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THE USE OF ARTIFICIAL NEURAL NETWORKS TO PREDICT THE SPATIAL
VARIABILITY OF GRAIN QUALITY DURING COMBINE HARVEST OF WHEAT

Summary

The aim of the study was to attempt to build and validate the neural model controlling the qualitative selection of the stream
of grain mass as early as the stage of combine harvesting of winter wheat. The model uses the highest possible number of
data describing locally changeable environmental conditions such as: protein content, moisture and yield of wheat grain,
soil abundance in basic nutrients (total Kjeldahl nitrogen, exchangeable phosphorus and potassium, magnesium) and
additionally - the pH coefficient, content of organic matter in soil and the relative altitude. The construction of the neural
model was preceded with a multiple regression analysis. The results of the analysis (o = 0.05) indicated statistical
significance of all of the traits under analysis, which influence grain quality and are defined as the content of protein. The
MLP neural network (9-30-1) consisted of one hidden layer containing 30 neurons, one output and nine inputs. The network
learning was done with the BFGS (Broyden-Fletcher-Goldfarb-Shanno) algorithm in a single phase during 827 epochs with
the SOS error function. The study was a part of the development project No. R12 0073 06 entitled “Development and
validation of the technology for separation grain stream during cereals selective harvesting”, financed by the Polish
National Centre for Research and Development.
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WYKORZYSTANIE SZTUCZNYCH SIECI NEURONOWYCH DO PROGNOZOWANIA
ZMIENNOSCI PRZESTRZENNEJ JAKOSCI ZIARNA PODCZAS ZBIORU
KOMBAJNOWEGO PSZENICY

Streszczenie

Celem pracy bylo podjecie proby budowy i walidacji modelu neuronowego sterujqcego selekcjq jakoSciowq strumienia
masy ziarna juz na etapie kombajnowego zbioru pszenicy ozimej. Model wykorzystuje jak najwiecej danych opisujqcych
lokalnie zmienne warunki sSrodowiskowe takie jak: zawartosci biatka, wilgotnos¢ i wielkos¢ plonu ziarna pszenicy,
zasobnosé gleby w podstawowe skiadniki pokarmowe (azot ogdlny, fosfor i potas wymienny, magnez) oraz dodatkowo
wspolczynnik pH, zawartos¢ materii organicznej w glebie oraz wysokos¢ wzglednqg NPM. Budowe modelu neuronowego
poprzedzono analizq regresji wielorakiej. Wyniki tej analizy na poziomie a = 0,05 wskazaly istotnos¢ statystycznq
wszystkich badanych cech wplywajqcych na jakosé¢ ziarna zdefiniowanq jako zawartos¢ biatka. Zbudowana sie¢ neuronowa
typu MLP (9-30-1) skladata sie jednej warstwy ukrytej zawierajacej 30 neuronow, jednego wyjscia i dziewieciu wejsc.
Uczenie sieci z wykorzystaniem algorytmu BFGS wykonano jednofazowo w trakcie 827 epok z funkcjq bledu SOS. Prace
zrealizowano w ramach projektu rozwojowego nr R12 0073 06 pt: , Opracowanie i walidacja technologii rozdziatu
strumienia ziarna podczas selektywnego zbioru zboz” finansowanego przez NCBIR.

Stowa kluczowe: sztuczne sieci neuronowe, MLP, predykcja neuronowa, selektywny zbior zboz, spektroskopia VIS-NIR

1. Introduction

The process of combine harvesting of crops is a basic
and widely applied method of harvesting cereals in large-
area farmlands [2]. During harvest all threshed grain,
regardless of its quality, comes into one grain container.
However, as is widely known, the farmland area may be
considerably diversified in terms of soil abundance in
nutrients or moisture [3, 5, 6, 11, 14] and it may be
characterised by individual landform, which influences the
quality and quantity of crops. Usually the highest content of
protein can be observed in terrains located at a high level,
whereas the yield is higher in terrains located at lower
levels [3, 9].

So far research projects have usually been limited to
monitoring and recording the content of protein in
harvested grain [7, 8, 15]. Until recently attempts to divide
the stream of grain were only made in stationary conditions
in grain elevators [16]. However, in this solution the
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considerable distance between the place of measurement
and the place of grain harvesting does not guarantee
effective division due to the multiple mixing of grain during
harvest, reloading and transport. As a result, the quality
variance observed in the field is lost and the grain
represents averaged traits describing its quality. Therefore
attempts to divide grain during combine harvesting are
justified [12, 13].

However, the authors of this study are of the opinion
that the decision algorithm used for controlling the process
of grain stream division, which is based only on the data
obtained from the spectrometer assessing the quality of
harvested grain, may be unreliable. As Maertens [8] proved,
this fact may be particularly evident in the case of very
dynamic variations in the parameters describing grain
quality and simultaneous considerable delays of the signal
due to the time of the flow of grain through the threshing
and cleaning mechanisms of the combine harvester. At the
same time the authors think that the likelihood of making
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the right decision to channel grain into one of the two
chambers of the grain container in the harvester may be
increased by using the information about variable
environmental conditions in the direct neighbourhood of the
harvester at work.

Therefore, due to the fact that the authors had a database
on grain parameter variability (moisture and winter wheat
grain yield) and the variability of topsoil yield parameters
(the content of total Kjeldahl nitrogen, exchangeable
phosphorus and potassium, magnesium, pH coefficient, the
content of organic matter in soil) they made an attempt to
check how much the parameters influence the content of
protein in winter wheat grain. However, the main goal of
the study was to make an attempt to build and validate the
neural model [1, 4] controlling the qualitative selection of
the grain mass stream at the stage of combine harvesting of
winter wheat. The model uses the highest possible amount
of data describing locally changeable environmental
conditions.

2. Material and methods

In order to build the necessary database to generate the
neural network data obtained in 2011 from five winter
wheat production fields were used. The fields belong to
three experimental farms of Poznan University of Life
Sciences and they are located in the western part of the
Wielkopolska region (Poland). Soil and grain samples for
further analyses, grain spectrums and basic data about the
location of spectrums and samples were obtained from the
fields of the total area of 112 ha.

8 weeks before harvesting soil samples were collected
from the layer placed at 0-0.25 m. Mixed samples of the
weight of about 1000 g were collected in a regular square
network, where the area of one cluster was 1 ha for the
fields larger than 20 ha and 0.5 ha for the fields smaller
than 20 ha. An individual mixed sample was made up of
16-18 primary samples. A precise network of the places of
sample collection was made by means of a GNSS Novatel
Smart V1 kit with a TDS Recon recorder and 3R Area Pro
software for field mapping. The laboratory analysis of the
soil samples was made at the Laboratory of the District
Agri-Chemical Station in Poznan, accredited by the State
Accreditation Centre for the measurements which are the
research subject. For the soil samples the content of total
nitrogen was labelled with the Kjeldahl method, the content
of absorbed phosphorus (P,Os) and potassium (K,0) with
the Egner-Riehm method, magnesium (MgO) — with the
Schachtschabel method, the organic matter — with the
Tiurin method and the pH — with the potentiometric method
in 1nKCL

In order to obtain the spectrums of wheat grain and to
collect grain samples during harvest a Claas Lexion 480
combine harvester was used. It was equipped with an
AgroSpec spectrometer (Tec5), a GNSS NovAtel PROPAK
V3 RT2 receiver with the RTK update of the ASG-EUPOS
system, a standard system for yield measurement —
Quantimeter and an automatic grain sample collection
system constructed at the Institute of Agricultural
Engineering in Poznan. The absorption spectrums of
radiation were recorded by means of diffuse reflection at
the wavelength ranging from 400 to 2170 nm, with
interpolated resolution up to 2 nm. A contact measurement
probe installed in the measurement channel accumulating
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the grain sample collected from the grain conveyor of the
combine harvester was used for this purpose. While the
combine harvester was working, 21.2 thousand spectrums
were recorded and 599 grain samples were collected, for
which the geographical position and altitude AMSL were
also recorded with subcentimetre accuracy. The obtained
values of altitude AMSL were converted to relative altitude,
where the lowest point in the field was assigned the value
of zero.

A Foss Infratec 1241 grain analyser was used to
measure grain moisture (according to PN-EN ISO 712) and
the content of protein in the dry weight of the grain in all of
the collected samples. On the basis of the results calibration
models were built by means of PLS (R2=0.75;
RMSECV=0.59 for protein content in SM and R2=0.85;
RMSECV=0.58 for grain moisture), which was available
from Unscrambler X software (CAMO Software AS). The
prediction of the content of protein and grain moisture was
made in the post-processing mode on the basis of the
collected spectrums.

The data which were obtained with the aforementioned
methods and the data about the yield (dry), obtained from
the board computer of the combine harvester, were initially
prepared by means of a spreadsheet (MS Office Excel).
Then, on their basis digital maps of spatial variability of the
aforementioned parameters were made with SMS Advance
Demo software (AgLeader). Next, the maps were
interpolated into a network sized 7 x 7 m and the data in
this form were exported to Statistica 10 package, where the
essential part of data analysis took place.

The construction of the neural model was preceded with
multiple regression analysis, whose aim was to prove the
significance a = 0.05 of the traits influencing the quality of
harvested grain, where the content of protein was
determined as quality (independent trait). The Pearson
linear correlation analysis was also used to determine the
influence of individual independent traits on the dependent
trait.

This methodology was also used in an earlier project
[10]. The effect of that project was a Kohonen self-
organising neural network. Unfortunately, the results of the
analysis of the network were not satisfying, so the aim of
this project was to create a new model based on
a multilayer perceptron neural network.

The neural model was prepared on the basis of the MLP
neural network based on the same data as those used in
multiple regression. The network structure with one hidden
layer was assumed and the BFGS learning algorithm
(Broyden-Fletcher-Goldfarb-Shanno) with a maximum
value of 1000 epochs was used.

3. Results

The multiple regression analysis confirmed the
statistical significance of a = 0.05 for all the independent
traits in relation to the dependent trait (the content of
protein) used for construction of the model. The multiple
correlation coefficient of the model was R = 0.44 and the
determination coefficient was R2=0.19. The standard error
of estimate was 0.99.

Table 1 shows a Pearson correlation analysis of all the
independent traits under analysis.

The MLP (9-30-1) neural network (Fig. 1) consisted of
three layers: the input layer containing 9 inputs, the hidden
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layer with 30 neurons and the output layer with one
dependent feature — the content of protein. The network
learning was carried out in one step with the BFGS
algorithm. During the 827 epochs (Fig. 2), the SOS (sum of
squares) error function and the method of activation were
used - the logistic method for the hidden layer and the
exponential method for the output layer. Figure 2 shows a
graph of the network training error for the training set
(highlighted in blue) and the validation set (highlighted in
red).

The learning file accounted for 50% of all the cases, and
the test set and the validation set accounted for 25% of the
cases. Figure 3 shows a fragment of the learning file (Fig. 3).
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Fig. 1. A view of the MLP network
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Fig. 2. A learning diagram of the MLP neural network with
827 epochs

The errors achieved different values: 0.092 - for the
learning set, 0.100 - for the test set and 0.098 — for the
validation set. The qualitative coefficients achieved the
following values: 0.920 - for the learning set, 0.916 - for the
test set, 0.915 - for the learning set.

Table 1 shows an analysis of the network sensitivity. It
indicates the highest rank for the relative altitude - 30.68.
Another trait affecting the content of protein under analysis
is the organic matter in soil, which achieved the value of
29.52. Similarly to the multiple regression, all the traits
under analysis were important during creation of the neural
model (error ratio > 1).
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Fig. 3. A part of the learning file
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Fig. 4. Network response surface

The surface of response was based on the results of the
analysis of the neural network sensitivity. One predicted
feature (protein content) and two dependent traits were
used: relative altitude and organic matter in soil.

4. Conclusions

The first stage of the study involved a multiple
regression analysis. The significance level (a = 0.05) gave
information about the significance of all independent traits
in the model. The information was the basis for further
analyses on the neural model, including all variables (the
dependent trait and independent traits). Unfortunately, the
low value of the determination coefficient of the regression
model, R2 = 0.19, does not guarantee the quality of the
model. The standard error of estimate was 0.99, which
results in the deviation value of 7.1%.

The neural model built on the MLP network proved that
the highest rank in the first position belongs to the
independent variable — the relative altitude. The analysis of
the network sensitivity showed another important trait — the
organic matter in soil.

The correlation analysis proves the influence of the
independent traits (relative altitude and organic matter in
soil) on the content of protein in wheat. The first trait
(organic matter in soil) achieved the maximum level
R = 0.33, but the other one amounted to R = -0.178.
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The results obtained from the correlation analysis Further research should include a more detailed analysis
correspond to the results obtained from the neural model,  of the data for individual fields. It should include the
although for the relative altitude the correlation is negative.  correlation and the error ratio between the multiple
It may indicate a non-linear nature of the problem studied. regression and the neural model.

Table 1. A comparison of the multiple regression model parameters and network sensitivity analysis

P Pearson correlation Network sensivity Network sensivity
arameter . . . . .
Grain protein content (%) analysis - error ratio analysis - rank
Relative altitude (m) -0.178 30.68 1
Yield dry weight (tonne/ha) -0.031 1.56 9
Grain moisture (%) 0.131 10.51 5
Soil Ny (mg/100g) 0.306 9.92 6
Soil P,0s (mg/100g) -0.064 12.45 3
Soil K,0 (mg/100g) 0.120 12.14 4
Soil MgO (mg/100g) 0.098 8.83 7
Soil pH (1) 0.004 7.97 8
Soil OM (%) 0.335 29.52 2
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