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Abstract

Soil compaction is a major problem affecting negatively the soil physical, chemical and biological properties and
impedes plant root growth. Soil penetration resistance values should be collected from many points of the pro-
duction area to determine the effects of these problems on plant growth. Soil penetration value collection from
large production areas is time-consuming and tedious application for researchers. Also, the number of measure-
ment points to what extent will be sufficient to evaluation on whole production area is not clear. To eliminate
this ambiguity, soil penetration values of the unmeasured points should be estimated to evaluate the whole area.
Acrtificial neural networks are one of the most popular mathematical computing and modelling method used to
estimate unknown data values with known data values. In this study, we collected 1603 samples of geographical
position and soil penetration value from 40 cm depth within the 20 ha field. From the 1603 values, 24% records
were selected for testing and the remaining 76% records were used for educating and validating. Soil penetration
values of the unmeasured points were estimated using Generalized Regression Neural Network (GRNN) method
in Matlab. In addition to mean squared error (MSE), root mean square error (RMSE), mean absolute error
(MAE) and R? has been also used for evaluation of prediction accuracy on GRNN method. The results showed
very good agreement between the predicted and the measured real values of soil penetration resistance.
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INTRODUCTION

The tractors, tillage tools and the machine systems this, the machines, which are operating on the com-
which are used in the agricultural production can pacted soil need extra energy (AL-ADAWI ET AL.,
cause field traffic. Especially today‘s machines such ~ 1996; ADAMCHUK ET AL., 2003). Therefore, the de-
as powerful tractors, combine harvesters etc. which  termination of the soil penetration resistance level is
are becoming heavier because of their additional at- quite important for sustainable production, yield and
tached equipment, have become a reason for high  conservation of the farmland. It also has a place in the
level of soil compaction observed in agricultural precision farming approach, which promises that the
fields. Another reason for soil compaction is tillage in  field performance could be tracked, mapped and ana-
non-suitable terms of the soil. In addition to these lyzed down to the square meter level so that farmers
external effects, natural effects such as excessive rain-  can know how well or poorly each part of a field is
fall and drought can also be a reason for high levels of  producing (TEKIN, 2010).

soil compaction (PORTERFIELD ET AL., 1986; TEKIN ET  Agriculture sector plays major role directly or indi-
AL., 2008). rectly in improving economy of developing countries.
Soil compaction can be defined as a function of the  Sustainable and competitive agricultural production
specific weight and humidity of the soil. During com-  can be made by using electronic and computer tech-
paction, soil particles get closer each other and a di- nology. Also, information, data or knowledge is one
minishing of the entrapped air is seen. As a result; an  of the most importing factors for the precision agricul-
increase is seen for soil bulk density and soil penetra-  ture technology. To make the right decisions in agri-
tion resistance (CARRARA ET AL., 2007; RAPER, 2005).  culture production, we should collect more data from
Soil compaction has also a negative effect on the large production areas. But, data collection process
physical, chemical and biological properties of the such as soil penetration data is time-consuming and
soil. This negative effect limits roots growth and the  tedious application for researchers. For this reason,
plants cannot complete their growth properly. Hence,  researchers can use estimation techniques. In this
less yield and economic losses are seen. In addition to  context, the use of Artificial Neural Networks (ANN)
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can be considered an alternative approach for predict-
ing soil penetration resistance. ANN have been em-
ployed to solve many problems in agriculture
(ERZIN ET AL., 2010; KiM AND GILLEY, 2008).
VARELLA ET AL. (2002) used ANN for the determina-
tion of land cover from digital images. KHAZAEI AND
DANESHMANDI (2007) used ANN to model the drying
kinetics of sesame seeds. They concluded that the
ANN technique presented better results than tradition-
al mathematical modeling. SARMADIAN ET AL. (2009)
used ANN to model soil properties, and the results
were better than the multivariate regression analysis,
showing the effectiveness of the ANN technique.
Recently, TRIGUI ET AL. (2011) used ANN model to
predict sugar diffusivity as a function of date variety,
temperature and diffusion period.

Artificial neural networks have been used to estimate
parameters on different soil science struggles, like
vegetation cover (KIMES ET AL., 1998; BUENDIA ET
AL., 2002; MENA AND MONTECINOS, 2006; Bocco ET
AL., 2007), soil hydrodynamics (MANETA AND
SCHNABEL, 2003; RuBIO, 2005), soil erosion hydrody-
namics (MAS ET AL., 2002), underground water con-

MATERIALS AND METHODS

Experiment field and soil

The field experiments using the system were carried
out in agricultural research area of Akdeniz Universi-
ty. The experimental field is 20 ha in size. The re-
search area is located approximately 20 km from An-
talya between the coordinates of 30.84 E and 36.94 N.
The soil type is clay-loam and consists of 41% sand,
26% silt, 33% clay. Content of organic matter was
1.3%. Soil bulk density, water content and soil re-
sistance values were determined as 1.32 glcm®, 7.5%,
and 1.45 MPa at a depth between 0 and 20 cm, and
1.38 g/cm?, 8.9%, 1.89 MPa at a depth between 20 and
40 cm, respectively.

Data collection

The horizontal penetrometer was used in this study. It
was developed in our previous study (TOPAKCI ET AL.,
2010). The designed system was connected to a Mas-
sey Ferguson 3095D four-wheeled tractor (Fig. 1).
During the experiments, some small variations were
seen in the tractor speed, even though care was taken
to keep the tractor speed at a constant value to avoid
any negative effect of speed changes on the penetra-
tion resistance. The experiments were carried out in
a field shortly after a wheat harvest and measurement
values of 40 cm operation depth and 15 m linear inter-
vals were obtained. Much research indicates that the
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tamination (REBOLLEDO ET AL., 2002; RODRIGUEZ,
2009; GARCIA ET AL., 2010), however there are few
reports on variables related to mechanical properties
of the soil. HALGUIN ET. ALL (2011) reported that the
elaboration of an Artificial Neural Network for the
estimation of soil penetration resistance at different
depths, considering as influential variables humidity,
density, static load, and inflate pressure. The best
estimation results were obtained at a depth of 20-
30 cm. BAYAT ET AL. (2007) were compared neural
networks, linear and nonlinear regression techniques
to model penetration resistance. The results further
showed that ANN models performed better than non-
linear regression models. ABREQUIE ET AL. (2014)
were evaluate in short-term the impact of different
tillage systems in organic farming (traditional tillage
to superficial tillage without reversal) on soil re-
sistance to penetration. The results showed very good
agreement between the predicted and the desired val-
ues of soil resistance (R? = 0.98). The objective of the
present research is to estimate soil penetration re-
sistance values for unmeasured points on farm land
using generalized regression neural networking.

depth of the hard pan is mostly between 30 and 60 cm.
The depth of 40 cm has been chosen as working depth
to get data on the hard pan level of the field. The aver-
age speed of 2.39 km h™* was calculated according to
data from the GPS receiver. Forward speeds of
1.80 km h™* and 2.96 km h™" were determined as the
minimum and maximum values, respectively. The
time interval for the entire measurement was set to
1 second and 1816 data points were stored in the data-
base.

Generalized Regression Neural Networks

In the literature, the fundamentals of the GRNN can
be obtained from SPECHT (1991); NADARAYA (1964)
KERNEL REGRESSION, TSOUKALAS AND UHRIG (1997),
also SCHIOLER AND HARTMANN (1992). A diagram-
matic of the GRNN is given in Fig. 2. A general re-
gression neural network (GRNN) does not require an
iterative training procedure. It can approximate any
arbitrary function between input and output vectors,
drawing the function estimate directly from the train-
ing data. Furthermore, it is consistent; that is, as the
training set size becomes large, the estimation error
approaches zero, with only mild restrictions on the
function. The GRNN is used for estimation of contin-
uous variables, as in standard regression techniques
(NESILET AL., 2011).
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Fig. 1. — Horizontal penetrometer
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Fig. 2. — General structure of GRNN

A GRNN consists of four layers: input layer, pattern
layer, summation layer and output layer. The number
of input units in input layer depends on the total num-
ber of the observation parameters. The first layer is
connected to the pattern layer and in this layer each
neuron presents a training pattern and its output. The
pattern layer is connected to the summation layer. The
summation layer has two different types of summa-
tion, which are a single division unit and summation
units. The summation and output layer together per-
form a normalization of output set. In training of net-
work, radial basis and linear activation functions are
used in hidden and output layers. Each pattern layer
unit is connected to the two neurons in the summation
layer, S and D summation neurons. S summation neu-
ron computes the sum of weighted responses of the
pattern layer. On the other hand, D summation neuron
is used to calculate un-weighted outputs of pattern
neurons. The output layer merely divides the output of
each S-summation neuron by that of each D-
summation neuron, yielding the predicted value Yi to
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an unknown input vector x as Equation 1 and 2 (JANG
ET AL., 1997);

_ Xizayi-exp — D(x, x;)

"= Tew b W
D) = ) (E—Ey? @
k=1

yi is the weight connection between the iy neuron in
the pattern layer and the S-summation neuron, n is the
number of the training patterns, D is the Gaussian
function, m is the number of elements of an input
vector, X, and X are the jy, element of x and x;, re-
spectively, o is the spread parameter, whose optimal
value is determined experimentally.

GRNN performance evaluation

The performance of the artificial neural network dur-
ing its training and validation steps, can be evaluated
using diverse techniques, such as root mean squared
error RMSE, sum of squares of error SSE, mean error
ratio MER, mean square error MSE, R2 correlation
factor (GoyAL AND GOYAL, 2011). We used MSE



(Equation 3), RMSE (Equation 4) and MAE (Equa-
tion 5) values for statistical analyze which were calcu-
lated as:

MSE = i (@) z 3)
RMSE = % i(yt ;tot)z] (4)
MAE=%§|Y+—0T| ®)

t=1
where, Y, is the expected exit, Oy is the obtained exit,
T is the number of records, and N is the number of
neurons in the pattern layer.
GRNN development
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For this study, every second, we transiently collected
GPS data and soil penetration value on study field by
the using horizontal penetrometer. We collected 1603
GPS data and penetration value from 13 linear lines.
First three and last three lines were used extrapolation
process of estimating for GRNN. Middle three lines
were used interpolation process of estimating for
GRNN. In order to obtain the optimum amount of
training data, three different types of training data set
are created: (1) extrapolation data set (EXT 1); (2)
interpolation data set (INT 1); and (3) extrapolation
data set (EXT 2). The rest data is used for the valida-
tion of the corresponding models. Data collection map
is given in Fig. 3. Numbers of training and test data
sets are given in Tab. 1.
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EXT 1 T EXT 2
Fig. 3. — Data collection map
Tab. 1. — Numbers of training and test data sets
Test Educating
EXT1 401 1202
INT 1 361 1242
EXT 2 340 1263
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RESULTS AND DISCUSSION

In this study, we compared the real and the estimated
soil penetration data using GRNN method. For com-
parison process, we used the RMSE and MSE values.
EXT 1 process result is given graphically in Fig. 4.
INT 1 process result is given graphically in Fig. 5.
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EXT 2 process result is given graphically in Fig. 6.
The Error Analysis of Extrapolation and Interpolation
Performances of the GRNN method are given in
Tab. 2.
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Fig. 4. - EXT 1
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Fig. 5. — INT 1 process result
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Fig. 6. — EXT 2 process result

Tab. 2. — The Error Analysis of Extrapolation and Interpolation Performances of the GRNN

o=1 EXT 1 INT 1 EXT 2
MSE 0.2443 0.2506 0.4092
RMSE 0.4943 0.5006 0.6397
MAE 0.4007 0.372 0.5136
R? 0.847 0.905 0.831

As it can be seen in Tab. 2, and Fig. 4-6 generally
GRNN method that used in this article are very suc-
cessful for prediction of soil penetration resistance.
During the data collection process on study field,
horizontal penetrometer was taken out from soil by the
reason of some problems. As it can be seen in
Fig. 4-6, analyze results were negatively affected by
the soil penetration resistance values between 0 and
0.5 MPa. When this soil resistance values is removed
from test dataset, MSE, RMSE and MAE values can
be move towards the 0.

KRUPP AND GRIFFIN (2006), a general regression neu-
ral network (GRNN) was developed for predicting soil
composition from CPT (Cone Penetration Test) data.
Measured values of cone resistance and sleeve friction
obtained from CPT soundings, together with grain-
size distribution results of soil samples retrieved from
adjacent standard penetration test boreholes, were
used to train and test the network. Researchers report-
ed that the profiles of soil composition estimated by
the GRNN generally compare very well with the actu-
al grain-size distribution profiles, and overall the neu-
ral network had an 86% success rate at classifying
soils as coarse grained or fine grained. CAl ET AL.
(2015) were analyzed relationship between CPTU
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(Piezocone Penetration Test) parameters and soil types
and strata, and was designed the structure of a general
regression neural network (GRNN) for soil classifica-
tion and soil strata identification. Researchers reported
that the GRNN-based model was found to be correlat-
ing well for the 87% of the cases with the USCS clas-
sification system results. SANTOS ET AL. (2012) were
to perform an analysis of the soil penetration re-
sistance behavior measured from the cone index under
different levels of bulk density and water content
using statistical analyses, specifically regression anal-
ysis and ANN (Artificial Neural Networking) model-
ing. The regression analysis presented a determination
coefficient of 0.92 and an RMSE of 0.951, and the
ANN modeling presented a determination coefficient
of 0.98 and an RMSE of 0.084. Researchers reported
that the ANN modeling presented better results than
the mathematical model obtained from regression
analysis.

In this study, we compared real and predicted soil
penetration resistance values by using regression anal-
ysis. The results of the regression analysis show that
the predicted soil penetration resistance values was
indeed positively correlated with real values
(EXT1=0.847, INT1=0.905 and EXT2=0.831).



CONCLUSIONS

In

this study, the possibility to use artificial neural

networks on the prediction of soil penetrance re-
sistance was explored. The results of the study show
that using new artificial neural networks with better
predictions is an important contribution to research
and professional application of soil science. Soil pene-
tration value collection from large production areas is

ACKNOWLEDGEMENTS
This work was supported by The Scientific Research Projects Coordination Unit of Akdeniz University.

REFERENCES

1.

10.

11.

12.

ABROUGUI, K., CHEHAIBI, S.,, LOUVET, J. N,
HANNACHI, C., DESTAIN, M. F.: Soil Structure and the Ef-
fect of Tillage Systems. Bulletin UASVM Agriculture. 69,
2012: 11-16.

ADAMCHUK, V. I, SKOTNIKOV, A. V., SPEICHINGER, J.
D., KOCHER, M. F.: Instrumentation System for Variable
Depth Tillage. In Proceedings of ASAE Annual International
Meeting, 27-30 July 2003, Las Vegas, NV, USA.

AL-ADAWI, S. S., REEDER, R. C.: Compaction and subsoil-
ing effects on corn and soybean yields and soil physical proper-
ties. Trans. ASAE, 39, 1996: 1641-1649.

BAYAT, H., NEYSHABOURI, M. R., HAJABBASI, M. A,,
MAHBOUBI, A. A., MOSADDEGHI, M. R.: Comparing neu-
ral networks, linear and nonlinear regression techniques to
model penetration resistance. Turkish Journal of Agricultural
Forestry, 32, 2008: 1-9.

BOCCO, M., OBANDO, G., SAYAGO, S., WILLINGTON, E.:
Neural network models for land cover classification from satel-
lite images. Agric. Téc. 2007, 67(4):414 - 421.

BUENDIA, E., VARGAS, E., LEYVA, A, TERRAZAS, S.:
Aplicacion de redes neuronales artificiales y técnicas SIG para
la prediccion de coberturas fo-restales. Serie Ciencias
Forestales y del Medio Ambiente. Rev. Chapingo, 8 (1),
2002:31 - 37.

CAl, G, LIU, S., PUPPALA, A. and TONG, L.: "Identification
of Soil Strata Based on General Regression Neural Network
Model From CPTU Data." Marine Georesources & Geotech-
nology, 33, 2015: 229-238.

CARRARA, M., CASTRIGNANO, A, COMPARETTI, A,
FEBO, P., ORLANDO, S.: Mapping of penetrometer resistance
in relation to tractor traffic using multivariate geostatistics. Ge-
oderma, 142, 2007: 294-307.

ERZIN Y., RAO B. H., PATEL A., GUMASTE S. D., SINGH,
D. N.: Artificial neural network models for predicting electrical
resistivity of soils from thermal resistivity. Int J Therm Sci,
49(1), 2010: 118-130.

GARCIA, 1., RODRIGUEZ, J. G., LOPEZ, F., TENORIO, Y.
M.: Transporte de contaminantes en aguas subterraneas medi-
ante redes neuronales artificiales. Inf. Tecnol, 21(5), 2010:79 -
86.

GOYAL, S., GOYAL, G. K.: Cascade and feed-forward back-
propagation artificial neural network models for prediction of
sensory quality of instant coffee flavoured sterilized drink. Can.
J. Artif. In-tell. Machine Learn. Pattern Recog., 2(6), 2011:78 -
82.

HOLGUIN, N. J. V., SALCEDO, L. O. G., WILL, A. L. E.:
Prediction of soils penetration strength using artificial neural
networks. Acta Agronomica, 60(3), 2011: 251-260.

6™ International Conference on Trends in Agricultural Engineering
7 - 9 September 2016, Prague, Czech Republic

time-consuming and tedious application for research-
ers. The option of using a prediction tool saves time
and costs on experimental execution. In this paper, we
used GRNN method for estimating soil penetration
values. Compared with the other neural networks,
GRNN has a relatively simple and static structure.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

664

JANG, J. S. R, SUN, C. T., MIZUTANI, E.: Neuro-fuzzy and
soft computing: a computational approach to learning and ma-
chine intelligence. Prentice Hall, Upper Saddle River, New Jer-
sey, USA, 1997.

KHAZAEI J., DANESHMANDI S.: Modeling of thinlayer
drying Kinetics of sesame seeds: mathematical and neural net-
works modeling. International Agrophysics. 21(1), 2007: 335-
348.

KIM M., GILLEY J. E.: Atrtificial neural network estimation of
soil erosion and nutrient concentration in runoff from land ap-
plication areas. Comput Electron Agr, 64(2), 2008: 268-275.
KIMES, D. S., NELSON, R. F., MANRY, M. T, FUNK, A. K.:
Attributes of neural networks for ex-tracting continuous vegeta-
tion variables from opti-cal and radar measurements. Intern. J.
Remote Sensing, 19(14), 1998: 639 - 2663.

KURUP, P., GRIFFIN, E.: Prediction of soil composition from
CPT data using general regression neural network. Journal of
Computing in Civil Engineering, 20(4), 2006: 281-289.
MANETA, M., SCHNABEL, S.: Aplicacion de redes neu-
ronales artificiales para determinar la distribucion espacial de la
humedad del suelo en una pequefia cuenca de drenaje: estudios
prelimi-nares. Estudios de la Zona no Saturada del Suelo, 6,
2003: 295 - 304.

MAS, J. F., PUIG, H., PALACIO, J. L., SOSA, A.: Modelado
del proceso de deforestacion en una region del sureste de
Meéxico. Memorias del II Seminario Latinoamericano de
Geografia Fisica, Julio, 2002, pp. 24-27, Maracaibo, Venezuela
(CD-ROM).

MENA, C., MONTECINOS, R.: Comparacion de redes
neuronales y regresion lineal para estimar productividad de sitio
en plantaciones forestales, utilizando geomatica. Bosque, 27(1),
2006:35 - 43.

NADARAYA, E.A.: On estimating regression, Theory Probab.
Appl. 1964, 10: 186-190.

NESIL, S., GUNES, F., 0ZKAYA, U., TURETKEN, B.: Gen-
eralized Regression Neural Network Based Phase Characteriza-
tion Of A Reflectarray Employing Minkowski Element Of Var-
iable Size. XXXth URSI General Assembly and Scientific
Symposium, 13 - 20 August 2011, Istanbul, Turkey.
PORTERFIELD, J. W., CARPENTER, T. G.: Soil compaction:
an index of potential compaction for agricultural tires. Trans.
ASAE, 29, 1986: 917-922.

RAPER, R.L.: Agricultural traffic impacts on soil. J.
Terramech., 42, 2005: 259-280.
REBOLLEDO, F. J, OBREGON, N. DUARTE, C.

Ecohidroinformatica: un nuevo paradigma para la gestion

inteligente de los recursos hidricos. XXVIII Congreso



26.
217.
28.

29.

30.

Internacional de Ingenierfa Sani-taria y Ambiental, 27-31
Octubre 2002, Canctn, México.

RODRIGUEZ, J. G.. Prondstico de la migracion de
contaminantes en aguas subterrdneas median-te redes
neuronales artificiales [Ph.D. thesis.]. en In-genieria Ambiental.
Instituto Politécnico Nacional. México, 2009, 129 p.

RUBIO, C.: Hidrodinamica de los suelos de un area de montana
media mediterranea sometida a cambios de uso y cubierta
[Ph.D. thesis.]. en Ciencias del Suelo. Universidad Auténoma
de Barcelona, Barcelona, Espafia, 2005, 194 p.

SANTOS, FL., MENDES DE JESUS, VA. AND VALENTE,
DSM.: Modeling of soil penetration resistance using statistical
analyses and artificial neural networks. Acta Scientiarum,
34(2), 2012: 219-224.

SARMADIAN F., MEHRJARDI T., AKBARZADEH A.:
Modeling of some soil properties using artificial neural network
and multivariate regression in Gorgan province, north of Iran.
Australian Journal of Basic and Applied Sciences. 3(1), 2009:
323-329.

SCHIOLER, H., HARTMANN, U.: Mapping neural network
derived from the Parzen window estimator. Neural Netw. 5(6),
1992: 359-372

Corresponding author:
Ilker UNAL, Akdeniz University, Vocational School of Technical Science, Antalya, Turkiye, e-mail:
ilkerunal @akdeniz.edu.tr

665

3L

32.

33.

34.

35.

36.

37.

6™ International Conference on Trends in Agricultural Engineering
7 - 9 September 2016, Prague, Czech Republic

SPECHT, D. F.: A General Regression Neural Network. leee T
Neural Networ, 2(6), 1991: 568-576.

TEKIN, A. B.: Variable rate fertilizer application in Turkish
wheat agriculture: Economic assessment. AJAR, 5, 2010: 647-
652.

TEKIN, E., KUL, B., OKURSQY, R.: Sensing and 3D mapping
of soil compaction. Sensors, 8, 2008: 3447-3459.

TOPAKCI, M., UNAL, I, CANAKCI, M., CELIK, H. K.,
KARAYEL, D.: Design of a Horizontal Penetrometer for Meas
uring On-the-Go Soil Resistance. Sensors. 10, 2010: 9337-
9348.

TRIGUI, M., GABSI, K., EL AMRI, 1, HELAL, A,
BARRINGTON, S.: Modular feed forward networks to predict
sugar diffusivity from date pulp Part I. Model validation. Int J
Food Prop, 14, 2011: 356-370.

TSOUKALAS, L. H., UHRIG, R. E.: Fuzzy and Neural Ap-
proache in Engineering. New York, John Wiley and Sons Inc.,
1997.

VARELLA, C. A., PINTO, F. A., QUEIROZ, D. M., SENA, D.
G.: Determinagdo da cobertura do solo porandlise de
imagensdigitais e redesneurais. Revista Brasileira de
Engenharia Agricola e Ambiental. 6(2), 2002: 225-229.



