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Abstract

In recent years, novel techniques such as intelligent techniques are being employed for developing predictive 
models to estimate parameters that are difficult to measure. For instance, determining soil mechanical resistance 
is difficult, particularly in fine-textured soils and during warm seasons. In this research, we used statistical al-
gorithms, adaptive neuro-fuzzy inference systems (ANFIS), artificial neural networks (ANNs) and fuzzy infer-
ence systems (FIS) in order to predict soil mechanical resistance and compared them with traditional statistical 
models such as multiple regression (MR). To achieve this goal, bulk density, volumetric soil water content (as 
predictors) and soil mechanical resistance (as target variable) were used at 0–25 cm depth with sample size 
equals 200. The results showed that intelligent methods are appropriate tools for minimizing the uncertainties 
in soil engineering projects. The ANFIS model predicted soil mechanical resistance more accurately than the 
other models with R2 = 0.93 and RMSE= 299.41. Also, the use of intelligent methods not only provided new 
approaches and methodologies to estimate soil mechanical resistance, but also minimized the potential incon-
sistency of correlations.
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1. Introduction

Soil compaction affects on root penetration in the 
soil system, hydrological processes and crop produc-
tion (Rodrigo-Comino et al., 2017). Penetrometry is 
considered as a suitable method to evaluate mechan-
ical resistance to root penetration into the soil (Hos-
seini et al., 2016). Results obtained from this method 
represents the force required to drive a metal cone 
into the soil to simulate plants’ roots. Among the soil 
parameters affecting on soil mechanical resistance, 
soil water content and bulk density are the most sig-
nificant ones (Nasri et al., 2015). Soil mechanical re-
sistance is well-correlated with root growth and var-
ies inversely proportional to it. When soil water con-
tent decreases, an increase in mechanical resistance 
occurs, because cohesion within the solid fraction of 
soil diminishes (Bengough et al., 2001). Thus, when 
soil mechanical resistance values vary from 1.0 to 
3.5 MPa (Nasri et al., 2015), root growth can be re-
stricted or even impeded. Penetration resistance has 
been observed to be more sensitive than bulk density 
to detect the effect of tillage management (Hosseini 
et al., 2016). It can be related to increasing resistance 
to root growth and decreasing water and nutrient use 
efficiencies (Hosseini et al., 2014). 
Determination of soil mechanical resistance is dif-
ficult. Consequently, there is a vital need to develop 
an easy, accurate and low-cost tool to determine soil 
properties and improve the soil system manage-
ment in areas where data is scarce or non-existent 
(Pulido et al., 2015). For these reasons, intelligent 
models have also been developed to predict non-
explicit relationships among variables (Cagliari et 
al., 2011). Intelligent approaches such as adaptive 
neuro-fuzzy inference systems (ANFIS), artificial 
neural networks (ANNs), non-linear regression and 
fuzzy inference system (FIS) are enable to model 
spatially the complex systems have been recently 

used (Khaledian et al., 2017) to determine soil pa-
rameters. They are also becoming increasingly im-
portant in all engineering areas as a result of rapid 
development of information and computers technol-
ogy (Khaledian et al., 2017). These methods enable 
the pattern recognition, classification, speech recog-
nition, design of structures, automatic control, man-
ufacturing process control, and modeling of material 
behavior (Adam, 2003).
Several studies have recently been conducted to pre-
dict soil properties, such as swell potential of clayey 
soils (Yilmaz and Kaynar, 2011), shearing resistance 
(Kayadelen, 2009), and soil classes (Zeraatpisheh 
et al., 2017). According to Movahedi Naeini et al. 
(2012), soil mechanical resistance measurements 
could defined irrigation timing better than soil water 
content, because soil mechanical resistance restricted 
root growth, water and nutrient uptake in soils. There-
fore, in order to accurately predict soil mechanical 
resistance from soil water contents, recognizing tissue 
water and stress-mechanical resistance might be use-
ful to the farmers and agronomists. 
Although soil compaction is a problem in the 
north of Iran, such as Golestan province, due to 
high soil specific surface area (Zeraatpishe and 
Khormali, 2012; Hosseini et al., 2016), but there 
is a lack of information about the understanding of 
soil compaction. In this paper, advanced statistical 
approaches, ANFIS, ANN, FIS, and MR, were as-
sessed for the prediction of the mechanical resis-
tance that is hard to measure. The main goals of 
this study were to i) estimate soil mechanical resis-
tance by two basic soil properties, bulk density (fb) 
and volumetric soil water content (θv), using AN-
FIS, ANN, FIS and MR models, and ii) compare 
these models in order to present the optimal one in 
predicting the mechanical resistance.
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2. Materials and Methods

2.1. Study area and sampling pattern

This research was carried out in a 3000 m2 study area 
at the Gorgan University of Agricultural Sciences and 
Natural Resources’ Research Farm 37° 45′ N, 54° 
30′E, Grogan, Iran. 
The soil textural class was silty clay loam (sand 
19.4%, silt 57.5%, clay 23.1%) as measured by the 
hydrometer method (Gee and Bauder, 1986). Soil or-
ganic carbon content of 0.7% measured using a potas-
sium dichromate method (Chapman, 1965). Soil pH 
value reached 7.9 and was determined in soil extract 
by pH-electrode (McLean, 1982) and soil bulk den-
sity registered 1.59 g cm-3.
The conventional tillage consisted of moldboard 
ploughing followed by one discing. It is a method 
commonly used by farmers in this region to help 
break clod aggregate and make a proper seedbed. The 
double-disc was consisted of two discings followed 
by one levelling. Primary tillage depths for mold-
board and rototiller were 20–25 and 8–10 cm, respec-
tively. All disc operations were performed to a depth 
of 8–10 cm.
In this research 200 undisturbed soil samples were 
taken from 0–25 cm depth by stainless steel cylin-
ders (2.65 cm radius and 4.45 cm height, 98 cm3) 
for measuring bulk density and volumetric soil water 
content. Soil mechanical resistance was determined 
in situ by a cone penetrometer under the soil water 
content from the field (Hosseini et al., 2016). Bulk 
density was measured by method by Brasher et al. 
(1966) and volumetric soil water content was deter-
mined by the method developed by Black (1965). 
The data were divided into two parts, calibration 
data subset (160 samples) and validation data subset 
(40 samples). Data subsets were used for determin-
ing the performance of four simulation methods: 

adaptive neuro-fuzzy inference system (ANFIS), 
artificial neural networks (ANNs), fuzzy inference 
system (FIS) and multiple regression (MR). Estima-
tion of soil mechanical resistance using a multiple 
regression was initially carried out using statistical 
analysis system software (SAS, version 8). And Mat-
lab software (version 6) was used to run the intel-
ligent models. 

2.2. Modeling approaches

2.2.1. Fuzzy inference system (FIS)

The basic principle of fuzzy modeling was stated 
by Zadeh )1973( as follows: the use of linguistic 
variables in place of or in addition to numerical 
variables; the characterization of simple relations 
between variables by the conditional fuzzy state-
ment; and the characterization of complex rela-
tions by fuzzy algorithms. Production rules are 
generally expressed in the pattern of IF-THEN, 
which consists of a condition (IF-part) and conclu-
sion (THEN-part). Thus, they are also called fuzzy 
IF-THEN rules. The IF-part can consist of more 
than one precognition linked together by linguistic 
conjunctions such as AND OR. 
Figure (1a) shows a typical structure of a fuzzy in-
ference system. The computation of a fuzzy infer-
ence system (FIS) generally consists of three major 
steps: (1) fuzzification; (2) inference (or reason-
ing); and (3) defuzzification. Fuzzification is the 
first step in the computation of a fuzzy system and 
it must be performed for each input variable. It is 
a process of mapping the crisp numbers into the 
fuzzy domain using the membership functions of 
linguistic variables to compute each term’s degree 
of validity at specific operation point of the pro-
cess. The result of fuzzification is used as input for 
the fuzzy inference engine.
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Figure 1. a) Fuzzy inference system structure and b) a multilayer ANN configuration.

ANN model modifying the parameters of the com-
posite functions by performing an iterative train-
ing process (Stegemann and Buenfeld, 2002). The 
most widely-used training algorithm is the feed-
forward, multilayer perceptrons trained by back-
propagation algorithms based on gradient descent 
method (FFBP) (Chang and Islam, 2000). FFBP 
works based on supervised rule by sending inputs 
forward and then propagating errors backward. A 
feed-forward network configuration with two lay-
ers (one hidden layer and output layer) is plotted 
in Figure (1b).

2.2.2 Artificial neural network (ANNs)

The main purpose of ANN of which working prin-
ciple is inspired by the way biological nervous sys-
tems, such as the human brain, process information 
which is similar to that of polynomial regression 
(Das et al., 2014). However, its methodology for 
the mathematical process is different from the 
classical regression analyses. In order to obtain 
the optimal multidimensional surface for the pre-
diction of a dependent variable, any composite 
functions are fitted to the data presented to the 
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In this research, the network was designed with 10 
nodes in the input layer (bulk density and volumetric 
soil water content) and 1 node in output layer and the 
best transmission function was Tansig for the struc-
ture of the neural network. For training neural net-
work, Matlab software (version 6) was utilized. Train-
ing processes include weight changes between vari-
ous layers until the minimum difference is obtained 
between real and predicted data. Finally, the best 
network structure was selected based on minimum 
RMSE and maximum R2 (Liu et al., 2001). The accu-
racy of the models evaluated based on the test dataset.

2.2.3 Adaptive neuro-fuzzy inference system (ANFIS)

The other soft computing method used in soil engi-
neering is the neuro-fuzzy modeling (Yilmaz and 
Yuksek, 2009). A neuro-fuzzy system is, in fact, a 
neural network that is functionally equivalent to the 
fuzzy inference model. It can be trained to develop 
IF-THEN fuzzy rules and determine membership 
functions for input and output variables of the system 
(Negnevitsky, 2002). One of the neuro-fuzzy infer-
ence systems is the adaptive neuro-fuzzy inference 
system (ANFIS). The Sugeno model was proposed for 
a systematic approach to generating fuzzy rules from 
a given input-output dataset (Negnevitsky, 2002). 
Jang (1993) proposed a new fuzzy logic model called 
ANFIS, which employs some properties of artificial 
neural network (ANN) such as learning and parallel-
ism. Fuzzy rules and membership functions are also 
generated adaptively by neural training process. For 
that purposes, ANFIS employs two methods called 
grid partitioning and subtractive clustering (Demuth 
and Beale, 2001). A linear function is named as first-
order Sugeno type fuzzy inference system and con-
stant function is named as zero-order Sugeno type 
fuzzy inference system. A typical two if-then rules in 
first-order Sugeno type is given at the following form:

   Equation 1
  
       Equation 2

Where x (or y) is the input node i, p, q, and k are the 
consequence parameters obtained from the training, 
A and B are labels of the fuzzy set defined suitable 
membership function. The membership function is 
updated by back-propagation learning algorithm or a 
hybrid learning algorithm which is described in detail 
in Demuth and Beale (2001). The basic structure of 
an ANFIS model is depicted by Padmini et al. (2008).

2.3. Accuracy Indicators

The accuracy of models evaluated us-
ing mean error(ME), value account for(VAF), 
root mean square error(RMSE), R2 and 
mean absolute percentage error(MAPE). 

                    Equation 3

                            Equation 4

    Equation 5
 

    Equation 6

where P (si), M (si) and A (si) are amounts of pre-
dicted, measured and average soil mechanical resis-
tance and n is sampling point number. Mean error 
(ME) index (Equation 2) expresses the degree of non-
diagonal estimation that should be near zero. VAF 
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(Equation 4) and RMSE (Equation 5) indices were 
calculated to control the performance of the predic-
tion capacity of predictive model developed in the 
study as employed by Yilmaz and Yuksek (2009). 
If the VAF is 100 and RMSE is 0, then the model 
will be excellent. And, also, R2 (Equation 6), is one 
of the statistics used in intelligent methods articles.
Mean absolute percentage error (MAPE) which is 
a measure of accuracy in a fitted series value in 
statistics was also used for comparison of the pre-
diction performances of the models. MAPE usually 
expresses accuracy as a percentage (Equation 7).

      Equation 7

Where Ai is the actual value and Pi is the predicted 
value. The obtained values of ME, VAF, RMSE, and 
MAPE may indicate prediction performances.

3. Results

3.1. Bulk density, volumetric soil water content, and 
mechanical resistance

Results of descriptive statistics of soil mechanical resis-
tance in the studied area are presented in Table 1. Me-
chanical resistance showed a CV of 53.1%. Normaliza-
tion test illustrated that soil mechanical resistance regis-
tered a normal distribution. Skew varied between -1.28 
to 0.12. Soil water content ranged from 0.06 to 0.79 cm3 
cm-3, with a CV of 53.8% and bulk density ranged from 
0.94 to 1.71 g cm-3, with a CV of 10%.

Table 1. Descriptive statistics of soil parameters in the study farm.

3.2. Comparison of ANFIS, ANN, FIS and MR models

Multiple regression model predicts soil mechanical 
resistance using soil bulk density and volumetric soil 
water content: 

  Equation 8

Coefficient of variation (CV), Coefficient of skewness (Skew)
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where mr,  and  are mechanical resistance 
(MPa), dry bulk density  and volumetric soil 
water content , respectively. The model shows 
that there is a positive correlation between mechanical 
resistance and bulk density and also is a negative one 
between mechanical resistance and volumetric soil 
water content. The variation of predicted mechani-
cal resistance by MR model against measured data 

is shown in Figure 2. Considering the coefficient of 
determination of model (R2=0.042), this model could 
only predict 4% of variations in the soil mechanical 
resistance and 96% of changes in soil mechanical re-
sistance were not explained by the model. This results 
may be due to the non-linear relationship between 
phenomenon that is neglected in the regression mod-
el. Therefore, non-linear model (MR) was not able to 
predict soil mechanical resistance properly. 
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Figure 2. Variation of predicted values of soil mechanical resistance (MPa) against of measured data in MR model.

The validation criteria were presented in Table 2. 
The best model performance and the most accu-
rate were indicated based on the high value of R2 
and VAF and low value of ME, RMSE, and MAPE. 
Regarding the validation criteria, results showed 
that ANFIS model had the highest performance to 

predict soil mechanical resistance. The lowest ME, 
MAPE and RMSE, and also the highest value of R2 
and VAF were obtained for ANFIS model. On the 
other hand, MR model showed the lowest perfor-
mance with the highest ME, MAPE, RMSE and the 
lowest R2 and VAF (Table 2).
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Table 2. Performance indices for different models to predict soil mechanical resistance in the study farm.

 
 
 
 
 

Model ME RMSE VAF MAPE R2 

ANFIS 1.36 299.41 93.70 16.12 0.93 

ANN 30.47 450.80 85.50 25.74 0.82 

FIS 330.17 739.90 69.20 44.45 0.73 

MR 777.66 1002.13 71.93 59.25 0.04 

 

3). ANFIS model had higher accuracy in predicting 
soil mechanical resistance compared to MR model. 
Among the studied non-linear models, the non-linear 
relationship between phenomena was best considered 
by ANFIS. ANFIS correctly predicted 93% variation 
in soil mechanical resistance and could not predict 
only 7 % of soil mechanical resistance (Figure 3). 

Difference between the predicted and real data values 
of soil mechanical resistance presented in Table 3. For 
the ratio of predicted to real data values, the accuracy 
of the model is improved by approaching Mean and 
SD to one and zero, respectively. Mean and SD for 
ANFIS model were 1.06 and 0.24, respectively but 
for MR model were 1.58 and 0.67, respectively (Table 

Table 3. Ratio of predicted to real data values of soil mechanical resistance used in different models (MPa).

Model Minimum Maximum Mean SD 

ANFIS 0.77 1.67 1.06 0.24 

ANN 0.70 2.77 1.12 0.40 

FIS 0.33 3.85 1.27 0.68 

MR 0.89 3.90 1.58 0.67 

 

 
 
 
 
 
 
 
 
 

Mean error (ME); root mean square error (RMSE); value account for (VAF); mean absolute percentage error (MAPE); coefficient 

of determination (R2); adaptive neuro-fuzzy inference systems (ANFIS); artificial neural networks (ANNs); fuzzy inference 

systems (FIS); multiple regression (MR).

Standard deviation (SD); adaptive neuro-fuzzy inference systems (ANFIS); artificial neural networks (ANNs); fuzzy inference 

systems (FIS); multiple regression (MR)
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Figure 3. Variation of predicted values of soil mechanical resistance (MPa) against of measured data in ANFIS model.

(Figure 4). ANN model expresses 82% varia-
tions in soil mechanical resistance and ignoring 
18% (Figure. 5). Considering this result, ANFIS 
was the best model for predicting soil mechani-
cal resistance.

The highest Mean=1.27 and SD=0.68 were with 
FIS model disregarding regression model. They 
were 1.12 and 0.40, respectively for ANN model 
(Table 3). FIS model expresses 73% variations 
in soil mechanical resistance and ignoring 27% 
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Figure 4. Variation of predicted values of soil mechanical resistance (MPa) against of measured data in FIS model.
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Figure 5. Variation of predicted values of soil mechanical resistance (MPa) against of measured data in ANN model.

and mechanical resistance. Soil mechanical resis-
tance directly affects seedling emergence and root 
growth. The other factors such as the parent material 
(Martínez-Hernández et al., 2017), land manage-
ment or irrigation (Rodrigo-Comino et al., 2017) 
decrease soil mechanical resistance in soil depth and 
increase root density in the rhizosphere, wheat nutri-
ent uptake, and the yield. Therefore, root growth and 
hence native nutrient uptake (such as potassium) and 
crop yields maybe increased by increasing the tillage 
intensity in soils with high specific surface and me-
chanical resistance. Bengough et al. (2001) reported 
that an increase in mechanical resistance occurs, 
when soil water content decreases, due to cohesion 
within the solid fraction of soil diminishes. Simi-
larly, Hosseini et al. (2016) demonstrated that soil 
mechanical resistance is affected by soil bulk den-
sity and volumetric soil water content under wheat 
cultivation. Furthermore, Ozpinar and Cay (2006) 
found that higher soil bulk density resulted in higher 
resistance to penetration, increasing soil mechanical 
resistance, and decreasing yield.

4. Discussion

Soil mechanical resistance showed higher values 
in the study site due to high soil specific surface 
and cohesion between primary particles (Hosseini 
et al., 2016). Bulk density, pore size distribution, 
and volumetric soil water content are important 
soil physical properties in relation to crop produc-
tion and conserve its value as the first natural filter 
through their effect on mechanical resistance (Kees-
stra et al., 2012). Hosseini et al. (2014) reported 
that tillage practices increased soil pore distribu-
tion (macropore and mesopore) which provide more 
space for root growth and decreased volumetric soil 
water content. On the other hand, the soil moisture 
is influenced by the structure of soil that could be 
described by soil water content, and bulk density, 
strongly depending both on the matric potential and 
soil texture (Chaplain et al., 2011). Hosseini et al. 
(2016) showed that the correlation between soil bulk 
density and mechanical resistance was positive but 
there was negative one between soil water content 
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Soil mechanical resistance has been affected by dry 
bulk density and initial water content in soil sam-
ples (Rodrigo-Comino et al., 2017). Moreover, bulk 
density and soil mechanical resistance influenced 
on plant growth, which had negative effects on root 
(Silva et al., 2004).
Contrary to MR model, ANFIS showed the higher 
performance in the validation criteria. Similar find-
ing was reported by Hosseini et al. (2016) for par-
ticle swarm optimization and genetic algorithm in 
comparison with multiple regression. Therefore, 
ANFIS model produced more accurate model. Com-
plex and non-linear models probably are able to 
construct more accurate and powerful relationship 
between inputs data and target variable (Khaledian 
et al., 2018). Non-linear relationship such as particle 
swarm optimization and genetic algorithm models 
showed promising results for the estimation of soil 
mechanical resistance in comparison with linear 
models (Hosseini et al., 2016).
Since the soil mechanical resistance describes the be-
havior of soils, it is strongly related to bulk density 
and water content; therefore, it can be influenced by 
soil compaction. By doing so, land management, such 
as soil tillage practices would be affected (Hosseini et 
al., 2016). Hence, predicting these types of soil prop-
erties are more difficult to determine, especially when 
there are restrictions regarding money and time, the 
findings of this research would be useful.

5. Conclusions

The potential benefits of intelligent methods models 
extend beyond the high computation rates. Higher 
performances of the intelligent models were sourced 
from greater degree of robustness and fault toler-
ance than traditional statistical models, because 
there are a number of processing neurons, each with 
primarily local connections. The main objective of 

this study was to explore the capability of adaptive 
neuro-fuzzy inference systems (ANFIS), artificial 
neural networks (ANNs) and fuzzy inference sys-
tems (FIS), and multiple regression (MR) in estima-
tion of soil mechanical resistance. The comparisons 
between four models mentioned above indicate the 
constructed ANFIS model exhibited higher perfor-
mance than ANN, FIS and MR models for predicting 
soil mechanical resistance. Furthermore, time taken 
by ANFIS model was less than ANN and FIS mod-
els in this study. Intelligent methods which used in 
this research are a good tool for minimizing the un-
certainties in the soil engineering projects, expand 
our knowledge of land management, describes the 
behavior of soils, and also provided new approaches 
and methodologies which could minimize the poten-
tial inconsistency of correlations.
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