the regression coefficient and interception. The precision of the models was evaluated through the calculation of the mean
absolute percentage error (MAPE), and their fit quality was determined by the values of the predicted coefficient of
determination (Chicco et al., 2021).

Artificial neural network-based models were developed using Tiberius software. The back propagation of errors
algorithms was used to train the networks. The neural networks had five hidden neurones, the learning rate was 0.80,
training was performed in 1000 epochs. Neural networks are a prospective and promising way of environmental and
biological modelling, though they have a great drawback in the impossibility of clear derivation of the algorithms, used by
the network to achieve the solution (Vozhehova et al., 2019a).

Results and Discussion

The initial data used in the study are presented in Tab. 1 and 2. The values of the coefficient of variation (CV) testify
about the moderate dispersion of the inputs. The lowest dispersion was found for the NDVI values in June, whereas the
highest dispersion was found in the values in April. The greatest variation instability was in the yields of fruits and berries,
while the lowest was in potato yields. This factor greatly affected the accuracy and reliability of the yield prediction
models, as will be seen below.

Table 1. Average monthly NDVI values for the croplands of Kherson region

Year Month
March April May June July August

2005 0.29 0.30 0.45 0.50 0.52 0.50
2006 0.34 0.35 0.42 0.54 057 0.47
2007 0.33 0.40 0.45 0.40 0.37 0.33
2008 0.32 0.40 0.56 0.58 0.47 0.47
2009 0.30 0.33 0.45 0.57 0.40 0.40
2010 0.31 0.32 0.45 0.56 0.56 0.55
2011 0.25 0.25 0.43 0.54 0.50 0.45
2012 0.33 0.39 0.46 0.50 0.51 0.50
2013 0.43 0.47 0.50 0.51 0.50 0.49
2014 0.45 0.49 0.52 0.52 0.49 0.46
2015 0.44 0.50 0.55 0.57 0.55 0.51
2016 0.45 0.51 0.56 0.57 0.56 0.53
2017 0.42 0.49 053 0.54 0.52 0.49
2018 0.46 0.50 0.53 053 0.53 0.51
2019 0.46 0.52 0.56 0.56 0.54 0.51
2020 0.38 0.42 0.50 0.54 0.46 0.42
2021 0.35 0.35 0.57 0.61 0.53 0.52

Ccv 18.36% 20.24% 10.56% 9.00% 10.62% 10.98%




121 | Lykhovyd et al.

Table 2. Average annual yields of potato, vegetables, fruits, and berries in Kherson region

Year Potato Vegetables Fruits and berries
2005 9.60 13.90 7.67
2006 9.70 14.50 1.86
2007 9.00 12.10 4.66
2008 10.20 16.70 5.45
2009 10.20 22.10 5.40
2010 10.40 19.40 7.45
2011 11.00 24.00 10.69
2012 10.70 28.80 10.11
2013 10.00 27.20 10.35
2014 11.20 28.90 9.66
2015 12.10 30.10 8.52
2016 11.80 31.30 7.61
2017 11.00 30.40 7.87
2018 11.90 31.60 8.78
2019 11.60 32.20 6.91
2020 12.60 31.79 5.62
2021 19.10 30.20 4.96
cv 19.80% 28.40% 32.73%

The relationship between the yield of the crops studied and the vegetation index by each month is presented in Tab. 3.
The best correlation was established for the yields of vegetable crops and the regional NDVI in May, while the lowest
correlation was determined for fruits and berries. The Pearson correlation coefficient value for fruits and berries was 0.09-
0.33, making it almost impossible to predict reliable yields for these crops.

Table 3. Correlation between the yields of the studied crops and monthly NDVI

Crop March April May June July August
Potato N/A 0.56 0.57 0.57 0.26 N/A
Vegetables N/A 0.62 0.63 0.42 0.33 0.41
Fruits & berries N/A 0.20 0.09 -0.09 0.17 0.33

Note: *N/A means “not applicable” for this period of time because of absence of actively vegetating crop in the field.

The regression models for the crops’ yields prediction, developed based on the results of linear regression analysis, are

presented in Tab. 4. The regression statistics for the evaluation of their accuracy and quality of fitting are provided in
Tab. 5.

Table 4. Linear regression models for potato, vegetables, fruits, and berries yields prediction

Crop Model

Potato Yield=-3.5970+27.7080xNDV/I
Vegetables Yield=-18.2710+86.6660xNDV!I
Fruits & berries Yield=0.3748+14.4510xNDVI

Table 5. Regression statistics for the linear models of potato, vegetables, fruits, and berries yields prediction

Statistical criteria Potato Vegetables Fruits & berries
R 0.5718 0.6346 0.3278
MSE 3.5931 32.1500 5.3885
S 1.8955 5.6701 2.3213
RSQ 0.3270 0.4027 0.1074

RSQ adjusted 0.2821 0.3629 0.0479
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RSQ predicted 0.1375 0.2226 0.0452

MAPE 10.04% 21.07% 34.53%
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Figure 1. Fitting quality and the graph of dispersion of the regression models for potato, vegetables, fruits, and berries yields
prediction

From the results, described in Table 5, it is evident, that the best fitting quality (Fig. 1) is attributed to the model of
vegetables yield prediction, while the highest accuracy is associated with the model of potato yield prediction. According
to current classification (Moreno et al., 2013), the model of potato yield prediction belongs to good forecasting models,
while the models for vegetables, fruits, and berries yields are of reasonable quality. The model for fruits and berries yields
prediction has low fitting quality along with high MAPE; therefore, it could not be recommended for practical use. The
regression statistics for the neural network-based models are given in Tab. 6.

Table 6. Regression statistics for the neural network-based models of potato, vegetables, fruits, and berries yields prediction

Statistical criteria Potato Vegetables Fruits & berries
R 0.9323 0.7705 0.4349
RSQ 0.8691 0.5937 0.1891
MAPE 1,39% 1.34% 4.52%

As expected, neural network-based models perform much better in terms of precision and fitting quality. However,
they are only of theoretical usefulness, as it is impossible to derive the function of yield dependence on NDVI. The poorest
performance was associated with fruits and berries, while the best fitting quality was for potato, and the least MAPE value
was attributed to vegetables.

Discussion
Large-scale yield prediction based on remote sensing is a prospective and relevant approach to ensure timely

forecasts, which is essential for rational agrarian policy and provision of food security. Most studies in this direction were
targeted on the prediction of yields of such staple food crops as winter wheat (Ren et al., 2008), barley (Weissteiner &
Kithbauch, 2005), rice (Huang et al., 2013), corn (Mkhabela et al., 2005), some oil crops (Lykhovyd, 2021), and soybeans
(Andrade et al., 2022). Models, used for regional crop yield prediction, differ in their accuracy and fitting quality
depending on the initial data sets and mathematical approaches applied to create the forecasts. However, most of the
NDVI-based models provide sufficient accuracy to be used in science and practise.

Regarding NDVI-based potato yield prediction, the study by (Vannoppen & Gobin 2022) provided a moderately good
predictive model, which could be applied in the conditions of Northern Belgium. The model has higher fitting quality, but
the mean square error values are comparatively high. As for vegetable crops, fruits, and berries, there are just a few
studies, where the yields of particular crops (not cumulative yields as in our case) were successfully estimated using
remote-sensing NDVI data (Maselli et al., 2012; Bai et al., 2019; Suarez et al., 2020). Therefore, our models are the first to
predict cumulative yields of vegetables and fruits. However, we must admit that the quality of the predictions for fruits
and berries is much lower than expected; therefore, it is not recommended to apply the model for practical purposes. This
could be put upon the



123 | Lykhovyd et al.

fact that the crops, included in both groups, are quite different by their morpho-biological qualities, especially, if we

are talking about fruits and berries (represented by trees, bushes, shrubs, and herbaceous plants).
Besides, it was testified one more time that artificial intelligence, represented by neural networks, is superior to

regression modeling. Models based on neural networks are 10-20 times more accurate in yield prediction, while the fit
quality is almost twice better. However, some studies claim that the quality of modelling does not differ significantly in
the case of neural networking approach and regression (Grzesiak et al., 2003). However, it may depend not only on
the architecture of neural networks, but also on the activation functions applied, as well as on the software used to build
the model (Lykhovyd, 2018; Vozhehova et al., 2019b). Generally, artificial neural networks are preferable method of
nonlinear modelling in life sciences, the main drawback is their “black-box nature”, which is difficult to open and
analyse for non-specialists in data science (Castelvecchi, 2016).

To sum up the discussion it is necessary to state that

i)  Remote sensing NDVI data could be used to predict yields of major crops on the regional scale when used in
appropriate time and directly for the crop mask or croplands mask;

ii) Linear regression models provide satisfactory forecasts, however, if we need rougher and more accurate
prognosis, it is better to pass the ball to artificial neural networks.

Conclusions

The results of the current study provide new information on the prediction of regional yields in the South of Ukraine.
Regression models, built up for potato and vegetables, have moderate fitting quality and good predictive accuracy, so that
they could be applied both for scientific and practical purposes. NDVI-based forecasting of the yields of major crops on the
regional scale is of high importance nowadays, and this approach should be further studied and developed to ensure
rational agrarian policy and food security.
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