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Abstract: Land suitability classification is important in planning and managing sustainable land use.
Most approaches to land suitability analysis combine a large number of land and soil parameters,
and are time-consuming and costly. In this study, a potentially useful technique (combined feature
selection and fuzzy-AHP method) to increase the efficiency of land suitability analysis was presented.
To this end, three different feature selection algorithms—random search, best search and genetic
methods—were used to determine the most effective parameters for land suitability classification
for the cultivation of barely in the Shavur Plain, southwest Iran. Next, land suitability classes were
calculated for all methods by using the fuzzy-AHP approach. Salinity (electrical conductivity (EC)),
alkalinity (exchangeable sodium percentage (ESP)), wetness and soil texture were selected using
the random search method. Gypsum, EC, ESP, and soil texture were selected using both the best
search and genetic methods. The result shows a strong agreement between the standard fuzzy-AHP
methods and methods presented in this study. The values of Kappa coefficients were 0.82, 0.79
and 0.79 for the random search, best search and genetic methods, respectively, compared with the
standard fuzzy-AHP method. Our results indicate that EC, ESP, soil texture and wetness are the
most effective features for evaluating land suitability classification for the cultivation of barely in
the study area, and uses of these parameters, together with their appropriate weights as obtained
from fuzzy-AHP, can perform good results for land suitability classification. So, the combined feature
selection presented and the fuzzy-AHP approach has the potential to save time and money for land
suitability classification.

Keywords: land suitability; fuzzy-AHP; feature selection; random search; genetic method

1. Introduction

Land suitability analyses assess the suitability of land for specific uses such as arable farming,
irrigated agriculture, forest, urbanization, industry, waste disposal, etc. [1–3].

Agriculture land suitability classification is defined as the process of assessment of land
performance for alternative kinds of agriculture activity and crop type [1,4,5]. This activity is vital
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to predict the potential and limitation of land for crop production; the systematic assessment of
land and water potential; and to select the best land for the cultivation of a given agricultural
product [1,4–7]. In 1976, the Food and Agriculture Organization (FAO) proposed a framework for land
suitability classification which allows five classes of suitability (three suitable and two not suitable)
for certain crops [1]. Later, the FAO classification model was adapted for use with a wider range of
soil and environmental characteristics [8–10]. The geographical information system (GIS) has added
a much-needed spatial dimension to land suitability mapping and management, and has become a
powerful tool in this regard [11–13]. Different combined GIS and expert systems such as multi-criteria
decision analysis [5,14–18], artificial intelligence in geo-computation methods [19–21], visualization
methods [22], analytical hierarchy process (AHP) [23,24], fuzzy modeling [25–29] and Fuzzy-AHP
methods [30–33] have been widely used for agricultural land suitability classification. In all of these
methods, the topography, wetness, salinity (electrical conductivity (EC)), alkalinity (exchangeable
sodium percentage (ESP)), soil texture, soil depth, CaCO3, pH (H2O) and gypsum are important
parameters for the evaluation of land suitability for the cultivation of different crops [34].

Because of the large number of inputs required, determining land suitability through existing
approaches is time consuming and costly. Hence, the development of methods that minimize and
optimize the input parameters for land suitability analysis is important. One method that shows
potential is data mining-based feature selection. The data-mining approach is based on identifying
valuable information in an existing database [35]. The first requirement for successful data mining is
to identify the most important features through a database [36]. The feature selection methods can
be seen as the combination of search approaches for proposing new feature subsets, along with an
assessment measure that scores the several feature subsets [37].

Recently, several studies have evaluated feature selection for use in digital soil mapping and
classification [38–40]. As such, feature selection could be useful in studies with a large number of
input parameters, such as land suitability analyses [41]. However, so far, no study has evaluated
this method for land suitability evaluation, with the exception of a conference proceeding paper by
Mokarram et al. [41]. Here, we present an extended version of this conference paper, in which
we aimed to assess the capabilities of different feature selection algorithms (random search, best
search and genetic methods), in combination with fuzzy-AHP, for land suitability classification for
the cultivation of barley. In addition, we aimed to determine the most effective parameters for this
purpose. The accuracy of the combined feature selection and fuzzy-AHP methods are compared
with the standard method of FAO, and the best method and framework for this task was selected
and discussed.

2. Materials and Methods

2.1. Study Area

The study area, Shavur Plain, is located in the Khuzestan province, in southwest Iran, between
latitudes 31◦00’30” N and 32◦30’00” N and longitudes 48◦15’00” E and 48◦40’40” E. It has an area of
774 km2 (Figure 1). The area has an arid and semi-arid climate with an average annual precipitation of
266 mm and annual evaporation from open pans of 2788.3 mm·year−1.

2.2. Dataset

Data used for this study include topography (primary slope, secondary slope and micro-relief),
wetness (water table depth), salinity (EC), alkalinity (ESP), soil texture, soil depth, CaCO3, pH, and
gypsum, which were extracted from the land classification report published by the Khuzestan Soil
and Water Research Institute in 2009 [42]. These data were collected by sampling 256 points randomly
distributed in the study area. A summary of the dataset is shown in Table 1.
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Figure 1. Location of the study area, Shavur Plain in Iran (WGS 84, UTM-Zone 38 N). 
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Step 1: Geospatial maps of each parameter presented in Table 1 were constructed. For this we 

used the geostatistical analysis and the Ordinary Kriging model was applied to the 256 sampled 
points. 

Step 2: Based on a previous study [28–31], the following functions (Equations (1) and (2)) were 
determined as the best fuzzy membership functions for each parameter, and these were used to 
prepare fuzzy maps for all parameters. Function 1 was used for soil depth and wetness, and function 
2 was used for soil texture, EC, ESP, gypsum (%), CaCO3 (%), topography, and pH values. 

Figure 1. Location of the study area, Shavur Plain in Iran (WGS 84, UTM-Zone 38 N).

Table 1. Summary of parameters for land suitability classification in the study area.

Parameters Minimum Maximum

pH 7.90 8.32

gypsum 0.00 2.94

CaCO3 (%) 17.74 39.16

soil depth (cm) 150.00 200.00

soil texture 7.20 9.75

salinity and alkalinity EC (ds/m) 1.00 62.98
ESP (%) 1.00 49.99

wetness
water table depth (cm) 0.00 200.00
depth of segment (cm) 0.00 100.00

topography
primary slope (%) 0.00 3.50

secondary slope (%) 0.00 1.50
micro-relief (cm) 0.00 45.00

2.3. Methodology

The methodology of the study is summarized in six steps, as follows:
Step 1: Geospatial maps of each parameter presented in Table 1 were constructed. For this we

used the geostatistical analysis and the Ordinary Kriging model was applied to the 256 sampled points.
Step 2: Based on a previous study [28–31], the following functions (Equations (1) and (2)) were

determined as the best fuzzy membership functions for each parameter, and these were used to prepare
fuzzy maps for all parameters. Function 1 was used for soil depth and wetness, and function 2 was
used for soil texture, EC, ESP, gypsum (%), CaCO3 (%), topography, and pH values.

µA (X) =


0 x ≤ a

x− a/b− a a < x < b
1 x ≥ b

 (1)

µA (X) =


1 x ≤ a

b − x/b− a a < x < b
0 x ≥ b

 (2)

Supposing that X = {x is a finite set of points, a fuzzy subset, A subset A of X, is defined by
a function, µA(X), in the ordered pairs: A = {x, µA(X)} for each x, x belongs to X. where µA(X) is
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membership function that defines the grade of membership of x in A fuzzy set. The µA(X) takes values
between 0 and 1, inclusive. The value of 1 means that x belongs completely to A, and 0 means that x
absolutely does not belong to the subset A. A value between 0 and 1 indicates that, to some degree,
x belongs to the subset A. The values a, b are the lower and upper limit values according to Sys’s
table [34].

Step 3: The AHP method was employed in order to determine the weights of assessment
parameters for land suitability classification. This method is based on a pair wise comparison
matrix [43,44]. To derive the pair wise comparison matrix, the relative importance of input parameters
(Table 1) was defined by using the published reports by the Khuzestan Soil and Water Research
Institute [42]. This report shows that soil salinity and alkalinity, soil wetness, CaCO3, gypsum, pH, soil
texture, soil depth and topography are the most important parameters (restriction) for the cultivation
of barley in the study area, respectively. The relative importance of these parameters were assigned
based on Saaty’s scale (Table 2) and the pair-wise comparison matrix and the final weights for each
parameter were derive (Table 3).

Table 2. Scales for pair-wise AHP comparisons [45].

Intensity of Importance Definition

1 Equal Importance
2 Weak or slight
3 Moderate importance
4 Moderate plus
5 Strong importance
6 Strong plus
7 Very strong or demonstrated importance
8 Very, very strong
9 Extreme importance

Reciprocals of above If activity i has one of the above non-zero numbers assigned to it when
compared with activity j, then j has the reciprocal value when compared with i

Table 3. Pairwise comparison matrix for land suitability for barley.

Parameters EC and
ESP

Soil
Wetness CaCO3 Gypsum pH Soil

Texture
Soil

Depth Topography Weight

EC and ESP 1 2 3 4 5 6 7 8 0.3290
soil wetness 1/2 1 2 3 4 5 6 7 0.2243

CaCO3 1/3 1/2 1 2 3 4 5 6 0.1526
gypsum 1/4 1/3 1/2 1 2 3 4 5 0.1053

pH 1/5 1/4 1/3 1/2 1 2 3 4 0.0750
soil texture 1/6 1/5 1/4 1/3 1/2 1 2 3 0.0525
soil depth 1/7 1/6 1/5 1/4 1/3 1/2 1 2 0.0359

topography 1/8 1/7 1/6 1/5 1/4 1/3 1/2 1 0.0254

Step 4: Finally, to compute the land suitability map of the study area, the convex combination of
the raster values containing the different fuzzy parameters were calculated using the linear additive
combination models [12] as in Equation (3):

SI =
k

∑
j=1

Wj × µj(x) xεX (3)

where the value of SI is the land suitability index, k is the number of parameters (Table 1), Wj is the
weight of parameter j, which is computed by using AHP (Table 3), and µj (X) is the membership grade
for factor j. The value of SI is between 0 and 1, where a value of 0 represents totally unsuitability
and 1 indicates 100% suitability. The suitability classification was assigned as presented in Table 4,
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based on the FAO framework [1], and modified slightly in this study. Thus S1 represents that the land
unit is highly suitable to barely crop production with no limitations; S2 represents that the land unit is
moderately suitable with some limitations; S3 represents that the land unit is marginally suitable with
severe limitations; and N represents that the land unit is unsuitable for barely growth.

Table 4. Land suitability classes for the barely in the study area.

Suitability Class Suitability Index Definition

S1 0.79–0.99 highly suitable
S2 0.74–0.79 moderately suitable
S3 0.65–0.74 marginally suitable
N 0.10–0.65 unsuitable

Step 5: The previous approach needs a large number of land and soil parameters for land
evaluation, therefore in this study three different feature selection algorithms which are most common
and used methods—random search, best search and genetic methods—were used to determine the
most effective parameters for land suitability classification. For each feature selection method, the most
effective parameters were selected, and then weights for each parameter were re-calculated according
to the AHP. Land suitability classes were calculated for all methods (datasets) using a fuzzy-AHP
approach. The details of feature selection methodology are explained in the next section.

Step 6: The Kappa coefficient developed by Cohen [46], was used to assess the agreement between
the standard fuzzy-AHP map and the maps obtained from the different feature selection methods.
The Kappa coefficient is a measurement of the degree of agreement between two observations (maps).
A Kappa value of 0 indicates that there is a poor agreement between two maps and a value of 1 indicates
an almost perfect agreement. The methodology of this study is summarized in Figure 2.Agriculture 2016, 6, 52 6 of 13 
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Figure 2. Overview of the methodology.

Feature Selection Method

The main idea of feature selection is to choose a subset of input variables by eliminating
features with little or no predictive information. Feature selection can significantly improve the
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comprehensibility of the resulting classifier models, and it often builds a model that better generalizes
to unseen points. Feature selection has been developed for decades in statistical pattern recognition [47],
machine learning [48], data mining [49] and statistics [50].

Ideally, feature selection methods search through the subsets of features, and try to find the
best one among the competing 2N (size) candidate subsets according to some evaluation function.
This procedure is exhaustive as it tries to find only the best one. There are four basic steps in a typical
feature selection method, as follows:

(a) The generation procedure: this is basically a search procedure, which generates subsets of features
for evaluation.

(b) The evaluation function: An evaluation function measures the goodness of a subset produced by
some generation procedure, and this value is compared with the previous best. If it is found to be
better, then it replaces the previous best subset.

(c) The stopping condition: Without a suitable stopping criterion, the feature selection process
may run exhaustively or forever through the space of subsets. Generation procedures and
evaluation functions can influence the choice of a stopping criterion. A Stopping criteria based
on a generation procedure include: (i) whether a predefined number of features are selected;
and (ii) whether a predefined number of iterations is reached. Stopping criteria based on an
evaluation function can be: (i) whether addition (or deletion) of any feature does not produce
a better subset; and (ii) whether an optimal subset according to some evaluation function is
obtained. The loop continues until the stopping criterion is satisfied.

(d) The validation procedure: the validation procedure is not a part of the feature selection process
itself, but a feature selection method (in practice) must be validated. It tries to test the validity
of the selected subset by carrying out different tests, and comparing the results with previously
established results, or with the results of competing feature selection methods, using artificial
datasets, real-world datasets, or both [51].

In this research, the different feature selection methods applied were best search, genetic search
and random search. A short description of each method is given in the following boxes:

Best search [52]

1. Begin with the OPEN list containing the start state, the CLOSED list empty, and BEST start state.
2. Let s = arg max e(x) (get the state from OPEN with the highest evaluation).
3. Remove s from OPEN and add to CLOSED.
4. If e(s) ≥ e(BEST), then BEST←s.
5. For each child t of s that is not in the OPEN or CLOSED list, evaluate and add to OPEN.
6. If BEST changed in the last set of expansions, go to 2.
7. Return BEST.

Genetic search [52]

1. Begin by randomly generating an initial population P.
2. Calculate e(x) for each member x ε P.
3. Define a probability distribution p over the members of P where p(x) α e(x).
4. Select two population members x and y with respect to p.
5. Apply crossover to x and y to produce new population members x’ and y’.
6. Apply mutation to x’ and y’.
7. Insert x’ and y’ into P’ (the next generation).
8. If |P’| < |P|, go to 4.
9. Let P←P′.
10. If there are more generations to process, go to 2.
11. Return x ε P for which e(x) is highest.

Random search [53]
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Input: F = {f1, f2, . . . , fn}
Output: A subset of F
Step 1: Initial r0 = r = Q, s = ∅, Gbest = F, k = 0, C, K are specified
Step 2: Partition r0,
Step 3: Find the most promising index:
σ = {η|η∈children(r)|}, m =|σ|, σm+1 = s, Index = 0;
For i = 1: m + 1
Randomly sample N subsets in σi, find the best G∗i
End;
Index = arg max

1≤i≤m+1
(I(σi)),

If index G∗index ≥ Gbest then Gbest = G∗index
If |σindex| = 1 then go to Step 5
Step 4: If 1 ≤ index ≤m then r = σindex, s = r0e̊lse r = sup(r); k = k + 1;
If k > K then go to Step 5 else go to Step 3
Step 5: Output the Gbest

3. Results and Discussion

The primary fuzzy maps achieved by the appropriate fuzzy function and Kriging interpolation
method for each parameter are shown in Figure 3. The land suitability map based on the fuzzy-AHP is
shown in Figure 4.Agriculture 2016, 6, 52 8 of 13 
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Figure 3. Fuzzy maps for each parameter.

Using the feature selection methods and applying a random search on the dataset, the variables EC,
ESP, wetness and soil texture were selected as inputs for the land suitability classification. With the best
search algorithm and the genetic search method, EC, ESP, gypsum and soil texture were selected (Table 5).

Table 5. The feature selection results.

Method Selected Features

random search
EC and ESP

wetness
soil texture

best search
gypsum

EC and ESP
soil texture

genetic search
gypsum

EC and ESP
soil texture
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Figure 4. Land suitability map for barley using the fuzzy-AHP method (S1: high suitability,
S2: moderate suitability, S3: marginal suitability, N: non-suitability).

After determining the most important parameters by different feature selection methods, the
pairwise comparison matrices were calculated for the selected parameters. These weights are given in
Tables 6 and 7.

Table 6. Pairwise comparison matrix using the random search.

Parameters EC and ESP Wetness Soil Texture Weight

EC and ESP 1 2 3 0.53
wetness 1/2 1 2 0.3

soil texture 1/3 1/2 1 0.17

Table 7. Pairwise comparison matrix using the best search and genetic search methods.

Parameters EC and ESP Gypsum Soil Texture Weight

EC and ESP 1 2 3 0.53
gypsum 1/2 1 2 0.3

soil texture 1/3 1/2 1 0.17

Land suitability maps for different feature selection methods are shown in Figure 5.
The value of the Kappa coefficient for the random search, best search and genetic search methods

compared with the fuzzy-AHP method were calculated as 0.82, 0.79 and 0.79, respectively. The result
shows that there is a strong agreement between the standard fuzzy-AHP method and the random
search method for the determination of land suitability in the study area. Figure 6 shows the results of
this comparison as a map.
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Figure 6. Comparison map showing correspondence between fuzzy-AHP and random search results.

The results of the random search showed 40% of the study area as highly suitable for barley
(S1 class), 17% as moderately suitable (S2 class), 21% as marginally suitable (S3 class) and 22% as
unsuitable (N class). The results of the fuzzy-AHP method showed 44% of the study area as highly
suitable for barley (S1 class), 22% as moderately suitable (S2 class), 4% as marginally suitable (S3 class)
and 28% as unsuitable (N class).

In order to better evaluate the obtained results, 20 irrigated barley fields in the study area were
randomly chosen and their yields were measured at the end of the growing season. Then, based on the
Table of Sys [17], the corresponding class of each field was determined and compared with the classes
obtained from the fuzzy-AHP method and different feature selection algorithms. These results are
given in Table 8.
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Table 8. Comparison of the results of different random search methods and standard FAO and fuzzy-AHP methods based on crop yield.

Points Observed Yield
(ton/ha)

Rate of Decrease Yield
Relative to Potential

Yield* (%)

Suitability
Classes Based on
the Sys’S Table

Suitability Class
by Fuzzy-AHP

Suitability Class
by Random

Search

Suitability Class
by Best Search

Suitability Class
by Genetic

Method

1 1.9 62 N N N N N
2 3.5 29.2 S2 S2 S2 S2 S2
3 2.3 53.2 S3 S3 N S3 S3
4 2.6 47 S3 S3 S3 S3 S3
5 2.5 48.2 S2 S3 S3 S3 S3
6 4.6 7 S1 S1 S1 S1 S1
7 3.9 20.4 S2 S2 S2 S2 S2
8 1.7 64.4 N N N S3 S3
9 4.5 8.8 S1 S1 S1 S1 S1

10 4.6 6.6 S1 S1 S1 S2 S2
11 1.5 68.8 N N S3 N N
12 4.5 8.8 S1 S1 S1 S1 S1
13 4 20 S2 S1 S1 S2 S2
14 4.7 6 S1 S1 S1 S2 S2
15 4.2 14.4 S1 S1 S1 S1 S1
16 4.3 13.6 S1 S1 S1 S1 S1
17 4.7 4.4 S1 S1 S1 S1 S1
18 4.2 15.8 S2 S1 S1 S2 S2
19 3.4 31 S2 S2 S3 S2 S2
20 3.9 20.4 S2 S1 S2 S1 S1

Potential yield = 5 ton/ha.
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As shown in Table 8, there is a high agreement between the traditional results of Sys’s table and
the fuzzy-AHP method. With the fuzzy-AHP method, 16 of the 20 reference fields were assigned to the
correct class. Also, a comparison of the classes obtained by fuzzy-AHP and different feature selection
methods shows that 16, 15 and 15 selected points by random search, best search and genetic methods,
respectively, were assigned to the same class selected by the original fuzzy-AHP method.

4. Conclusions

Recently, there has been increasing interest in methods for the evaluation of agricultural land
suitability. Most methods for land suitability classification use a large number of parameters, which
is time consuming and costly. In this study, the capability of different feature selection methods
(best search, random search and genetic search methods) combined with the fuzzy-AHP approach as
novel and potentially time and cost saving methods were evaluated for land suitability classification for
the cultivation of barely. Results showed that all three methods performed well for this purpose, but the
random search method performed slightly better than the other methods. Also, soil texture, wetness,
EC and ESP are the most effective parameters for the determination of land suitability classification.
Overall, it can be concluded that the proposed feature selection and fuzzy-AHP combined model
in this study improves the prediction of important parameters for land suitability classification and
provides a faster and more cost-effective approach for land suitability classification. Feature selection
is itself useful, but the increasing over-fitting risk when the number of observations is insufficient and
the significant computation time when the number of variables is large, are the two main weakness of
this method.
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