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Abstract 

 

     One of the important issues in the analysis of soils is to evaluate their features. In estimation of the hardly 

available properties, it seems the using of Data mining is appropriate. Therefore, the modelling of some soil quality 

indicators, using some of the early features of soil which have been proved by some researchers, have been 

considered. For this purpose, 140 disturbed and 140 undisturbed soil samples were collected from Jiroft, southern 

Kerman, Iran. Some physical and chemical properties of soil, for example, sand, silt and clay percentage, organic 

matter (OM), calcium carbonate (CaCO3), electrical conductivity at saturation (ECe), porosity (F), and bulk density 

(BD) were measured using standard methods. Some soil physical property indicators, including plant available water 

(PAW), relative field capacity (RFC), air capacity (AC) and saturated hydraulic conductivity (Ks) were also 

calculated. Using the hybrid algorithm of principle component analysis-artificial neural network (PCA-ANN), the 

calculated indicators were predicted by the easily available properties. The results showed that PCA-ANN had an 

acceptable accuracy in the modelling of soil physical quality. The coefficient of determination (R2) of training and 

testing data for PAW, RFC and AC were 0.82 and 0.81, 0.90 and 0.79, 0.99 and 0.99, respectively. The optimization 

of Ks did not have the desired results. In other words, the R2 values of the training and testing data for this indicator 

were equal to 0.25 and 0.13, respectively.  
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1. Introduction 

 

     Sustainable agriculture depends on soil 

quality. Although soil quality is not directly 

measurable, the characteristics of soil that are 

sensitive to management changes can be used as 

soil quality indicators (dowu et al, 2007; Mobius 

et al, 2007). In fact, soil quality is one of the main 

pillars of agricultural economics in sustainable 

management. Physical properties of the soil are 

of particular importance in terms of soil quality, 

moisture content, and accessibility. Since the 

direct measurement of these properties require 

time consuming and costly laboratory work, 

consideration has been given to the ways  

in which measurement of these indicators were 
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facilitated and easy. The reasons are numerous 

for the importance of assessing the quality of soil. 

In particular, low soil quality leads to more water 

loss, less water retention in the soil, and reduces 

the water absorption capacity of the plant 

(Safadoust et al., 2014). Therefore, changes in 

physical and chemical properties of the soil have 

a direct effect on the water holding capacity and 

hydraulic conductivity (Bodhinayake and Si, 

2004). 

     Soil quality can be assessed by selecting soil 

characteristics that are sensitive to management 

practices, and prediction of indicators are useful 

in ecosystem applications (Karlen et al., 2001 

and 2003). Soil quality indicators are usually 

associated with some soil characteristics such as 

aggregation, structure, porosity, and processes 

that affect water movement and air exchange 

(Shahab et al., 2013). Therefore, the quantitative 

assessment of soil quality is a key objective in 
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agricultural management (Hebb et al., 2017). It 

can affect management decisions and improve 

sustainable agriculture (Andrews et al., 2003). 

Due to the increased pressure on used land, soil 

quality assessment is increasing (Armenise et al, 

2013). 

     Indicators are based on simple relationships 

between observations and information 

requirements. Some dynamic parameters, 

including soil structure, have long been 

considered in soil quality studies (Robinson et 

al., 2009). Soil’s inherent characteristics and soil 

acquisition affect the soil's physical quality 

(Samuel Rosa et al., 2013). Modelling and 

predicting soil parameters in the recent decades, 

with data mining methods and multiple 

algorithms, have been considered and have 

obtained acceptable results by many researchers. 

Most of these selected indicators are affected by 

various features that can be modelled using those 

features. The indicators can be physical, 

chemical, and biological. 

     Marzaioli et al. (2010) created a set of soil 

quality indicators using physical, chemical and 

biological indicators, including aggregate 

stability, bulk density (BD), particle size 

distribution (PSD), pH, electrical conductivity 

(EC), cation exchange capacity (CEC), and 

microbial biomass carbon (MBC). Also, other 

indicators such as plant available water (PAW), 

stability index (SI), least limiting water range 

(LLWR), and organic matter (OM) were used to 

assess soil quality. Some other indicators of soil 

physics that are important in agriculture are SI, 

FC1, BD, OC2 (Reynolds and Top, 2008). 

     Each of these indicators are important in 

certain context. For example, Armenise et al. 

(2013) showed that physical indicators are more 

responsive to management practices compared to 

chemical indicators. Also, soil physical quality 

can be assessed in terms of climate availability 

for plant growth and microbial activity (Skopp et 

al., 1990). Another indicator of soil physical 

status is PWP. Raats et al. (2002) showed that 

PWP is a steady index of the lower available 

moisture content of the plant. PWP is the amount 

of water that is strongly kept by the soil, is not 

absorbed by the plant, and depends on the 

osmotic coefficient of the plant. OM is another 

index of the physical quality of soil evaluation. 

Obriot et al. (2016) showed that the use of OM 

compared with mineral fertilizers improved soil 

quality. OM is one of the important elements in 

                                                           
1Field Capacity  

maintaining the soil physical quality. Ghosh et al. 

(2012) observed a significant increase in rice 

yield by adding organic modifiers to soil (Ghosh 

et al., 2012). They stated that this is due to the 

improvement and stability of aggregates. 

Willekens et al. (2014) showed that reducing 

agricultural practices along with the addition of 

organic compounds lead to an improved physical 

quality of soil. 

     One of the important issues in soil analysis is 

the evaluation of its derivative properties. 

Unsupervised methods of multivariate statistics 

are powerful tools for evaluating derivative 

properties that help soil researchers extract more 

information using their data (Sena et al., 2002). 

Therefore, a number of physical, molecular, 

biological, and chemical soil properties are used 

as predictive such features. Since measuring all 

soil properties is neither feasible nor cost-

effective, there is an expansion in the usage of 

different algorithms in the modelling of hardly 

accessible soil parameters.  

     It seems that the usage of data mining 

methods in the estimation of hardly accessible 

soil properties is still under development. Rajkai 

et al. (2004) estimated the characteristic moisture 

curve using soil properties with linear and 

nonlinear methods. Saxton and Rawls (2006) 

predicted some hardly accessible soil properties 

using texture and organic materials.  

     The multivariable PCA method allows for to 

identification of the most effective and most 

important parameters and also the use of 

modelling of target (Sena et al., 2002). The 

question raised for the usage of PCA is as to 

which property is more effective and which 

property is better estimated. PCA is also used to 

reduce the dimensions of input data and to model 

and predict indicators. The main purpose of this 

research was therefore a modelling of soil 

physical indices with a developed PCA-ANN 

algorithm. 

 

2. Materials and Methods 

 

2.1. Study Area 

 

     The study area includes parts of the 

agricultural and gardening lands of Jiroft, which 

is located in southeastern Iran, in the 

geographical latitudes of 28˚ 50' to 29˚ 00' N and 

longitudes of 57˚ 55' to 58˚ 10' E (Figure  1). 

2Organic Carbon 1 2 
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Fig. 1. Location of the study area in Kerman Province 

 

     The mean elevation from sea level is about 

681 meters. In a physiographic view point, this 

region is piedmont. The climate of this region is 

warm and dry. Its mean annual rainfall and 

temperature during a period of 28 years were 

159mm and 32.9ºC, respectively. This region is 

one of the most important agricultural areas in 

Iran, and many different tropical, semi-tropical 

and cold products are grown here. Therefore, the 

assessment of physical quality is important for 

the sustainability of the agriculture in this area. 

 

2.2. Sampling method 

 

     A topographic map of the region with a scale 

of 1: 25000 was prepared. After plotting the 

study area on this map, it was imported into 

ILWIS software 3.4 (ITC, 2007) and was geo-

referenced.  Then, the location of 140 points with 

250 meter intervals were selected as observation 

points. After that, the location of each point was 

determined using a global positioning system 

(GPS). At each observation point, two samples, 

including one disturbed and one undisturbed 

sample were placed. Disturbed samples were 

picked up using a spade and undisturbed samples 

were taken using cylinders with 5.5cm height and 

4.5cm diameter.  Finally, all samples were 

transferred to the laboratory. 

 

2.3. Laboratory Analysis 

 

     Disturbed samples were passed through a 

2mm sieve after air-drying. Then, soil texture 

using the hydrometric method (Bouyoucos, 

1951), soil organic matter using the Walkley and 

Black method (Walkley and Black, 1934), 

calcium carbonate equivalent (CCE) using 

neutering with chlorohydric acid (Alison, 1965), 

electrical conductivity (EC) in saturated extract 

by the EC-meter device (Richards, 1954), and pH 

in saturated paste by the pH-meter device 

(Richards, 1954) were measured. Bulk density 

was calculated using the undisturbed samples 

(Blake and Hartge, 1986). Saturation hydraulic 

conductivity was calculated using the Darcy law 

(Equation 1): 

 

𝑄 = 𝐾𝐴
𝐻

𝐿
                                                                            (1) 

 

     Where H is the height of pounded water at the 

top of soil column (cm), L is the length of the 

sample (cm), and K is the saturated hydraulic 

conductivity (cm.min-1), A is the surface area of 

the sample (cm2), and Q is the volume of 

transferred water per unit time (cm3.min-1). Soil 

porosity (F) was also calculated using the 

equation below (Equation 2): 

 

F=1-BD/PD                                                                       (2) 

 

     BD and PD are bulk density and particle 

density, respectively. PD was measured using 

Pycnometer methods (Blake and Hartge, 1986). 

Soil moisture was determined using a pressure 

plate apparatus in matric suctions of 0, 10, 30, 50, 

100, 300, 500, 1000 and 1500KPa. The soil 



Amiri Mijan et al. / Desert 24-1 (2019) 133-141 

 
 

136  

moisture retention curve was drawn using the 

measured soil moistures.  

2.4. Calculation of soil physical quality 

indicators 

 

     In order to evaluate the physical quality of 

soil, some soil quality indicators were calculated 

as follows: 

 

2.4.1. Plant available water (PAW)  

 

     PAW was calculated using the White et al. 

(2006) method as follows: (Equation 3): 

 

𝑃AW = θFC − θPWP      0 ≤ PAWC ≤ θFC        (3) 

 

     𝜃 at PWP and FC are water contents at the 

permanent wilting point and field capacity, 

respectively. 

     The reason for assessing this index is due to 

the great importance in management and its role 

in the control of soil quality. The accessibility of 

water in land and water management practices 

are also very important (Safadoust et al, 2014). 

Due to the development of computer models, the 

estimation of some soil indicators were taken into 

account. 

     PAW is not only an important factor in crop 

production and sustainable agriculture (Sys et al., 

1991), but is also very important in dry and semi-

arid regions. With an increase in the organic 

matter content, PAW also increases. In our study, 

we divided PAW into 4 classes based on 

Cockroft and Olsson (1997) and White et al. 

(2006), with the clasifications as: ideal, good, 

limited, and very poor. 

     PAW≥0.2m3m-3 is defined as the ideal value 

for maximum root growth (Cockroft and Olsson, 

1997). While in the 0.15 ˂ PAW ≤ 0.2, the root 

growth is good, at 0.1˂PAW˂0.15, the root 

growth is limited and 0.1˂ PAW is defined to be 

a very poor root growth (Warrick, 2002 and 

White et al, 2006). 

 

2.4.2. Relative Field Capacity 

 

     The Relative Field Capacity is calculated 

using the equation below (Equation 4): 

 

𝑅𝐹C = (
θFC

θsat
) = (1 −

AC

θ
)     0 ≤ 𝑅𝐹𝐶 ≤ 1       (4) 

 

     θsat  is moisture at the point of saturation. It 

should be noted that optimum occurs at 

0.6≤RFC≤0.7. The conditions are not good when 

moisture is above or below this range. 

 

 

2.4.3. Air Capacity (AC) 

 

     The soil Air capacity was calculated using the 

below equation (Equation 5): 

 

𝐴𝐶 = 𝜃𝑠𝑎𝑡 − 𝜃𝐹𝐶          0 ≤ 𝐴𝐶 ≤ 𝜃𝑠𝑎𝑡                    (5) 

 

θsat and θFC are saturated water and moisture in 

field capacity, respectively. The minimum 

required ventilation to prevent plant crop losses 

is at AC≥0.1m3m-3.  

 

2.5. Modelling of soil quality indicators 

 

     The modelling of indices was done in 

MATLAB. The mentioned indices were 

modelled using the PCA-ANN algorithm with 

some features, such as percentage of Sand, Silt, 

Clay, OM, CaCO3, ECe and F. The effect of the 

input features on indices have been proven by 

many researchers in their previous studies 

(Karhua et al. (2011), Analof and Riehman 

(2012), Botula et al. (2013) and Moncada et al. 

(2014)). Therefore, these features were used as 

input data for the modelling of indices using 

PCA-ANN. 

     It should be noted that the process of 

modelling the indicators were at complete 

random, and 70% of the data was presented as 

training data, 15% of the data was selected as 

testing data, and 15% was selected as validation 

data. 

 

2.6. Model Assessment Criteria 

 

     In order to compare the validity of the 

modelling of indices, the R2 criterion was used. 

Although the values of R2 indicate the precision 

of the model, Root Mean Square Error (RMSE) 

(Equation 6) and Geometric Mean Error Ratio 

(GMER) (Equation 7) were used to validation of 

the results. 

 

RMSE = √
1

N
∑ (Xp − Xo)

2N
i=1                                   (6) 

 

GMER = exp [
1

N
∑ Ln (

XP

XO
)N

i=1 ]                                (7) 

 

     GMER was used to determine the under-

estimation and over-estimation of the model. 

where Xo is the observed values, Xp is the 

predicted values, and N is the total number of 

observations. If the GMER value is more or less 

than one, it represents an over-estimation or an 

under-estimation, respectively. 
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2.7. Used Software  

 

     PCA-ANN hybrid algorithm coding, 

sensitivity analysis, and the modelling of soil 

physical quality indices were done by MATLAB. 

The statistical analysis and evaluation of models 

were done using Minitab software. The drawing 

of charts was done by Excel software. 

 

3. Results and Discussion 

 

     Descriptive statistics of measured and 

calculated soil parameters (features and indices) 

including maximum, minimum, mean, standard 

deviation (SD) and coefficient variance (CV) are 

shown in Table 1. The maximum and least 

variability range were seen in sand and RFC, 

respectively (Table 1). Furthermore, all of the 

indices were classified according to the defined 

standards (White el al, 2006). Then, using the 

PCA-ANN, soil indices were modelled and the 

R2 were obtained. According to the results, the 

highest precision (high R2) belonged to the AC 

index and the least to that of Ks (Table 2). 

 

 

 
                           Table 1. Summary descriptive Statistical of soil properties and soil physical quality indicators 

Feature Unit Mean max min SD CV 

Sand % 54.4 88.5 17 15.6 29 
Silt % 28.88 56 1.5 13.6 47 

Clay % 16.66 44.5 7.5 5.73 34.4 

BD Mgm-3 1.56 1.78 1.33 0.11 7.2 
F % 0.41 0.5 0.33 0.042 10 

OM - 0.021 0.124 0.0034 0.3 56 

CaCO3 % 12.83 30 9 3.77 29 
Ece dSm-1 3.597 13.73 1.105 1.75 49 

PAW m3 m−3 0.2 0.35 0.094 0.044 22 

AC m3 m−3 0.42 0.66 0.25 0.083 19.8 
RFC m3 m−3 0.0027 0.0044 0.0013 0.0005 19.8 

Ks cm.Sec-1 0.0075 0.019 0.0009 0.0045 60 

                            CV: Coefficient Variance, SD: Standard Deviation 
 

3.1. Plant Available Water 

 

     Plant Available Water is an important index 

for assessing the physical quality of the soil. 

Different methods have been defined for 

calculating PAW (Asgharzadeh et al., 2010). 

Generally, the difference between FC and PWP 

is defined as the available water for the plant 

(Vomocil, 1965). According to the four classes 

defined by White et al. (2006), the selected 

samples in this area were generally good (38.3%) 

and ideal (49.65%) (Table 2). Several researchers 

have shown the effect of the multiple features of 

soil on PAW therefore some of features were 

chosen for modelling of indicators. The main 

reason for choosing the selected 10 input features 

was their effect on the quality indices of soil 

physics, which have been proven by other 

researchers. For instance, Alliaume et al. (2013) 

showed that FC increased when the amount of 

OM content increased, which also led to an 

increase in PAW. In this situation, the quality of 

the soil structure increased. Also, Khotabai et al. 

(2013) showed that PAW increased with organic 

matter. 

     Reichert et al. (2009) showed that available 

water varies with the changes in soil texture, 

which is mostly influenced by the amount of sand 

and silt to clay ratio. Also, Andrews et al. (2003) 

stated that with an increase of BD, the amount of 

PAW increased, and vice versa. These changes 

are correlated with water availability capacity 

changes. Therefore, these features were selected 

as input characteristics in the modelling of the 

PAW index. 

 
                               Table 2. The values of statistical criteria for the studied indices 

  Index PAW Ks RFC AC 

Test RMSE 0. 02 3.17 0.00017 0.0029 
Train  0.001 4.67 0.0001 0.0005 

Test GMER 1.02 1.14 1.001 1.0007 

Train  0.99 1.156 1 1.001 
Test R2 0.59 0.13 0.7 0.99 

Train  0.79 0.52 0.9 0.99 

     In the forthcoming research, PAW was well 

modelled using PCA-ANN and the results 

showed that there was a high correlation between 

the predicted and calculated PAW where the 

developed models had low RMSE and high R2 

values (Table 2). The values of RMSE, GMER 

and R2 in Table 2 confirmed the accuracy of these 

results. However, in the GMER, a very small 
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under-estimate was found in the training data and 

a small over-estimate in the testing data. 

Different hybrid algorithms or meta-heuristic 

methods have been used by various researchers. 

Shirani et al. (2015) for instance, modelled PAW 

using PSO-DT. They achieved goodness-of-fit of 

the proposed PSO-DT model for the prediction 

of PAWC with R2≥90. Yang et al. (2016) used a 

combination of neural networks and wavelets to 

predict the soil moisture; they achieved 

successful results.  

     The sensitivity analysis using the Statsoft 

Method showed that the PAW had high 

sensitivity to silt content. In this research, based 

on the four classes provided for PAW (White et 

al., 2006), only 2% of soil samples were 

classified under the poor classes. Also, 10, 38.2 

and 49% of soil samples belonged to the limited, 

good, and ideal classes, respectively. 

 

3.2. Relative Field Capacity (RFC) 

 

     Because the White et al. (2006) air capacity 

was divided into classes, desired and poor, the 

results showed that most of the soil samples in 

this study was at a desired quality (84%) and 16% 

of them were at a poor class. Also, using input 

features, Table 2 shows the modelling of the RFC 

index using the PCA-ANN algorithm. As shown 

in Table 2, the value of R2 was high in both the 

training and testing data (0.9 and 0.79, 

respectively). Based on the GMER results, a little 

over-fitting was observed, but the low RMSE 

could have indicated the suitability of the 

selected features for RFC modelling (Table 2). 

The effect of some of the input features on RFC 

have been studied by other researchers. 

     For example, Safadoust et al. (2014) showed 

that FC had a positive correlation with calcium 

carbonate, clay, and organic matter. They 

explained that this relationship was due to the 

greater surface area, which is available to keep 

moisture at a high suction in high density soil. 

The use of evolutionary algorithms for the 

modelling of RFC and other soil moisture 

parameters have been considered by researchers. 

In a study that was done by Shirani et al. (2015), 

RFC was modelled using PSO-DT with an 

acceptable accuracy. In the RFC modelling of 

PSO-DT, the R2 in training and testing data were 

0.44 and 0.47, respectively (Shirani et al., 2015). 

In the forthcoming study, R2 of the modelling of 

the RFC index in training and testing data was 

0.9 and 0.79, respectively. This could indicate the 

accuracy of PCA-ANN compared to that of PSO-

DT. 

     Also, yang and you (2013) predicted the 

parameters of the Van Genuchten model in 

SWRC using artificial intelligence algorithms 

(Genetic Algorithm, Particle Swarm 

Optimization, Simulated Anneling, and Rosetta). 

They showed that PSO provides better results in 

estimating the parameters of the model 

algorithms. The high value of R2 in the results of 

the present study, confirmed the hypothesis of 

the suitability of PCA-ANN in the estimation of 

RFC. It also indicated the suitability of the 

chosen input features for the modelling of this 

index. Therefore, it can be concluded that PCA-

ANN could be an appropriate algorithm for the 

RFC prediction. In addition, the results of the 

sensitivity analysis showed that RFC is more 

sensitive to clay. 

 

3.3. Air Capacity (AC) 

 

     The results of this study showed that the soils 

of the studied area, according to White's (2006) 

classification, had the highest class and they all 

belonged to the ideal class. In other words, all 

soils had an air capacity of more than 0.28. 

Reynolds et al. (2002, 2009) showed that the AC 

is less or high because of their impact on soil 

water retention. In spite of the over-fitting in the 

modelling of AC using PCA-ANN (Table 2), 

because of high R2 and low RMSE, prediction of 

AC index had good accuracy (Table 2). The 

results of this study showed that using PCA-

ANN with AC is better predicted than other used 

algorithms in the previous studies done by other 

researchers. Shirani et al. (2015) predicted the 

AC value using PSO-DT and measured the R2 

value in testing data. 

     The influence of some input features on the 

quality of soil, especially AC, has been 

considered. For example, Reynolds et al. (2002) 

showed that AC was affected by clay. FC 

decreased by the flocculation of clay, which 

directly affected AC. The clay content affected 

the soil structure formation and porosity. If clay 

is optimal, the soil structure is well formed. The 

good structure result in optimal AC. Because, 

water holding capacity in the soil, the amount of 

saturated, drained water, and thus the AC were 

affected by the percentage of clay. Archer and 

Smith (1972) also showed that an increase in BD 

caused a linear increase in the amount of AC. 

Also, the result of the sensitivity analysis, using 

the Statsoft Method, showed that AC had high 

sensitivity to porosity (F). 

 

3.4. Hydraulic Conductivity at saturation (Ks) 

 

     According to Vanden Akker and Soane 

(2005), three classes have been defined for 

hydraulic conductivity at saturated conditions 

https://www.sciencedirect.com/science/article/pii/B0123485304002484#!
https://www.sciencedirect.com/science/article/pii/B0123485304002484#!
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(permeable, semi-permeable, and impermeable). 

he Ks results of this study showed that 99% of 

soil samples were permeable and only 1% 

belonged to the semi-permeable class. It is 

obvious that Ks measurement is time and cost 

consuming. Therefore, choosing a method that 

could model and predict Ks with an acceptable 

accuracy was necessary. For this purpose, Ks was 

predicted and modelled using PCA-ANN. The 

results showed that the prediction of Ks had a low 

precision. Applying PCA-ANN for prediction of 

Ks, was less reliable than the other indices. 

Therefore, because of low R2, high RMSE, and 

over-fitting of results, using PCA-ANN 

algorithm to modelling of Ks must be taken care 

(Table 2). In recent years, the use of various 

algorithms has been considered in modelling and 

optimizing the saturated hydraulic conductivity, 

which in some cases has yielded acceptable 

results. Ghanbarian-Alavijeh et al. (2010) 

showed that the use of ANN leads to an accurate 

estimation of Ks. Although hydraulic 

conductivity at an unsaturated condition was 

correctly predicted using ANN by Al-Sulaiman 

and Aboukarima (2016), good results were not 

achieved in the modelling of Ks using artificial 

neural networks. 

The results of this study showed a high 

inefficiency of PCA-ANN for the modelling of 

Ks. Many factors may lead to low R2 which 

would not be considered in this research. For 

example unjust features or algorithm. 

     Therefore, it seems that it would have been 

better to use other features or other algorithms in 

the predicting and modelling of Ks. Overall, the 

results showed that PCA-ANN was an 

appropriate algorithm for modelling the studied 

indices. This algorithm has been used in many 

modelling parameters. Among them, Nouri et al. 

(2011) showed that the results of modelling are 

good. The correlation between estimated and 

measured of indices, both training and testing 

data, were good (0.92 and 0.88, respectively). 

Although they stated that the accuracy of PCA-

ANN was higher than PCA-SVM. They showed 

that the correlation coefficients in training and 

testing data were high (0.93 and 0.85, 

respectively). The results of the sensitivity 

analysis using the Statsoft Method showed that 

Ks was more sensitive to bulk density. 

 

4. Conclusion 

 

     Our results showed that the developed PCA-

ANN method could be an appropriate algorithm 

for the modelling of different indices. It was 

observed that indicators could be estimated by 

many algorithms, preferably PCA. Also they are 

affected by features. However, it should be noted 

that the results of the modelling of Ks, using the 

PCA-ANN method, was improper and thus a 

more suitable algorithm or a more perfect method 

should be developed for this prediction. 
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