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Abstract: This research was carried out to evaluate the capability of a combined fuzzy logic-based
approach and analytical hierarchy process (AHP) for potassium saturation percentage (KSP)
estimation in some calcareous soils of southern Iran. Based on a reconnaissance soil survey,
52 soil series were selected and different physical and chemical properties were determined.
Five soil parameters including clay, cation exchange capacity, calcium carbonate equivalent, electrical
conductivity, and organic carbon were chosen for analysis. Mapping was developed with the kriging
method for each parameter. Different fuzzy membership functions were employed and weights for
all parameters were calculated according to AHP. Finally, KSP classes were provided for each land
unit. Results indicated that about 60% of the studied area is classified as having moderate to high
KSP content (>3%) and 40% of had low or very low KSP content (<3%). Then 15 sample points were
used for determination of the accuracy of the fuzzy method. Results showed that the fuzzy and AHP
methods have a high accuracy for KSP estimation in the studied soils. Further development of the
fuzzy and AHP methods would be worthwhile for improving the accuracy of KSP analysis.

Keywords: potassium saturation percentage (KSP); calcareous soils; GIS; fuzzy; analytical hierarchy
process (AHP)

1. Introduction

Potassium is an essential element for plants and its importance in agriculture is well known.
Potassium saturation percentage (KSP) is an index of K fertility of soil and is also another index for
assessment of K status and K buffering capacity in some countries [1,2]. It is defined as exchangeable
K divided by cation exchange capacity (CEC), expressed as a percentage. In fact, KSP indicates the
ability of soil to adsorb and buffer K ions and is directly related to CEC. Low KSP indicates that K
ions occupy a small portion of CEC [3]. Pagel and Insa (1974) proposed the critical value for KSP as
being 2.3% [4]. However, some soil physical and chemical properties, climate (temperature regimes),
soil development, mineralogy, and soil depth may also affect its content [1].

Nowadays, some analytical methods such as fuzzy logic-based approach and analytical hierarchy
process (AHP) as an expert-based system are used for analysis and mapping of soil properties. The AHP
technique has the ability to incorporate different types of data and compare two parameters at the
same time by using the pair-wise comparison method [5]. Although the fuzzy and AHP methods have
been used for different purposes such as agricultural best management practices, contaminated land
management, watershed management, etc. by many researchers [6–8], no information is available
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about the use of these techniques for the mapping of essential soil elements for plant growth such as
N, P and K.

Many fuzzy membership functions have been developed for different soils [9]. These methods
are implemented in Geography Information System (GIS) and analyses are performed for each raster
cell to produce the soil maps. Input attributes are classified into different classes (high, medium, low,
and very low values). However, for determination of fuzzy maps for each criterion, the main problem
is the determination of the relative weight of these criteria and overlaying these maps to obtain the
final map. The analytical hierarchy process (AHP) is known to be a good method to overcome this
problem [5–10].

The current research was carried out to study the content of KSP and its variation in 52 calcareous
soils of southern Iran and to map KSP as an index of K fertility using the fuzzy and AHP methods.
The results of this investigation may be important for K fertility management of calcareous soils of
southern Iran.

2. Materials and Methods

2.1. Study Area and Data Set

The study area is located in Fars province, southern Iran, between latitudes 27◦03′ N–31◦40′ N
and longitudes 48◦56′ E–50◦36′ E with an area of 12,442 km2 (Figure 1). There are three distinct climatic
regimes in the study area. These include the mountainous area of the north and northwest with
moderate cold winters and mild summers, the central regions with relatively rainy mild winters and
hot dry summers, and the south and southeast region with cold winters and hot summers. The highest
and lowest elevations of the studied region are 3915 and 115 m above sea level, respectively.
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Figure 1. Location of the study area in southern Iran.

Based on a reconnaissance soil survey, 52 soil series in the different climatic regions were selected
(Figure 2), and 0–20 cm horizons were sampled, air-dried, and sieved (<2 mm) for laboratory analyses
in February 2014. Particle size distribution including sand, silt, and clay percentages was determined
after dissolution of CaCO3 with 2 N HCl, decomposition of organic matter with 30% H2O2 and removal
of salts with repeated washing. The soils were dispersed using sodium hexametahposphate, and
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the sand (50–2000 µm), silt (2–50 µm), and clay (<2 µm) fractions were separated by sedimentation
and determined by the pipette method [11]. Calcium carbonate equivalent was determined by acid
neutralization (CCE) [12]. Organic carbon was determined by wet oxidation with chromic acid and
back titrated with ferrous ammonium sulphate [13]. Electrical conductivity was determined in the
saturated extract [12]. Cation exchange capacity (CEC) was determined using sodium acetate at a pH
of 8.2 [14]. Exchangeable K was extracted with four times extractions of 5 g soil with 25 mL of 1.0 M
NH4OAc (pH 7.0) after 10 min shaking [15]. The mentioned attributes were used to determine the
KSP classes.
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Figure 2. The location of 52 soil samples in the study area.

2.2. Methods

2.2.1. Kriging Interpolation

The geostatistics method was used for producing interpolation maps of the soil attributes.
The prediction of the soil attributes was carried out by using a kriging method in the study area [16].
The presence of a spatial structure where observations close to each other are more alike than
those that are far apart (spatial autocorrelation) is a prerequisite to the application of geostatistics.
The experimental variogram measures the average degree of dissimilarity between predicted values
and a nearby data value and thus can depict autocorrelation at various distances. The value of the
experimental variogram for a separation distance h (referred to as the lag) is half the average squared
difference between the values z (xi) and z (xi + h) [16]:

γ(h) =
1

2n(h)

n

∑
i=1

[z(xi)− z(xi + h)]2 (1)

where n is the number of pairs of data point, which are separated by the distance h, and Z(xi) and
Z(xi + h) are the observed values of the variable at the locations xi and xi + h, respectively. From analysis
of the experimental variogram, a suitable model is then fitted, usually by weighted least squares and
the four parameters (sill, range, nugget variance, and anisotropy) are determined. The sill refers to
variance value at which the curve reaches the plateau. The total separation distance from the lowest
variance to the sill is known as the range. The variance at separation distance of zero is called the
nugget variance. Variogram modeling is a key step between spatial description and spatial prediction.
The main application of kriging is the prediction of attribute values at unsampled locations.
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2.2.2. Fuzzy Classification

Mathematically, a fuzzy set can be defined as follows [17]:

A = {x, µA (x)} foreach, xεX (2)

where X is a collection of objects denoted generically by x. The µA is the membership function (MF)
that defines the grade of membership of x in a fuzzy set. The MF takes values between and including 1
and 0 for all A where µA = 0 means that the value of x does not belong to A and µA = 1 means that it
belongs completely to A. Alternatively 0 < µA(x) < 1 implies that x belongs in a certain degree to A.
If X = {x1, x2, . . . xn}, the previous equation can be written as following [17]:

A = {[x1, µA(x1)] + [x2, µA(x2)] + . . . . . . + [xn, µA(xn)]} (3)

In simple terms, Equations (2) and (3) mean that for every x that belongs to the set X, there is a
MF that describes the degree of ownership of x in A.

The following MF was used for CCE and electrical conductivity (EC) [18–20].

µA(X) = f(x) =


0 x ≤ a
x− a/b− a a < x < b
1 x ≥ b

(4)

where x is the input data and a, b are the limit values.
For CEC, OM, and clay, the following MF was used [18–20].

µA(X) = f(x) =


1 x ≤ a
b− x/b− a a < x < b
0 x ≥ b

(5)

where x is the input data and a, b are the limit values.

2.2.3. The Analytical Hierarchy Process Method

The analytical hierarchy process (AHP) is based on a pair wise comparison matrix. It is calculated
using Equations (6) and (7):

aij = aik · akj (6)

aij = 1/aji (7)

where i, j, and k are any decision criteria of the matrix.

2.2.4. Combination of Fuzzy and AHP methods

In order to prepare the KSP map, it is necessary to combine the raster values containing the
different fuzzy parameters. A1, . . . Ak. So for this purpose, the weights W1 and Wk were calculated
using AHP in ArcGIS [21].

Equations (8) and (9) present the convex combination:

µA =
k

∑
j=1

wj·µA(x), xεX (8)

k

∑
j=1

wj = 1, wj > 0 (9)
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First, model parameters maps were constructed by interpolation between the 52 sampling points
using the kriging method. Next fuzzy logic was applied to create a fuzzy parameter map for each
parameter. To arrive at an integrated evaluation of the KSP classes, the fuzzy parameter maps were
aggregated into a suitability map following a weighted summation, using the AHP.

3. Results and Discussion

Some physical and chemical properties of the soil samples are shown in Table 1. All soils were
calcareous and the average calcium carbonate content was 41%. A wide range of clay content, salinity,
CEC, and organic matter contents was observed in the studied soils. This may be due to the different
parent materials (including calcareous, gypsiferous, and saline alluviums), different climatic zones,
different physiographic positions (including lowland, piedmont plain, river terrace, alluvial fan,
and alluvial plain), different land covers (forest, range, agriculture, etc.), and divergent mineralogical
compositions. Higher values of CCE were found in southern and to some extent southwestern locations
within the studied area; while the lower values were related to the northwest part. Cation exchange
capacity of the south and center parts were considerably lower than the north part. Clay content
showed no regular distribution, but some small-scale regions in the center to the north part had soils
with higher than 40% clay content. Generally, soil salinity was a serious problem for some parts in the
west of the studied region. Most parts in the studied region had lower than 1% organic matter (OM) in
the surface soils, however, some parts in southern Fars had a considerable content of OM (higher than
5%). Generally, soils that developed in cooler and more humid regions had higher clay, organic matter,
and CEC and lower CCE, EC, and pH [22]. Significant correlations were found between CEC and CCE
(−0.67, p < 0.01), OM (0.90, p < 0.01), sand (−0.44, p < 0.01), and clay (0.44, p < 0.01). Clay content was
also correlated with CCE (−0.32, p < 0.01), sand (−0.68, p < 0.01), and silt (−0.42, p < 0.01). Significant
relationships of the mentioned parameters with different forms of K and KSP in calcareous soils of Iran
have been previously reported by Najafi-Ghiri et al. [1] and Nabiollahy et al. [23]. The value of KSP
in the studied soils ranged from 0.4% to 9.2% with an average of 4.4%. These results are comparable
with the findings of Al-Zubaidi [24] for Iraqi soils (mean of 4.51%) and higher than the findings of
Al-Zubaidi et al. [3] for some Lebanese soils (mean of 1.73%).

Table 1. Variation of the content of KSP as conditioning factors in the study area.

Soil Properties Clay % Sand % Silt % CCE % CEC Cmol(+)kg−1 EC dSm−1 OM %

Maximum 53 81 89 69 56 57.1 21.0
Minimum 1 1 12 3 5 0.2 0.1
Average 25 27 48 41 15 4.2 3.1

SD 13.57 17.31 12.24 16.65 9.00 10.19 3.02

KSP: potassium saturation percentage; SD: standard deviation; CCE: calcium carbonate equivalent; CEC: cation
exchange capacity; EC: electrical conductivity; OM: organic matter.

In this study, the spline, inverse distance weighted (IDW), and simple kriging methods (Gaussian,
circular, spherical, and exponential models) were used for production of raster maps for each soil
parameter in ArcGIS 10.2 software (Esri, New York, NY, USA). These methods are usual for the
preparation of interpolation maps. For selection of the best method we used root-mean-square
deviation (RMSE); 70% of the data was used as training data (37 samples), and 30% was used for
testing data (15 samples), with the data randomly allocated for either training or testing purposes.
The results of RMSE for three models showed that the simple kriging method (circular model) with
the lowest RMSE is the best model for prediction of soil parameters (Table 2).

Therefore, the prediction of soil properties was carried out by using the circular model in the
study area. The maps of soil parameters were constructed by kriging method interpolation among
52 sampling points which are shown in Figure 3.
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Table 2. Root mean square errors for each parameters by inverse distance weighted (IDW) and
kriging methods.

Factor
Kriging

IDW Spline
Gaussian Circular Spherical Exponential

Clay, % 1.28 1.10 1.21 1.31 1.11 1.12
Sand, % 3.20 3.17 3.71 3.21 4.10 4.20
Silt, % 3.10 2.98 3.40 3.53 3.21 3.10

CCE, % 3.33 3.24 3.41 3.54 3.28 3.81
CEC, Cmol(+)kg−1 4.10 3.56 3.81 4.10 5.20 4.90

EC, dSm−1 3.30 2.94 3.10 3.20 2.98 3.00
OM, % 1.36 1.04 1.28 1.31 1.25 1.91Agriculture 2016, 6, 59  6 of 12 
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Next, the capability of linear functions to calculate the fuzzy memberships was examined for
prediction of the different KSP conditioning factors in ArcGIS 10.2 (extension of spatial data modeller
(SDM)). In order to define membership functions, data in Table 3 was used [25–29]. According to
Table 3, variations in the different KSP conditioning factors are linear. Therefore, a linear function was
used to define the membership function for each parameter in this study.

Table 3. Classification of the different KSP conditioning factors.

Factor Low Moderate High Very High

Clay, % <18 18–35 35-60 >60
CCE, % <2 2–15 15-40 >40

CEC, Cmol(+)kg−1 <8 8–16 16-32 >32
EC, dSm−1 <4 4–8 8-16 >16

OM, % <1 1–5 5-10 >10

The best fuzzy membership was achieved by using the linear functions (Equations (4) and (5)).
The resulting maps for each of the KSP conditioning factors are shown in Figure 4. According to
Figure 4, the CEC and OM contents in the soils of the north regions were the lowest, while CCE
and clay contents in some of the soils from parts of the northeast and northwest regions were the
lowest, respectively. For EC, the highest content was related to some of the soils from the west
regions. Then, for overlaying the maps and preparing the KSP map, the AHP method was applied
on the fuzzy maps. The pair-wise comparisons matrix that was used for preparation of the weights
for each KSP conditioning factor was determined by consulting experts opinions including soil
investigators (six experts) about the chemistry of soil K, agronomists (six experts) about K absorption
and utilization by plant roots, geomorphologists (three experts) about the relationships between
different soil properties and land physiography with soil K, and soil mineralogists (three experts)
about the importance of different clay minerals in K release, fixation, and availability; these weights
are indicated in Table 4. By taking each of the column values and dividing by the sum of the column
the average weight was calculated for each of the parameters. According to expert opinions and a
previous report from Najafi-Ghiri et al. [1], it was determined that CEC, clay, CCE, OM, and EC were
the most important parameters that had the highest effects on KSP, and the best relationship was
observed between CEC and KSP. While KSP was defined as a percentage of CEC that was determined
by K, with an increase in CEC, the value of KSP decreased. On the other hand, CEC is related to clay
and organic matter content and thus these parameters may affect the KSP value [25].
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Table 4. Pair-wise comparison matrix for KSP.

Factors CEC Clay CCE OM EC Weight

CEC 1 2 3 4 5 0.42
Clay 1/2 1 2 3 4 0.26
CCE 1/3 1/2 1 2 3 0.16
OM 1/4 1/3 1/2 1 2 0.10
EC 1/5 1/4 1/3 1/2 1 0.06

The results of fuzzy and AHP methods are shown in Figure 5. The area of the land in each
class is also shown in Table 5. Generally, the fuzzy method classifies the studied region into four
classes including very low, low, moderate, and high [19]. About 60% of the studied area is classified
as belonging to the moderate and high KSP classes and 40% of the studied area had low or very
low KSP values. Generally, the KSP content in soils of the northwest to center area of the studied
regions were the lowest, while the highest content was related to the soils of the south and southeast
regions. According to Table 4, it was determined that CEC had the maximum weight (0.42) and the
most negative effect on KSP value. In considering these results, it was determined that the south
region of the study area, with the minimum value of CEC, was located in a class 4 area according to a
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KSP map (KSP values of <1, 1–3, 3–5, >5 are classes of 1, 2, 3, and 4, respectively); while the north of
the study area, with the maximum value of CEC, was located in a class 1 area with the lowest KSP.
As such, CEC has the most effect on the final fuzzy and AHP maps for KSP. As mentioned, CEC is
related to clay content and type and organic matter content. Thus, the soils of arid land (southern Fars
province) that had the lowest content of organic matter and clay with low CEC, including illite and
chlorite [30], showed the highest value of KSP. On the other hand, more humid regions of Fars province
(southwest area), with high organic matter content and high-charged clay like smectites, had the lowest
value of KSP.

Table 5. The area of each class for KSP.

Class Area (%) Area (km2)

Very low 14.05 17,477
Low 28.98 36,067

Moderate 27.48 34,198
High 29.49 36,700
Total 100 124,442
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Figure 5. The KSP maps for the studied region as determined by fuzzy and analytical hierarchy process
(AHP) (a) KSP map (b) reclassified map of KSP map.

For determination of the accuracy of the fuzzy method, 15 sample points (equal to 30% of the
primary studied points) were used. The results are shown in Figure 6 and Table 6. Then CCE, CEC,
clay, OM, and KSP values were measured (Table 6). The comparison of the content of each parameter
(test data) with KSP map (Figure 5) indicated that with decreases in the content of CEC, organic matter,
and clay, the sampling point tended to be located in class 4 areas that had the highest content of KSP
and vice versa. In fact, the method demonstrated high accuracy (100%) and was shown to be useful in
the prediction of KSP values.
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Figure 6. Position of sample points in the study area.

Table 6. Characteristics of the sample points.

Sample Point CCE, % CEC, cmol(+)kg−1 Clay, % EC, dS m−1 OM, % KSP, % Class

1 36.22 20.36 22.01 20.36 2.39 1 to 3 2
2 39.67 18.13 24.70 18.13 2.22 1 to 3 2
3 20.70 29.68 35.13 29.68 2.75 <1 1
4 40.99 14.87 42.51 14.87 1.44 <1 1
5 43.21 12.16 31.25 12.16 1.31 1 to 3 2
6 55.74 13.53 22.42 13.53 1.46 1 to 3 2
7 43.63 9.97 27.59 9.97 0.90 3 to 5 3
8 47.56 8.35 22.79 8.35 0.76 >5 4
9 45.23 9.24 22.86 9.24 0.87 3 to 5 3

10 45.47 11.21 16.30 11.21 1.15 3 to 5 3
11 50.28 7.70 21.73 7.70 0.66 >5 4
12 50.44 8.06 22.61 8.06 0.74 >5 4
13 51.67 9.91 18.66 9.91 1.13 3 to 5 3
14 52.27 7.52 23.07 7.52 0.70 >5 4
15 51.90 8.30 22.19 8.30 0.84 >5 4

4. Conclusions

In the current research, the fuzzy and AHP methods were evaluated for KSP classification of some
soils of Fars province, southern Iran. The GIS-based KSP classification needs different parameter maps
as inputs, but the relation of these parameters to KSP content is different; therefore, finding the relative
weight for each parameter and finally overlaying these maps is really important. In order to overcome
these problems, the fuzzy and AHP methods were used in the current study. Results showed that
the application of this method is a promising way to determine KSP content. Further development of
this method would be worthwhile for application in future studies of KSP. Recently, the fuzzy and
AHP methods were successfully used for prediction of soil fertility and land suitability [19,20,31].
Considering that soil parameters change constantly based on fuzzy rules, and according to findings of
the research, the combination of AHP and fuzzy methods is an accurate tool for the prediction of soil
parameters. It is concluded that the combination of AHP and fuzzy methods may be applicable for the
prediction of some soil fertility criteria, such as KSP.
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