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Abstract: Crop yield prediction is relevant subject of current agricultural science. There are various
mathematical approaches to crop yield prediction, and regression analysis, notwithstanding the fact
that it is somewhat outdated, is still one of the most used ones in this purpose. The quality of pre-
dictive model is of great importance, and it is strongly dependent on the rational choice of the target
function. The goal of this study is to find out the best regression model for winter wheat, soybeans,
and grain corn yield prediction depending on the crops” water use. The data on true crops’ yields
and water use were collected within 1970-2020 at the experimental fields of the Institute of Climate-
Smart Agriculture, Kherson region, Ukraine. In total, 145 data pairs were processed by the best sub-
sets regression to find out the best model in terms of fitting quality (assessed by the Pearson’s coef-
ficient of correlation), and prediction accuracy (assessed by the values of the minimum and maxi-
mum absolute errors and mean average percentage error). As a result, it was established that the
best fitting quality for all the studied crops is attributed to cubic function, while the best accuracy is
recorded for hyperbolic (reverse) function in soybeans (mean absolute percentage error is 12.27%),
quadratic and hyperbolic functions in winter wheat (mean absolute percentage error is 20.54%), and
cubic function in grain corn (mean absolute percentage error is 14.92%). To sum up the results of
the study, it is recommended to apply cubic regression function for modeling crops’ yields in agri-
cultural studies.

Keywords: agricultural modeling; fitting quality; function; grain corn; prediction accuracy; soy-
beans; winter wheat

1. Introduction

Crop modeling is an important branch of modern agricultural science. Current crop
modeling is deeply integrated into modern systems of decision support, and includes such
directions as yield prediction, phenological modeling, growth and development simula-
tion, natural resources use simulation, environmental impacts modeling and forecasting,
agrotechnological modeling, etc. [1]. Among the mentioned above directions, yield pre-
diction is one of the most important one for science and practice. For example, it is ex-
tremely useful for food security, because nowadays decisions on food distribution policy
are taken with accordance to crop yields forecasts. Accurate predictions are essential for
rational trading decisions on the global grain and food market, and they also impact fair
distribution of food among the global population [2]. Besides, individual crop producers
also rely upon yield predictions in their everyday routine to take rational management
decisions on agrotechnology during the process of cultivation to obtain the highest possi-
ble yields under the best out pay of technological expenses and the least losses of crops’
productivity [2, 3]. Therefore, it is difficult to overestimate the importance of scientifically
sound yield predictions in modern agriculture.

At the time, there are different methodological approaches to solving the problem of
crops’ yield modeling and prediction. Generally, current predictive models could be
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classified as deterministic and stochastic [4]. Deterministic models are based on a concrete
initial input dataset, which must be properly organized and structured, while stochastic
models can handle unorganized datasets and the data with some degree of uncertainty.
Stochastic models have low practical use, while deterministic ones are the prevalent type
of mathematical models in agriculture, and could be subdivided into statistical, mecha-
nistic, and functional. Functional models, as well as mechanistic, often are complex and
are based on empirical calculations related to the well-established impacts of agrotechnol-
ogy or environment on crops. Such models are used in decision support systems, and one
of the most known and internationally recognized agricultural functional model is the
equation of Penman-Monteith for the reference evapotranspiration assessment [5, 6].

Statistical models are relatively old, but they still are of great demand and im-
portance. These models are based on the results of applying various statistical processing
methods to the analysis of the results of field experiments. First statistical models were
quite simple and of average or even low accuracy. But as novel, more perfect algorithms
appear in mathematical statistics, statistical models in agriculture become more compli-
cated and accurate [4].

The most widespread type of statistical models in agriculture is regression models.
They vary depending on the scope of the experimental work, dataset size, number of in-
puts, purposes of modeling, and utilize different regression analysis approaches, includ-
ing those from the simplest one represented by linear pairwise regression and ending with
the complex multiple fuzzy regression functions [7]. Notwithstanding the fact that regres-
sion models are sometimes referred to as not the best choice for agricultural modeling
with the advent of deep learning data processing, this statement is controversial, and a
great share of modern crops’ yields predictions are still successfully made using regres-
sion approaches, especially non-linear ones [8, 9]. However, it is stressed that the quality
and accuracy of regression modeling is strongly dependent on the rational choice of the
target function, and great difference between different regression approaches is claimed
and proved in the recent studies [10, 11]. Besides, it also depends on the right choice of
the inputs [12]. For example, if we are talking about crops’ yield modeling in the South of
Ukraine, one of the decisive factors affecting yields of the major crops is water availability,
as this region of the country is under high risks of drought and aridity increase [13]. There-
fore, it is rational to take this factor, expressed in different ways, as the input.

The main goal of this study is to find out the best approach among common regres-
sion analysis techniques, used nowadays in crops’ yield modeling, for the yield prediction
of major crops, cultivated in the South of Ukraine, by the volumes of their water use. Such
models are of great importance for sustainable crop production in the region, as it is one
that belongs to the area of highly risky agriculture because of constant lack of natural
water supply [14].

2. Materials and Methods

The study is based on the retrospective statistical data on the yields of winter wheat,
grain corn and soybeans, cultivated in the irrigated and non-irrigated experimental fields
of the Institute of Climate-Smart Agriculture (former Institute of Irrigated Agriculture) in
the period 1970-2020. The dataset for winter wheat included 45 “yield — water use” pairs
(collected within the period 1971-2016); the dataset for grain corn included 47 “yield -
water use” pairs (collected within the period 1970-2016); the dataset for soybeans included
53 “yield — water use” pairs (collected within the period 1981-2020). Yielding data in the
field experiments were established through direct harvesting of the crops, with further
recalculation of the yield to the standard moisture: 14% for grain of winter wheat and
corn, and 12% for soybeans. The water use of the studied crops was established by the
common methodology, explained in the work [15], using the Eq. (1):

WU = ER +SM + IR 1)
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where WU is water use, m*/ha; ER — effective rainfall (precipitation exceeding 50 m%ha);
SM - soil moisture used by the crops, m3/ha; IR — irrigation rate applied during the crop
growing season, m?/ha.

Effective rainfall was measured in the field conditions using the rain gauge. The
value of effective rainfall in mm was recalculated to m3/ha multiplying the first one by 10.
The soil moisture, used by the crops, was calculated as the difference between the mois-
ture at the time of sowing and harvesting. The soil moisture was determined by gravimet-
ric method [16].

For more details on initial datasets, used in the study, see Appendix A.

Mathematical modeling of the crops’ yields based on the values of their water use
was performed by the means of the best subsets regression analysis procedure within Bi-
oStat v.7 software [9, 17, 18]. The procedure embraced nine regression functions, described
in the Table 1.

Table 1. Regression functions used within the best subsets regression analysis to predict the crops’
yields by the values of their water use.

Function type Equation
Linear Y=ax+b
Quadratic Y=ax2+bx+c
Cubic Y=ax3+bx2+cx+d
Stepwise (Power) Y=axb
Exponential-1 Y=aeb
Hyperbolic (Reverse) Y=a+b/x
Logarithmic Y=a+bln(x)
Exponential-2 Y=abx
Sigmoid Y=eatb/x

The fitting quality of different regression models was evaluated by the value of Pear-
son’s correlation coefficient (R; the greater, the better), while the accuracy was assessed
by the values of mean absolute percentage error (MAPE; the less, the better) and the values
of the maximum absolute error (MAE,; the less, the better) and the amplitude of the abso-
lute errors (A; the less, the better) [19, 20]. The best model must have the lowest MAPE
and A, while the value of R should be the highest.

The final decision on the model quality was made through the calculation of total
score for each studied model. The total points “for” were calculated as the sum of the best
values of the studied statistical indices for each studied regression function, every index
is taken as 1 point. If the models have equal total score, the model with the highest R and
the lowest MAPE should be preferred.

3. Results

As a result of the crops’ yielding data statistical processing, in total 27 mathematical
models for the yield prediction depending on the crops” water use were developed (Table
2; for initial datasets configuration see Appendix A). The statistical indices for the models,
which were selected for the purpose of their fitting quality and accuracy evaluation, are
presented in the Table 3. The best regression function is chosen by the best total score,
presented in the correspondent graph of the Table 3.
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Table 2. Regression models for the crops’ yield prediction depending on their water use

Equations of the regression models

Function type

Grain corn Winter wheat Soybeans
Linear Y=1.1392x104x+3.4934 Y=6.4135-1.7234x104x Y=0.2058+0.0006x
) Y=6.4029x10-8x2+7.4585x10-4x Y=3.2958+1.3053x10-3x Y=0.1813x107x2
Quadratic
-11.74 -1.5903x107x2 +0.0019x-1.8718
Cubi Y=3.0951x10-11x3+4.0807x107x2 Y=12.927+1.3394x10-2x Y=0.3277x10-11x3
ubic
+1.6047x10-3x+26.492 —-3.0184x10-0x>+2.1646x10-10x3 -5.3722x10-8x2+0.0031-2.9201
Stepwise
Y=1.9388x10-3x072189 Y=1.619x0.12658 Y=4.5518x107x1585
(Power)
Exponential-1 Y=4.3889¢0-0001433x Y=6.5592¢-0-000034952x Y=0.345¢0-0005x
Hyperbolic
Y=14.86-27646/x Y=5.6093+815.47/x Y=4.1027-5102.03/x
(Reverse)
Logarithmic Y=39.592+5.7366In(x) Y=9.2518-0.4104In(x) Y=13.6679+1.9734In(x)
Exponential-2 Y=4.3889x1.0001x Y=6.5592%0.99997* Y=0.345x1.0005%
SlngId Y:ez‘?l —3482.7/x Y=e1A6352 - 366.81/x Y=e2.0212 —4249.6163/x
Table 3. Regression statistics of the models for the crops’ yield prediction depending on the water
use (the best values of the index are marked with bold font).
Statis Function type
Crop tics Linear Quad- Cubic Power Exp-1 Reverse Logarith- Exp-2  Sig-
ratic mic moid
R 0.40 0.46 0.47 0.40 0.38 0.43 0.42 0.39 0.42
% £ MAPE 1559% 1532% 14.92% 15.80% 15.94% 15.44% 15.47% 24.32%  15.68%
& 8 MAE 4.62 4.33 442 4.80 4.86 4.49 4.56 6.42 4.73
A 4.56 4.26 4.42 4.78 4.84 4.45 4.55 6.38 4.70
N R 0.08 0.14 0.22 0.05 0.08 0.03 0.06 0.02 0.03
% $§ MAPE 21.11% 2054% 20.59% 90.38% 21.26%  20.54% 20.66% 20.67%  26.57%
§ § MAE 3.52 3.81 3.59 8.40 3.48 3.75 3.73 3.87 4.29
A 3.45 3.80 3.53 6.93 3.44 3.70 3.66 3.86 4.26
R 0.79 0.87 0.87 0.74 0.63 0.87 0.85 0.63 0.83
L § MAPE  16.44%  12.28%  13.12% 20.41% 37.82% 12.27% 13.66% 37.78%  15.19%
& 2 MAE 0.92 1.00 1.14 1.60 4.15 0.98 0.89 4.14 0.85
A 0.87 1.00 1.12 1.56 4.06 0.97 0.88 4.06 0.82
Total pts. “for” 0 4 4 0 2 2 0 0 2

As a result of the models’ evaluation, it was found out that the best general quality
of the models (both in terms of fitting quality and prediction accuracy) is for soybeans,
and the worst — for winter wheat. This fact could be explained by higher homogeneity of
the input dataset for soybeans (the crop varieties varied less, all the crops were irrigated),
and the highest heterogeneity for winter wheat (many different varieties, cultivation in
the irrigated and rainfed conditions).

Besides, there is a difference in terms of the best response to regression functions.
Thus, grain corn and soybeans tend to have the best response for polynomial functions
(quadratic and cubic), while winter wheat — to exponential-1 and reverse functions.

Evaluating the final score for each model, we have found out an equal score of “4”
points for quadratic and cubic functions. Considering that cubic function will have higher
score if we neglect less important indices of the maximum absolute error and the ampli-
tude of the absolute errors, we suggest that cubic function should be the first choice for
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agricultural modeling. We suggest that linear, power (stepwise), logarithmic, and expo-
nential-2 functions should not be used unless there are strong reasons to implement these
functions in crop modeling. Of course, this study has its limitations, and the suggestion is
true for the models, developed on the basis of medium-size datasets (45-55 input pairs),
as in this study.

4. Discussion

Prediction of crop yields is relevant and, at the same time, challenging task of modern
agricultural science. As soon as the importance of crop yields prediction was admitted,
scientists all over the globe started the search for appropriate mathematical methods to
adopt them for the mentioned task [21]. Among statistical methods, regression analysis
has been the first one to serve for crop yield prediction [22].

Starting with simple linear function, regression approach grew more and more im-
portant and increased the complexity of the applied mathematical functions. In the course
of time, regression analysis became a dominant one in crop yield prediction by various
inputs (climate models, results of the field experiments, remote sensing data, etc.), with
numerous computation techniques and target functions involved, e. g., polynomial func-
tions, multiple and multivariate regression, stepwise, logistic regression, etc. [23, 24, 25,
26]. Besides, novel regression approaches are still being developed and introduced, e.g.,
an interaction regression model, fuzzy regression, which were proved to be quite reliable
and accurate in performing the task of yield analysis [27, 28]. At this point, right choice of
the approach applied to yielding data analysis became crucial, and the focus of researchers
should also be changed to studying the best statistical method for yield prediction in terms
of fitting quality and prediction accuracy [29, 30].

The studies, devoted to the issue, raised above, are quite limited. The study [31] is
somewhat like ours in terms of comparing different regression techniques for crop yields
prediction on the basis of rainfall income. Another study [32] investigated the efficiency
of Lasso and conventional polynomial regression techniques in crop yields prediction.
Comprehensive evaluation of modern popular techniques for crop yield prediction, in-
cluding multiple linear regression and stepwise linear regression, was performed by Gon-
zalez-Sanchez et al. [33]. All the referred studies provided different and valuable insights
into the art of choosing right modeling approach, and our study just supplements them
in terms of pure intra-comparison between regression analysis methods. The results of
each study are somewhat different, but general idea is still the same: the more appropriate
regression function is chosen, the better quality of crops’ yield prediction is received.

A few words should be said about more recent mathematical methods of crops’ yield
analysis, in particular, about artificial neural networks, which are of growing popularity
among scientific community. Convolutional neural networks alongside with long-short
term memory and deep neural networks are of the greatest demand and are increasing
their importance in various models for crop yields prediction [34, 35]. Often, especially
when we are talking about big datasets, these mathematical approaches appear to be
somewhat more accurate than conventional ones, including regression analysis [36, 37,
38]. However, the latter approach is not completely lost in the shade of artificial neural
networks.

Deep learning algorithms, combined with multiple regression analysis in different
ways, are proposed as a reasonable solution for precision crop yields prediction, and such
an approach has been successfully implemented in several studies [21, 39]. Such combined
models solve the issue of getting clear equation of yield prediction, because it is almost
impossible to get an idea on how particular neural network had achieved its modeling
results, due to so called “black box nature” of the latter. Besides, artificial neural networks
sometimes are prone to overfitting, while in regression analysis this is under the control
of a researcher [40]. Thus, regression analysis did not lose its value until now, when it is
deeply integrated with novel data analysis methods. And as in case of using regression
analysis as a self-sufficient data analysis method, it is highly important to choose right
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function for good combination with deep learning techniques. This issue will be the sub-
ject of our further investigations.

5. Conclusions

Although, regression analysis is looked upon as an outdated one, it is widely imple-
mented in agricultural sciences. Success of yield modeling is strongly dependent not only
on the quality and quantity of the model’s inputs, but also on the right choice of the target
function. Having analyzed regression statistics of the models for the three studied crops’
yield prediction, it is established that the best choice for the medium-sized pair datasets
is a cubic function. Linear, power (stepwise), logarithmic, and exponential-2 regression
should be avoided as it is highly unlikely to receive good prediction and fitting quality
with these functions.

Supplementary Materials: The supporting information is presented in the Appendix A to this man-
uscript.
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Appendix A

The initial datasest used un the study

No. of pair Grain corn Winter wheat Soybeans
Yield, t/ha Water use, m3/ha Yield, t/ha Water use, m3/ha Yield, t/ha Water use, m3/ha

1 8.91 5290 6.65 5862 3.68 4620
2 8.21 4580 5.54 5521 3.13 5060
3 7.44 5324 5.52 4762 3.15 4265
4 8.23 4357 6.01 4068 3.72 5310
5 9.14 4730 4.69 3177 3.66 5130
6 8.78 5110 6.60 4198 3.30 4850
7 8.62 4580 5.18 4244 2.47 3398
8 8.04 5060 6.74 4479 3.56 5440
9 8.66 4490 6.48 5184 1.90 4178
10 10.37 4770 5.90 4231 3.19 4019
11 9.82 4360 7.94 4572 291 5024
12 13.40 4644 6.82 5599 2.85 4960
13 10.61 5430 5.90 4276 2.88 4719
14 9.36 4570 6.54 3100 2.73 5246
15 9.70 4170 5.24 3946 3.67 4341
16 10.30 5080 7.76 4937 2.26 4762
17 9.12 3730 6.05 5663 3.74 4723
18 6.76 4005 7.39 3914 3.29 3763
19 8.11 3767 8.97 4016 2.27 4382
20 5.54 4210 8.24 4608 2.76 3104
21 5.38 4280 6.44 4279 2.58 3769
22 8.61 4302 4.30 4347 2.10 3846
23 9.54 4576 7.36 4016 3.04 5137
24 9.62 4140 4.76 4506 3.67 4538
25 4.38 3640 3.56 4929 2.67 4297
26 6.41 4570 3.37 5189 3.44 4783
27 3.83 4138 412 6341 291 6036
28 12.35 5300 5.86 5340 3.00 5950
29 7.74 4617 4.94 5126 2.80 4625
30 7.09 5214 5.59 3971 3.74 5221
31 8.47 4605 5.98 5351 2.33 4613
32 7.26 3562 2.02 5062 2.90 3569
33 9.46 4012 7.64 6138 2.72 4021
34 8.42 4012 5.79 6261 2.24 4020
35 11.67 4012 4.24 5122 3.09 4024
36 9.44 4109 5.25 4401 2.88 4118
37 6.56 3590 8.40 5347 2.60 4913
38 7.37 4012 3.44 5868 2.75 4922
39 8.69 4628 3.25 4849 2.85 4935
40 9.35 6177 4.00 5266 3.21 5362
41 8.54 6821 5.74 2913 3.38 5369
42 8.57 4755 4.82 2295 3.48 5382
43 12.29 5800 5.47 3316 2.84 5416
44 10.15 5299 5.86 5786 3.05 5421
45 9.38 4985 8.24 4637 3.11 5428
46 10.57 5978 - - 0.28 1343
47 12.95 5196 - - 0.30 1268
48 - - - - 0.26 1415
49 - - - - 0.28 1342
50 - - - - 2.04 2954
51 - - - - 2.54 2946
52 - - - - 2.82 3200
53 - - - - 243 3033
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