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Abstract
Clustering algorithms are critical data mining techniques used to analyze a wide range of data. This study compares the utility of
ant colony optimization (ACO), genetic algorithm (GA), and K-means methods to cluster climatic variables affecting the yield of
rainfed wheat in northeast Iran from 1984 to 2010 (27 years). These variables included sunshine hours, wind speed, relative
humidity, precipitation, maximum temperature, minimum temperature, and the number of wet days. Seven climatic factors with
higher correlations with detrended rainfed wheat yield were selected based on Pearson correlation coefficient significance (P
value < 0.1). Three variables (i.e., sunshine hours, wind, and average relative humidity) were excluded for clustering. In the next
step based on Pearson correlation (P value < 0.05) between the yield, and the seven climate attributes, fitness function, and
silhouette index, only four attributes with higher correlation in its cluster were selected for reclustering. Four climate attributes
had an extensive association with yield, so we used four-dimensional clustering to describe the common characteristics of low-,
medium-, and high-yielding years, and this is the significance of this research that we have done four-dimensional clustering. The
silhouette index showed that the best number of clusters for each station was equal to three clusters. At the last step, reclustering
was done through the best-selected method. The results yielded that GAwas the best method.

Keywords Fitness function . Attribute . Rainfed wheat . Silhouette index . Genetic algorithm . Ant colony

Introduction

Rainfed agriculture is the primary source of staple food pro-
duction in many regions over the globe, and it supports the
livelihood of a large number of farmers in the semi-arid re-
gions of Iran (Bannayan et al. 2011). Wheat (Triticum
aestivum L.) is the most important source of calories in the
area, providing more than 40% of human required energy
(Romero et al. 2013). Wheat production is the third largest
cereal produced globally (FAO, Statistical Pocketbook 2015).

Meteorological conditions significantly affect wheat yield.
Li et al. (2010) studied the correlation between wheat yield
and climatic factors at five different spatial scales in China.
They concluded that under the current climatic conditions, the
relationships between wheat yield and each of precipitation
and temperature became weaker and stronger, respectively,
with an increase in spatial scale. Ahmed and Hassan (2011)
studied temperature and solar radiation as determinant factors
for spring wheat grain yield; results indicated that yield was
directly proportional to solar radiation and temperature. Lobell
and Field (2007) identified a 0.6 to 8.9% reduction in wheat
yield per 1 °C rise in temperature. Luo et al. (2005) found that
temperature increase had some impacts on wheat yield, but its
effects were much smaller than that of rainfall. Wheeler et al.
(2000), Bannayan et al. (2010), and Ahmed et al. (2016) re-
ported similar results.

Iran is located in South Asia, and its climate is predomi-
nantly semi-arid and arid. Agricultural production (especially
of rainfed crops) often fluctuates in Iran’s water-limited eco-
systems due to periodic meteorological droughts and erratic
rainfall. Long-term trends of precipitation (Tabari and Talaee
2011b) and temperature (Tabari et al. 2011; Tabari and Talaee
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2011a) show changes that could further exacerbate productiv-
ity swings. Assessing the relationships between climatic fac-
tors and rainfed wheat production provide insights for
policymakers to adopt appropriate adaptation measures to al-
leviate the likely adverse effects of climate change on future
national food security.

Data mining is a critical data analysis technique used in a
wide variety of science fields. One of the types of data mining
methods is clustering analysis. A cluster is a collection of
objects where objects are similar to each other, where objects
in different clusters are dissimilar from each other, and where
there is a good separation between clusters. Cluster analysis is
appropriate for illustrating associations between climatic pa-
rameters and crop yield (Vardhan et al. 2014). In addition to
clustering methods, a variety of artificial intelligence (AI) ap-
proaches have been developed for monitoring changes based
on evolutionary algorithms, including genetic algorithm
(GA), ant colony optimization (ACO), and artificial neural
network optimization (ANN) approaches.

Several studies have applied ANN to agriculture. Alvarez
(2009) explored the effects of soil and climate factors on
wheat yield in the Argentine Pampas with artificial neural
networks (Alvarez 2009). Abdullah et al. (2014) created a
model hybrid of the ANN and GA to predict reference
evapotranspiration in arid and semiarid regions, which
improved the efficiency of predicted evapotranspiration.
Kim and Ahn (2008) applied K-means clustering and GA.
They suggested a new clustering algorithm GA K-means.

Similarly, Krishna and Narasimha Murty (1999) and
Mualik and Bandyopadhyay (2000) proposed a novel
clustering method. They pointed out that the performance
of the proposed algorithm is better than a single method.
Laszlo and Mukherjee (2007) developed a genetic algo-
rithm that exchanges neighboring centers for k-means
clustering. Kuo et al. (2005) presented a novel clustering
method, ant K-means (AK) algorithm. Xu et al. (2010)
used the K-means algorithm and ACO algorithm for clus-
tering image. Ant-based clustering sorting was first intro-
duced by Deneubourg et al. (1991) to explain the phe-
nomena of corpse clustering and larval sorting in ants.
Machnik (2006) used ACO, K-means and single link,
and average link methods for clustering two collections
of documents. The results revealed that the ACO method
performed better compared with the other methods. Tsai
et al. (2004) proposed an efficient clustering approach for
large databases, i.e., ACO with different favor algorithm.
This algorithm performed better than the fast self-
organizing map K-means, and genetic K-means algorithm.
Handl and Meyer (2002) have compared the performance
of ACO with two classical algorithms (K-means and ag-
glomerative average link), and their results indicated that
ACO performed better. Shelokar et al. (2004) evaluated
the ACO approach for clustering three different examples

(such as flowers, the dataset contains chemical analysis
and thyroid diseases). This approach is compared with
other stochastic algorithms, i.e., GA, simulated annealing,
and tabu search. The results showed that ACO and GA
had close results.

This study employed three methods of data clustering tech-
niques: K-means, GA, and ACO. Among the clustering tech-
niques, K-means is one of the most popular and frequently
used methods (Sung and Jin 2000; Laszlo and Mukherjee
2007; Kao et al. 2008; Niknam and Amiri 2010; Celebi et al.
2013). K-means is greedy, which means that every time it
converges to a local minimum, it is expected to converge to a
locally optimal solution only and not to the globally optimal
solution. This problem has been nearly solved by stochastic
methods (Kim and Ahn 2008). The second algorithm used was
GA, an optimization technique based on the principles of he-
redity of living organisms. The third method, ACO (Dorigo
et al. 1991), has not previously been used to cluster meteoro-
logical variables in the context of predicting wheat yield.

This study aims to (1) compare two AI methods (ACO and
GA) with K-means using the fitness function metric, (2) select
the best method for clustering the most useful attributes for
determining detrended wheat yield, and (3) to analyze differ-
ent achieving clusters and assess relationship between
detrended wheat yield, effective climatic data, and drought
years.

Materials and methods

Data and location

The study sites areMashhad, Sabzevar, and Torbat Heydarieh,
located in Khorasan-Razavi province, northeastern Iran. The
physiographic characteristics of the study locations are pre-
sented in Table 1 and Fig. 1. According to the De Martonne
aridity index (De Martonne 1926), Mashhad and Torbat
Heydarieh have a semi-arid climate, while Sabzevar has an
arid climate. The De Martonne aridity index is computed by
the following equation:

IDM ¼ P
T þ 10

ð1Þ

where IDM refers to DeMartonne aridity index, P is the annual
mean precipitation in mm, and T is the yearly mean air tem-
perature in °C. According to the IDM values, De Martonne
classified the climate into six groups, namely, arid, semi-arid,
dry sub-humid, humid, and very humid.

Meteorological data used include sunshine hours (h), wind
(m/s), average relative humidity (%), total precipitation (mm),
April precipitation (mm), average maximum temperature
(°C), February and May average maximum temperature
(°C), average minimum temperature (°C), and number of
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wet days (day) for the period of 1984–2010 (27 years). These
data were collected from meteorological stations co-located at
each study site, and homogenization of weather data was im-
plemented by the national meteorological organization of Iran
(www.weather.ir) before the release of such data to users.
Historical wheat yield data were obtained from the
Organization of Agricultural Khorasan Research Station. To
control for the effects of technological improvements on
wheat yields over time, we carried detrended of wheat yield
using linear regression (Kettlewell et al. 1999).

Applied algorithms

We used the fitness function (FF) to evaluate the three clus-
tering methods, with lowest minimized FF reached iteratively
(Mirkin 2011; De Amorim and Mirkin 2012; De Amorim
2016). For all three methods, the equation for FFs was the
same; however, their values and the times of iteration to access
the minimized value may differ. FFs for ACO and GA were
calculated using MATLAB (R2017b, version 9.1) codes, and
K-means FFs were computed using SPSS (version 18.0).

Fig. 1 Geographical study locations and synoptic weather stations

Table 1 Physiographic details of
study locations. The average
temperature (Tmean) and total
precipitation of three locations

Station Lat (°N) Long (°E) Elevation (m) Tmean (°C) Total precipitation
(mm)

Crop and climate
data period

Torbat H 35° 16′ 59° 13′ 1450.8 14.2 279.4 1984–2010

Mashhad 36° 16′ 59° 38′ 999.2 14 257.5 1984–2010

Sabzevar 36° 12′ 57° 43′ 977.6 17.3 189.1 1984–2010
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K-means algorithm

One of the most popular and commonly used methods for
clustering is K-means (Niknam et al. 2011; Olgun et al.
2016). In this algorithm, the member k (number of clusters)
was randomly selected among n elements as cluster centers.
The n-k remaining member allocated to the closest cluster.
After the allocation of all members, the cluster centers are
recalculated and members reallocated until the cluster centers
remain constant. These steps are repeated until the FF is min-
imized (Kim and Ahn 2008). The objective function (i.e., FF)
is given by

J ¼ ∑
K

j¼1
∑
N

i¼1
∑
n

v¼1
∥Xijv−Cijv∥2 ð2Þ

where K is the number of clusters, N is the number of mem-
bers in the clusters, n is the number of the attribute, ‖Xijv −
Cijv‖

2 is a chosen distance measure between a data point Xijv,
and the cluster center Cijv is an indicator of the distance of the
n data points from their respective cluster centers.

Genetic algorithm

The GA is a stochastic search algorithm that begins with an
initial random set of solutions, called chromosomes (Mualik
and Bandyopadhyay 2000), which are composed of elements
(genes). Genetic algorithms are characterized by attributes
such as FF, encoding the input data, genetic operators, and
population size. The most important operators used in the
process include:

1. Selection: The selection operator selects a solution
from the current population for the next population with
probability proportional to its fitness value. It means this
operator randomly selects a chromosome from the previ-
ous population according to the distribution. During se-
lection, pairs of individuals are chosen from the popula-
tion according to their fitness (Hertz and Kobler 2000).
The most common way to select variables is the roulette
wheel used in this study.

2. Crossover: This operator is used to combine the
pairs of strings chosen (parents) to create new strings that
potentially have a higher fitness than either of their par-
ents. A probabilistic process exchanges information be-
tween two parent chromosomes for generating two child

chromosomes. The middle parts of the two parents are
then swapped to create two new offspring. We used a
two-point method of the Crossover operator.

3. Mutation: Mutation process changes the structure of
chromosomes typically by negating a randomly chosen bit.
It randomly modifies the gene values at selected locations.
Each chromosome undergoes mutation with a fixed probabil-
ity. We used a uniform method of the Mutation operator
(Krishna and Narasimha Murty 1999).

An objective chromosome consists of a set of classes’ num-
ber for each year. The FF for GAwas calculated using Eq. 2.
Further explanation of the GA method is illustrated in Fig. 2,
which shows one chromosome consisting of 27 genes (gen).
Each gen represents the cluster’s number of a year; in other
words, each gene represents the class number, and we have
considered three bits for each gene. Since we have 27 years
(1987–2010), we have 27 gens. Because we run the GAwith
2–6 clusters, every gen has three bits of zero and one,
representing the number of clusters.

ACO algorithm

ACO was carried out for 27 years of actual data sets for
seven meteorological parameters affecting wheat yield. In
this algorithm, each ant builds a solution by walking from
one point to another point. All steps to produce ACO clus-
tering in this research were undertaken based on Shelokar
et al. (2004). To solve an ACO clustering problem for
achieving an optimal assignment of N objects to one of
the K clusters, the sum of squared Euclidean distances be-
tween each object and the center of the belonging cluster
was minimized. The pheromone matrix τ with the size of
N × K (N samples and K clusters) at the beginning of the
algorithm was initialized at some small value τ0. The value
of τij at location (i, j) represents the pheromone concentra-
tion of sample i associated to the cluster j. After obtaining
an answer (a population), a local search was run. When an
agent intended to produce another solution, τ matrix
should be updated. Assumed that N numbers of objects,
divided into K cluster, to calculate FF to obtain optimal
solution, Eqs. 3 and 4 are used:

MinF w;mð Þ ¼ ∑
K

j¼1
∑
N

i¼1
∑
n

v¼1
wij xiv−mjv

�� ��2 ð3Þ

0 1 0 0 1 1 1 0 0 0 1 1 … 1 0 1 0 0 1 0 1 1 0 0 1

Gen 2 Gen 4

Gen 1
Gen 3 Gen 24

Gen 25

Gen 26

Gen 27

Fig. 2 One chromosome and 27 gens, according to the period of 1984–2010 (27 years)
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mjv ¼ ∑N
i¼1wi; jxiv
∑N

i¼1wij
; j ¼ 1;…;K; v ¼ 1;…; n ð4Þ

wherem is a cluster center matrix of sizeK× n, xiv is a value of
vth attribute of ith sample, mjv an average of the vth attribute
values. The amount of w refers to a weight matrix of size N×
K, wij is a weight for object xi with cluster j, if object i is
contained in cluster j, wi,j = 1, otherwise wi,j = 0. With respect
to i = 1… N, j = 1...K. For more details, refer to Shelokar et al.
(2004). In this method, 27 years are the objects with seven
attributes (weather variables).

Select the effective variables

We examined ten variables to assess their effect on wheat
yield: sunshine hours (h), wind (m/s), average relative
humidity (%), maximum and minimum temperature (°C),
total precipitation (mm), maximum temperature of April
(°C), maximum temperature of May (°C), April precipita-
tion (mm), and number of wet days (#) (Li et al. 2010;
Chen et al. 2012; Eyshi Rezaie and Bannayan 2012; Jing-
Song et al. 2012; Rahimi et al. 2014; Carvalho et al.
2015). In this present study, a wet day is defined as a
day with the rainfall amount of at least 0.1 mm (Chou
et al. 2012). To reduce the computational burden, we used
a filtering process for the most critical variables and best
methods of analysis as follows. We filtered the variable
list based on correlation and significance level to seven
variables, then implemented the three clustering methods.
The best method based on FF and silhouette index (SI)
was selected. After calculating correlations for each re-
gion, the correlation and significance level was used to
limit the second analysis to the four most effective vari-
ables. In other words, reclustering was run with four var-
iables using the best method.

Fitness validation

Many validity measures have been suggested for evaluating
clustering results, such as Dunn method, Calinski–Harabasz
(CH) method, sum-of-squares (SS) method, and silhouette
index (Halkidi et al. 2001; Liu et al. 2010; Rendón et al.
2011). In this study, we used two methods for assessing the
validation of cluster results, FF and SI. Silhouette analysis is
not only used to choose an optimal value for the number of
clusters in a problem, but also it can be a validation of consis-
tency within clusters of data. The optimal outcome of the
cluster analysis is to achieve the highest average silhouette
value with the fewest clusters.

If x is an object in the cluster Ck and nk is the number of
objects in Ck, then the silhouette width of x is defined by the
ratio of Eq. 5:

S xð Þ ¼ b xð Þ−a xð Þ
max b xð Þ; a xð Þ½ � ð5Þ

where a(x) is the average distance between x and all other
objects inCk. The value of Bk^ refers to the number of clusters.
It can be calculated using Eq. 6 as follows:

a xð Þ ¼ 1

nk−1
∑

y∈Ck ;y≠x
d x; yð Þ ð6Þ

and b(x) is the minimum of the average distances between x
and the objects in the other clusters (Eq. 7),

b xð Þ ¼ minh¼1;:::;K;h≠k
1

nh
∑

y∈Ck

d x; yð Þ
" #

ð7Þ

Table 2 Pearson correlation between wheat yield and minimum
temperature (Tmin, °C), maximum temperature (Tmax, °C), precipitation
(Precip, mm), precipitation April (Precip Apr, mm), sunshine hours
(Nhour, h), wind (knot), maximum temperature April (Tmax. Apr),
maximum temperature May (Tmax. May), relative humidity (Rhm, %),
and wet day (#) across study locations

Mashhad Torbat H Sabzevar

r P value r P value r P value

Tmin. 0.36 0.065*** 0.31 0.099*** 0.32 0.097***

Tmax. − 0.33 0.092*** − 0.34 0.082*** − 0.32 0.097***

Nhour − 0.25 0.208 0.11 0.626 − 0.12 0.551

Precip 0.59 0.001* 0.42 0.029** 0.35 0.073***

Wind − 0.15 0.452 0.21 0.293 0.01 0.96

Tmax Apr − 0.51 0.008* − 0.53 0.004* − 0.39 0.044**

Tmax May − 0.54 0.003* − 0.50 0.007* − 0.33 0.092***

Rhm 0.18 0.368 0.02 0.921 0.25 0.208

Precip Apr 0.33 0.091*** 0.54 0.004* 0.49 0.009*

Wet day 0.51 0.006* 0.49 0.009* 0.46 0.016**

*Significant at 1% level, ** significant at 5% level, *** significant at
10% level

Table 3 Value of fitness function (FF) and silhouette index (SI) in three
methods over three locations with seven attributes

Method Mashhad Torbat H Sabzevar

FF SI FF SI FF SI

GA 32,740 0.37 29,516 0.54 21,238 0.46

ACO 32,740 0.37 29,516 0.54 21,392 0.44

K-mean 34,353 0.34 29,631 0.49 23,996 0.45

Int J Biometeorol

Author's personal copy



Finally, the global SI is defined by Eq. 8 as follows:

S ¼ 1

K
∑
K

k¼1

1

nk
∑

x∈Ck

S xð Þ
" #

ð8Þ

The SI measure has a range of [− 1, 1]. When the amount of
S is close to − 1, the object is expected to be assigned to the
wrong cluster; when S is close to 0, object is equally likely to
be assigned to any of the two clusters; when S is close to + 1,
object is considered to be clustered correctly (for more details,
refer to Rousseeuw 1987).

Results and discussion

Variable selection

Pearson correlation between yield and each variable are
listed in Table 2. The results showed that seven out of ten
variables were both strongly correlated and significant
about wheat yield (r > 30 and P value < 0.1). These were
maximum and minimum temperatures, precipitation, wet
day, April Tmax., May Tmax., and April precipitation. Our
analysis showed that (Table 2) the highest correlation co-
efficient was associated with the precipitation in Mashhad
(r = 0.59), and the lowest correlation coefficient was for
wind in Sabzevar (r = 0.01). However, there was no sig-
nificant correlation (P value > 0.1) between the detrended
wheat yield and wind, Rhm. and Nhour variables across
three locations, throughout the study (1984–2010).

Clusters analysis and select the best method

The results of the FF and SI calculations for three methods with
seven selected variables are presented in Table 3. The smallest

value for FF and the closest amount of SI to + 1 indicates the
best method. In this case, the GA and ACO techniques were
much better than the k-means method, with the best FF
resulting from the GAmethod. SI showed that the clusters were
best in Torbat H, with SI ≥ 0.49. Based on these results, we
selected the GA method for the second analysis step.

For the exact number of clusters, we implemented the SI’s
value with differing cluster numbers through five runs of GA.
According to the SI results with GAmethod in Fig. 3, the best
number of clusters were obtained with three clusters. At
Mashhad and Torbat, SI values (0.37 and 0.54, respectively)
showed three clusters were best. Though two clusters (SI =
0.46) was slightly better than three (SI = 0.45) at Sabzevar
station, we selected three clusters for all three stations for
uniformity of analysis approach.

Assessing the results of the GA method

The average correlation values for three clusters under the GA
method are provided in Table 4. Based on correlation and

Fig. 3 The values of SI in
different number of clusters
through GA method over three
stations

Table 4 Average value of Pearson correlation between seven attributes
and wheat yield (t/ha) through GA method across study locations

Mashhad Torbat H Sabzevar

r P value r P value r P value

Tmin 0.41 0.033** 0.38 0.05 0.19 0.342

Tmax 0.20 0.227 0.50 0.003** 0.30 0.208

Precip 0.40 0.038** 0.57 0.001* 0.48 0.011**

Tmax Apr 0.42 0.029** 0.59 0.001* 0.24 0.227

Tmax May 0.26 0.191 0.53 0.004 0.43 0.025**

Precip Apr 0.18 0.368 0.52 0.005 0.44 0.022**

Wet day 0.40 0.044** 0.60 0.001* 0.40 0.033**

*Significant at 1% level, ** significant at 5% level

Int J Biometeorol

Author's personal copy



significance values, three variables were omitted. The maxi-
mum temperature of May, April precipitation, and the maxi-
mum temperature had low correlations and were omitted from
the remaining calculations in Mashhad. Minimum tempera-
ture, maximum temperature, and precipitation in April had
the weakest r values for Torbat H. In Sabzevar, minimum
temperature, maximum temperature, and maximum April
temperature were eliminated from further analyses. Four

variables were selected for the final studies using GA cluster-
ing (the highlighted values in Table 4).

Analyzing the result of clusters and wheat yield

In this study, three yield categories (high-yielding, mid-yield-
ing, and low-yielding) were defined. The average values for
each cluster are shown in Fig. 4. Based on GA clustering, the

Fig. 4 Clusters of average rainfed
wheat yield (kg ha−1),
precipitation (mm), Tmax and Tmin

(°C), and the number of wet days
(day) in a Mashhad, b Torbat
Heydarieh, and c Sabzevar
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clusters 1, 3, and 3 were the high-yielding category, respec-
tively, in Mashhad, Torbat H, and Sabzevar. Cluster 2 was
mid-yielding in all locations. Low-yielding cluster in
Mashhad, Torbat H, and Sabzevar were clusters 3, 1, and 1,
respectively. The clusters with the highest yield had the
highest precipitation, wet day, and the lowest Tmax. Three
clusters in each station are presented with different colors for
27 years (Table 5).

In Mashhad and Torbat H during the study period, the
number of years with mid-yield were 11 and 12 years, respec-
tively, with 9 years of relatively high yield. The selected re-
gion was severely affected by drought during the years 2000,
2001, and 2008, especially in Mashhad (Ministry of Jihad-e-
Agriculture (Iran) 2009; USDA 2010; Rostami Khaleghi et al.
2014; Salehnia et al. 2017). Wheat yield clustering via GA
shows this impact well (Table 5).

In Mashhad, cluster 1 was the high-yielding cluster
(Fig. 4). In this cluster, precipitation and wet days were high,
and Tmin and Tmax in April were low (Fig. 5a). Cluster 2 was
mid-yielding and is shown in Fig. 5a, showing average values
for precipitation and wet days, minimum temperature values
higher than the other clusters, and maximum April tempera-
tures in the middle relative to the other clusters (Fig. 5a).

The mean yield in Torbat H was low in cluster 1 (Fig. 4),
with higher maximum temperature and maximum April tem-
perature than the values of clusters 2 and 3 (Fig. 5b). The years
included in cluster 1 had less precipitation and wet days rela-
tive to the other clusters. Cluster 2 has the mid-yields that
cover the years where the maximum April temperature, max-
imum temperature, precipitation, and wet days are average
(Fig. 5b). Cluster 3 includes high yield years with small max-
imum temperature and maximum April temperature values,
and higher precipitation and wet days including the highest
values than the other clusters (Fig. 5b).

Sabzevar shows cluster 1 of low yields with low precipita-
tion amount, April precipitation and the number of wet days,
and a high maximum temperature of May, relative to the other
clusters (Fig. 4). Cluster 3 contains high yield years, with high
amounts of precipitation, April precipitation, and number of
wet days and lower maximum temperatures than the other
clusters (Fig. 5c).

Mashhad and Torbat H both have the semi-arid climate, so it
is not surprising that they share three attributes of their clusters
in common (Fig. 5): precipitation, Tmax April, and wet days.
However, they differ in the fourth most important attribute,
with Mashhad having Tmin and Torbat H having Tmax. This
difference could be due to elevation. FF from theGA andACO
methods agreed for all locations. The K-means methodTa
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performed less well than GA and ACO, based on FF and SI
values (Zhang et al. 2006; Kim andAhn 2008). In this case, the
AI methods were better at clustering accuracy of weather data.

The findings (Fig. 4 and Fig. 5) can allow us to describe the
range of weather variables that result in different wheat yield
categories, namely high, mid, and low yields, for Mashhad
and Torbat H with a semi-arid climate, and Sabzevar with an
arid environment. Table 6 shows the ranges of each variable.
According to the results of the table, in Mashhad location, the
domain changes of the Tmin is 4 °C between 6 and 10, in
different yield classes. In the Torbat H location, the amount
of Tmax April is greater than 16 °C in every yield class, where-
as the number of wet days in Torbat H is greater thanMashhad
station in every similar yield classes. Moreover, the amount of
maximum total precipitation in Mashhad is more significant
than Torbat H, in the high-yield category. In Sabzevar, the
domain changes of Tmax May is equal to 12 °C, and the total
amount of precipitation over the study period in the high-yield
class is less than the two other locations.

Conclusions

This study compared three (GA, ACO, and K-means) AI
methods to cluster ten climatic attributes affecting wheat yield.
Clustering based on K-mean was less reliable than the other
applied methods. To determine the appropriate number of
clusters, FF and silhouette index were implemented.
Associations between ten climate attributes and wheat yield
differed among the three study locations. Four climate attri-
butes had an extensive association with yield, so we used four-
dimensional clustering to describe the common characteristics
of low-, medium-, and high-yielding years. The use of AI and

its links with sciences like meteorology and agriculture opens
new visions in related research to reduce errors and improve
accuracy. In the future study, we aim to evaluate other vari-
ables that may affect wheat yield such as potential evapotrans-
piration and soil characteristics via clustering in different pe-
riods under several conditions and regions.
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