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A B S T R A C T
Artificial intelligence may represent an efficient strategy for simulation and optimization 
of important processes in agriculture. The main goal of the study is to propose the use of 
artificial intelligence, namely artificial neural networks and genetic algorithms, respectively, 
in the simulation of oat grain yield and optimization of seeding density, considering the main 
succession systems of southern Brazil. The study was conducted in a randomized complete 
block design with four replicates, following a 4 x 2 factorial scheme, for seeding densities 
(100, 300, 600 and 900 seeds m-2) and oat cultivars (Brisasul and URS Taura), in succession 
systems of corn/oats and soybean/oats. A multi-layered artificial neural network and a 
genetic algorithm were implemented in Java programming language, and the results obtained 
from this implementation were compared with traditional polynomial regression. The use 
of artificial intelligence through neural networks and genetic algorithms allows the efficient 
simulation of oat grain yield and better optimization of seeding density in comparison to 
polynomial regression, considering the main succession systems in southern Brazil.

Inteligência artificial na otimização da densidade
de semeadura e simulação da produtividade da aveia
R E S U M O
O uso de inteligência artificial pode representar uma estratégia eficiente de simulação e 
otimização de processos importantes na agricultura. O objetivo deste estudo é propor o uso 
de inteligência artificial via redes neurais artificiais e algoritmos genéticos, respectivamente, 
na simulação da produtividade de grãos de aveia (Avena sativa) e na otimização da densidade 
de semeadura, nos principais sistemas de sucessão do sul do Brasil. O estudo foi conduzido 
em blocos ao acaso com quatro repetições em esquema fatorial 4 x 2, para as densidades 
de semeadura (100, 300, 600 e 900 sementes m-2) e cultivares de aveia (Brisasul e URS 
Taura), nos sistemas de sucessão milho/aveia e soja/aveia. Implementou-se uma rede neural 
artificial de múltiplas camadas e um algoritmo genético, em linguagem de programação 
Java, e comparou-se os resultados obtidos desta implementação com análises tradicionais 
de regressão polinomial. O uso de inteligência artificial via redes neurais artificiais e 
algoritmos genéticos permite simular com eficiência a produtividade de grãos de aveia e 
melhor otimização da densidade de semeadura na comparação com regressão polinomial, 
considerando os principais sistemas de sucessão no sul do Brasil.
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Introduction

Computer techniques have great relevance in the simulation 
and optimization in various areas (Krug et al., 2015; Barbosa et 
al., 2016). Simulation models are essential in the identification 
of factors that influence agricultural production and more-
efficient managements (Mello & Caimi, 2008; Leal et al., 2015). 
Artificial intelligence (AI) techniques have emerged as an 
alternative in the development of simulation and optimization 
models (Leal et al., 2015; Soares et al., 2015). Among AI 
techniques, artificial neural networks (ANNs) present a 
mathematical model inspired in the neural structure of 
intelligent organisms, capable of performing computer learning 
and pattern recognition (McCulloch & Pitts, 1943; Çelebi et 
al., 2017). Genetic algorithm is also an AI technique inspired 
in the mechanisms of evolution of living organisms, which 
promote agility in the formulation and solution of optimization 
problems (Bento & Kagan, 2008; Zheng et al., 2017).

Oat (Avena sativa) is one of the most cultivated species 
in southern Brazil, for soil cover, crop rotation and food 
production (Castro et al., 2012; Hawerroth et al., 2015). 
Studies aiming at simulation and optimization with the oat 
crop through AI via artificial neural networks and genetic 
algorithms are inexistent in the Brazilian research, although 
they can contribute to important processes related to the 
management of the species. Since the expression of oat grain 
yield depends on seeding density (Silva et al., 2012; Romitti 
et al., 2017), using different densities in the alteration of grain 
yield may serve as basis for training the network and validate 
the use of AI for simulation and optimization. 

This study aimed to propose the use of artificial intelligence 
via artificial neural networks and genetic algorithms in the 
simulation of oat grain yield and optimization of seeding 
density, respectively, in the main succession systems of 
southern Brazil.

Material and Methods

The experiment was carried out in the field, in 2016, in the 
municipality of Augusto Pestana, RS, Brazil (28° 26’ 30’’ S; 54° 
00’ 58’’ W). The soil of the experimental area is classified as 
typic dystroferric Red Latosol and the climate of the region, 
according to Köppen’s classification, is Cfa, with hot summer 
without dry season. Sowing was performed in the first week 
of June using a seeder-fertilizer machine. The plot consisted of 
five 5-m-long rows spaced by 0.20 m, totaling an experimental 
unit of 5 m2. Applications of the fungicide Tebuconazole were 
made at dose of 0.75 L ha-1. Weeds were controlled using the 
herbicide metsulfuron-methyl at dose of 4 g ha-1.

The experiments were conducted in two cultivation 
systems, involving the cover of soil by plant residues with high 
and reduced C/N ratios, corn/oat and soybean/oat systems, 
respectively. In each system, the experimental design was 
randomized complete blocks with four replicates, in a 4 x 2 
factorial scheme, for seeding densities (100, 300, 600 and 900 
viable seeds m-2) and oat cultivars (Brisasul and URS-Taura), 
respectively. The cultivars used represent the standard biotype 

desired in the commercial plantations of southern Brazil, with 
short cycle, reduced size and resistant to lodging, but differing 
for the tillering capacity (Brisasul: high; URS Taura: reduced). 
Yield was obtained by cutting the three central rows of each 
plot at harvest maturity point and threshing in stationary 
threshing machine. Then, plants were taken to the laboratory 
to correct grain moisture to 13% and weighed to estimate grain 
yield (GY, kg ha-1).

A multi-layered ANN was implemented in Java 
programming language to simulate oat yield by the different 
seeding densities. ANN structure was composed of three layers, 
containing 1 neuron in the input layer, 3 neurons in the hidden 
layer and 1 neuron in the output layer. The ANN was trained 
using the backpropagation algorithm (Riedmiller & Braun, 
1993), considering seeding density as input data and grain 
yield as output data. ANN training was performed individually 
for each cultivar and succession system, with 70% of the data 
used for training and 30% for validation.

A genetic algorithm was implemented in the Java 
programming language for the optimization of ideal seeding 
density, with definition of a population of 100 individuals and 
a limit of 50 generations, fixing mutation rate at 5% and elitism 
rate at 2%. In the selection process, the roulette wheel method 
was used; in the crossover, the method called single-point or 
simple method was used (Golmohammadi et al., 2016), the 
ones with best fits based on the optimization tests.

Data obtained in the field regarding the different seeding 
densities were subjected to second-order polynomial regression 
analysis, commonly used in the optimization and simulation 
of factors with quantitative training levels (Romitti et al., 
2017). After meeting the assumptions of homogeneity and 
normality by Bartlett’s test, analysis of variance of regression 
was conducted to detect main and interaction effects. Based 
on this information, a second-order equation (GY = b0 ± b1x 
± b2x

2) was fitted for optimizing seeding density to maximum 
technical efficiency (MTE = -b1/2b2) and then grain yield was 
simulated based on the optimal density obtained. Results of 
optimization and simulation through regression were used as 
reference for comparison with the results of optimization and 
simulation through artificial intelligence via genetic algorithms 
and artificial neural networks, respectively.

Results and Discussion

In the soybean/oat system, the grain yields of the oat 
cultivars were similar to those obtained by simulation via 
ANN, regardless of the seeding densities evaluated (Table 
1). In this system, there was a trend of increase in grain yield 
at the points of 300 and 600 seeds m-2, with yield reduction 
at the highest density. This same behavior occurred with the 
simulation via ANN, which gives consistency to the use of the 
artificial intelligence techniques employed.

In the corn/oat system, the actual values of grain yield and 
those obtained by simulation also evidenced high similarity 
(Table 1). In this system, the increase in seeding density also 
favored greater expression of grain yield, but with different 
behaviors between both cultivars. The values of the cultivar 
URS Taura showed greater expression of grain yield at the 
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points of 600 and 900 seeds m-2. On the other hand, the 
cultivar Brisasul exhibited higher actual yields at the points 
of 300 and 600 seeds m-2. These responses were expected 
because it is a more restrictive system of residual N and due 
to the lower tillering capacity of the cultivar URS Taura, which 
demands higher number of seeds per area. The obtained actual 
conditions that differentiated the behavior of the cultivars in 
the succession system were also recognized by simulation 
system via artificial intelligence, reinforcing the possibility of 
using this tool in the simulation of oat cultivation processes.

The use of artificial neural networks has presented itself 
as an efficient alternative to conventional models in the 
recognition of patterns and simulation of cultivation processes 
(Silva et al., 2014; Soares et al., 2014). Rogenski et al. (2012) 
found efficiency of the artificial neural networks in the 
estimation of infection percentage of leaf diseases in wheat, as 
assistance in decision-making. Soares et al. (2015) observed the 
possibility of using artificial neural networks in the estimation 
of corn grain yield, considering the morphological variables 
of the crop. The efficiency of artificial neural networks in the 
processes of simulation was also observed by Soares et al. 
(2014) in the estimation of bean yield. Castro et al. (2013) 
proposed the use of artificial neural networks in the modeling 
of growth and stand of eucalyptus located in northern Brazil.

Promising results with the use of artificial neural networks 
were found by Leal et al. (2015) adopting soil attributes in the 
simulation of corn grain yield. In study on adaptability and 
stability of cowpea, Teodoro et al. (2015) found similarity of 
the parameters obtained by the traditional method of Eberhart 
& Russel (1966) and the use of artificial neural networks.

One of the simplest strategies to program the irrigation 
calendar is the use of reference evapotranspiration. Resende 

& Oliveira (2005) conducted studies to increase the accuracy 
in evapotranspiration calculation by artificial neural networks, 
obtaining great success. Moreira & Cecílio (2008), through 
artificial neural networks, obtained monthly and annual 
estimates of minimum, mean and maximum air temperatures 
in the Northeast region of Brazil, allowing for higher accuracy 
in comparison to the regression equations found in the 
specialized literature.

In the optimization and simulation of oat seeding density 
in the soybean/oat system (Table 2), the cultivar URS Taura 
showed through the regression equation an ideal seeding 
density of 510 seeds m-2, and expected grain yield of 3480 kg ha-1. 
The ideal seeding density with the use of genetic algorithms was 
480 seeds m-2 and yield simulation by artificial neural networks 
of 3560 kg ha-1. In the cultivar Brisasul, the seeding density 
through regression was 460 seeds m-2 and expected yield was 
3960 kg ha-1. In this cultivar, the use of genetic algorithm 
indicated optimal density of 400 seeds m-2 with simulation of 
an expected yield of 3990 kg ha-1.

The results for the soybean/oat system demonstrate high 
similarity of yields obtained by regression and artificial neural 
networks. In addition, optimization via genetic algorithms 
showed the possibility of lower number of seeds in the tested 
cultivars, maintaining the same expected yield. Emphasis is also 
given to the efficiency of the artificial intelligence techniques 
in the recognition of patterns between the cultivars, indicating 
higher seeding density for URS Taura, due to the genetic 
characteristic of lower expression of tillering. 

In the corn/oat system, the cultivar URS Taura showed 
seeding density fitted by regression of 650 seeds m-2 and 
expected yield of 3080 kg ha-1. The ideal seeding density 

Table 1. Values observed and simulated by artificial neural network for oat grain yield at different seeding densities in 
the succession systems

Genotype
100 seeds m-2 300 seeds m-2 600 seeds m-2 900 seeds m-2

GYO GYS GYO GYS GYO GYS GYO GYS

Soybean/oat system - Grain yield (kg ha-1)
URS Taura 2753 2757 3268 3268 3443 3443 2737 2739
Brisasul 2687 2688 3857 3857 3668 3668 2223 2224
Overall mean 2720 2722.5 3562.5 3562.5 3555.5 3555.5 2480 2481.5

Corn/oat system - Grain yield (kg ha-1)
URS Taura 2171 2171 2764 2764 3034 3033 2912 2913
Brisasul 2080 2082 2865 2865 2959 2959 2464 2465
Overall mean 2125.5 2126.5 2814.5 2814.5 2546.5 2996 2688 2689

GYO – Grain yield observed under actual field conditions; GYS – Grain yield simulated by artificial intelligence via artificial neural networks

R2 - Coefficient of determination; P(cx2) – Probability of the regression equation slope parameter at 0.05 probability level; * - Significant at 0.05 probability level; ID – Ideal density obtained by 
regression; GYE -  Grain yield estimated by regression using ideal density; ID (GA) – Ideal density obtained by artificial intelligence via genetic algorithms; GYE (ANN) – Grain yield estimated 
by artificial intelligence via artificial neural networks

Genotype

Regression Artificial Intelligence

y = a ± bx ± cx2 R2 P

(cx2)

ID

(s m-2)

GYS

(kg ha-1)

ID (GA)

(s m-2)

GYS (ANN)

(kg ha-1)

Soybean/oat system
URS Taura 2333 + 4.55x – 0.0045x2 0.99 * 510 3480 480 3560
Brisasul 1992 + 8.51x – 0.0092x2 0.98 * 460 3960 400 3990
Overall Mean - - 485 3720 440 3775

Corn/oat system
URS Taura 1842 + 3.79x – 0.0029x2 0.99 * 650 3080 540 3040
Brisasul 1655 + 5.14x – 0.0047x2 0.96 * 550 3060 460 3020
Overall Mean - - 600 3070 500 3030

Table 2. Analysis of regression and artificial intelligence in the optimization of seeding density and simulation of oat 
grain yield
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using genetic algorithms was 540 seeds m-2 and the expected 
yield through artificial neural networks was 3040 kg ha-1. In 
the cultivar Brisasul, the ideal seeding density was 550 seeds 
m-2, with expected yield of 3060 kg ha-1. In this cultivar, the 
ideal density through genetic algorithm was 460 seeds m-2 
and the yield estimated by ANN was 3020 kg ha-1. Regardless 
of the cultivar, the similarity between yields estimated by 
regression and ANN was also found and with higher quality 
of optimization via genetic algorithms, indicating reduction 
in the use of seeds with similar expected yield.

The recognition of patterns by artificial intelligence between 
the cultivation systems was also identified, showing through 
the overall mean (Tables 1 and 2) higher grain yield in the 
soybean/oat system compared with the corn/oat system. In 
addition, the necessity of higher seed density for the corn/
oat system, especially using the cultivar URS Taura, with 
lower tillering capacity, was recognized. According to Figure 
1, the expression of oat grain yield as a function of seeding 
density via artificial intelligence and polynomial regression 
demonstrates the same trend of behavior, thus proving the 
efficiency of these techniques for simulation and optimization 
in the oat crop management, representing a tool of assistance 
to decision-making.

The technique of artificial intelligence by genetic algorithm 
has been employed in different areas seeking solutions for 
optimization problems (Miranda et al., 2015; Salvino et al., 
2015). The use of genetic algorithm was reported by Costa 
et al. (2010) in the reduction of energy costs in water supply 
systems. Salvino et al. (2015) used genetic algorithm to 
identify irregularities in water distribution systems in cities. 
Simões & Ebecken (2016) proved the efficiency of genetic 
algorithms in the optimization  of supports for refinery 
ovens. Barbosa & Lobato (2016) indicated the use of genetic 
algorithms in the optimization process, in the estimation 
of drying kinetic parameters of food products. By using 
genetic algorithms, Ferreira Neto et al. (2011) optimized the 
spatial organization of areas in agrarian reform projects by 
the yield index of the crops according to the soil suitability 
class. However, informatization of the rural environment 
is an inevitable evolution and the manipulation of large 
amount of data is only possible using computer methods 
and resources (Barbosa, 2011). Therefore, the solution of 
problems through artificial intelligence in the use of artificial 
neural networks and genetic algorithms is very attractive, 
creating the possibility of superior performance compared 
with validated conventional models.

Figure 1. Observed behavior of grain yield via regression and artificial neural network (ANN): soybean/oat system 
(URS Taura) (A), soybean/oat system (Brisasul) (B), corn/oat system (URS Taura) (C) and corn/oat system (Brisasul) (D)

URS Taura (soybean/oat) Brisasul (soybean/oat)

URS Taura (corn/oat) Brisasul (corn/oat)
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Conclusion

The use of artificial intelligence via artificial neural 
networks and genetic algorithms allows to efficiently simulate 
oat grain yield and with better optimization of seeding density, 
compared with the polynomial regression, considering the 
main succession systems in southern Brazil.
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