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Abstract
The modelling of drought is of utmost importance for the efficient management of water 
resources. This article used the adaptive neuro-fuzzy interface system (ANFIS), multilayer 
perceptron (MLP), radial basis function neural network (RBFNN), and support vector 
machine (SVM) models to forecast meteorological droughts in Iran. The spatial–temporal 
pattern of droughts in Iran was also found using recorded observation data from 1980 to 
2014. A nomadic people algorithm (NPA) was utilized to train the ANFIS, MLP, RBFNN, 
and SVM models. Additionally, the NPA was benchmarked against the bat algorithm, salp 
swarm algorithm, and krill algorithm (KA). The hybrid ANFIS, MLP, RBFNN, and SVM 
models were used to forecast the 3-month standardized precipitation index. New evolu-
tionary algorithms were utilized to improve the convergence speed of the soft computing 
models and their accuracy. First, random stations, namely, in Azarbayjan (northwest Iran), 
Khouzestan (southwest Iran), Khorasan (northeast Iran), and Sistan and Balouchestan 
(southeast Iran) were selected for the testing of the models. According to the results 
obtained from the Azarbayjan station, the Nash–Sutcliffe efficiency (NSE) was 0.93, 0.86, 
0.85, and 0.83 for the ANFIS–NPA, MLP–NPA, RBFNN–NPA, and SVM–NPA mod-
els, respectively. For Sistan and Baloucehstan, the results indicated the superiority of the 
ANFIS–NPA model, followed by the MLP–NPA model, compared to the RBFNN–NPA 
and SVM–NPA models, and suggested that the hybrid models performed better than the 
standalone MLP, RBFNN, ANFIS, and SVM models. The second aim of the study was to 
capture the relationship between large-scale climate signals and drought indices by using a 
wavelet coherence analysis. The general results indicated that the NPA and wavelet coher-
ence analysis are useful tools for modelling drought indices.
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1  Introduction

Rainfall deficiency can lead to drought, which is a creeping natural hazard. Drought leads 
to tremendous losses to the ecosystem and agriculture. The climatological community has 
categorized drought events into four types: meteorological, hydrological, agricultural, and 
socioeconomic (Kaur and Sood 2019). When dry weather patterns dominate in a region, 
a meteorological drought occurs. Agricultural droughts connect various features of mete-
orological droughts to agricultural impacts, concentrating on the shortage of soil mois-
ture and reduced groundwater level (Liu et  al. 2020). Hydrological droughts take place 
when there is a deficiency in precipitation (Rahimi et al. 2019). A socioeconomic drought 
occurs when people are physically affected by a water deficiency. Meteorological droughts 
are defined by temporal rainfall variations in each station. Rainfall shortages are known 
to be indicators of meteorological droughts (Mokhtarzad et al. 2017; Shamshirband et al. 
2020). Many parameters, such as soil moisture and surface flow generation, have a signifi-
cant impact on rainfall shortage. Meteorological droughts result from a decreasing trend of 
rainfall in a region (Mokhtarzad et al. 2017). Meteorological drought indices are provided 
by converting meteorological droughts into numerical values (Huang et al. 2016). Hydro-
logical droughts are very significant for agricultural activities and urban areas. Agricultural 
droughts are affected by hydrological droughts (Le et al. 2016). Agricultural droughts are 
described by defining soil water and moisture (Hao et al. 2018). A socioeconomic drought 
results from a weather-related shortfall in the water supply. Demand patterns and water 
supply have significant effects on socioeconomic droughts (Shi et  al. 2018). Challenges 
still exist in drought predictions. The first challenge is identifying the relationship between 
droughts and meteorological parameters. The second challenge is the selection of accurate 
models for predicting droughts. In recent years, different studies have attempted to use dif-
ferent methods for finding the relationship between large-scale climate signals, such as the 
Arctic Oscillation (AO) Index, the Southern Oscillation Index (SOI), the North Atlantic 
Oscillation (NAO) Index, Niño 3.4, the Pacific mean sea surface temperature (SST), and 
drought indices (DI) (Saghafian et al. 2017). There are different methods of finding the link 
between large-scale climate signals and drought indices. The wavelet coherence method is 
widely used for finding the relationship between climate patterns and hydrological vari-
ables such as drought, rainfall, and streamflow. Su et  al. (2019) used the wavelet coher-
ence transform to identify temporal patterns in streamflow. Das et al. (2020) used wavelet 
coherence approaches to study the effects of large-scale climate signals on monthly pre-
cipitations over different regions in India. The results indicated that the wavelet coherence 
method is powerful in analysing the relationship between large-scale climate signals and 
monthly precipitations. Li et al. (2020a) used a cross-wavelet analysis to examine the prop-
agation of agricultural drought. The modelling results indicated that the propagation of 
agricultural droughts was 2–3 months from a hydrological to vegetation drought. Li et al. 
(2020b) used a wavelet analysis to identify the periodic relationship between hydrologi-
cal and meteorological droughts. The results revealed that meteorological and hydrological 
droughts show similar patterns in terms of phase shifts.

Drought indices are of significant importance in forecasts and characterizations. While 
remote sensing, spatial modelling, and geographic data are used to forecast droughts, these 
technologies are not well-combined with multilevel social co-operative responses (Le et al. 
2016). Recently, soft computing models such as artificial neural networks (ANNs), adap-
tive neuro-fuzzy interface system (ANFIS) models, genetic programming, support vector 
machines (SVMs), and the tree decision model have been utilized for predicting droughts 
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(Deo et al. 2018). ANN models use a large set of elementary computational units to model 
complex events. Unseen relationships on unseen data are well inferred by ANN models. 
The unexplained behaviour of ANN models is one of their major disadvantages (Deo et al. 
2018). ANN models generate the relationship between variables without being instructed.

In this context, Barua et  al. (2010) applied the ANN model for drought forecasting. 
Their study compared two kinds of ANNs, namely, the direct multistep neural network 
(DMSNN) and the recursive multistep neural network (RMSNN). Their findings indicated 
that the RMSNN slightly outperformed the DMSNN model. Rezaeian-Zadeh and Tabari 
(2012) used a multilayer perceptron model for predicting droughts. In their study, different 
input combinations were used to predict the standardized precipitation index (SPI). Borji 
et  al. (2016) used the ANN and SVM models to forecast the streamflow drought index 
(SDI). A gamma test was used to identify the appropriate input combinations. The results 
indicated that the SVM model outperformed the ANN in forecasting long-term droughts. 
Belayneh et al. (2016) explored the ability of the wavelet ANN and wavelet SVM to fore-
cast droughts in Ethiopia. The results revealed that the wavelet ANN and wavelet SVM 
performed better than the ANN and SVM models.

Mokhtarzad et  al. (2017) used the ANN, ANFIS, and SVM to model the SPI. They 
reported that the SVM model showed a high level of accuracy compared to the ANFIS 
and ANN models. Hosseini-Moghari et al. (2017) used a recursive multilayer perceptron 
(RMLP) and SVM to model droughts. They used the imperialist competitive algorithm 
(ICA) to optimize the performance of the SVM and RMLP models.

The SVM model is important for hydrological variables. SVM models are effective in 
high-dimensional spaces. The main disadvantage of SVMs is that they have several impor-
tant parameters that need to be correctly adjusted to obtain the best results for any given 
problem (Mokhtarzd et al. 2017). The identification of a kernel function requires previous 
experience to obtain the best results for different case studies.

In this context, Deo et  al. (2017) used the least squares support vector machine 
(LSSVM) and M5Tree for the modelling of the SPI. Their findings indicated that the 
M5Tree model was better than the LLSVM model. Zhang et al. (2019) compared the pre-
dicting abilities of the wavelet neural network (WNN), the autoregressive integrated mov-
ing average (AIRMA), and the SVM for the prediction of droughts in China. Their findings 
revealed that the AIRMA model showed an obvious advantage over the SVM and WNN 
models. Rahmati et al. (2020) developed the SVM, random forest (RF), and classification 
regression trees for the spatial modelling of agricultural droughts. A quantitative analysis 
indicated that the use of soft computing models was able to construct a risk map for the 
study area. Shamshirband et  al. (2020) used an SVM, M5 model tree (M5T), and gene 
express programming (GEP) to predict the standardized precipitation index.

Recently, ANFIS models have been widely implemented for the modelling of hydrologi-
cal variables. Neguyan et al. (2017) utilized an ANFIS model for drought prediction. The 
sea surface temperatures (SSTs) at Nino4 zones were chosen as the input variables.

Kisi et al. (2019) used the ANFIS genetic algorithm (GA), ANFIS particle swarm opti-
mization (PSO), ANFIS firefly algorithm (FFA), and ANFIS butterfly optimization algo-
rithm (BOA) for modelling droughts. It was observed that the evolutionary ANFIS mod-
els performed better than the standalone ANFIS model. Malik et  al. (2019) utilized the 
coactive neuro-fuzzy interface system (CANFIS), multilayer perceptron (MLP) model, and 
multiple linear regression (MLR) model to forecast hydrological droughts.

Model inputs are structured on a complexity of drought forecasts. Drought indices are fore-
cast on different time scales. Literature reviews predicted droughts on the basis of drought 
indices with different lead times. A number of studies have used the gamma test for capturing 
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optimal input combinations. Borji et al. (2016) used the gamma test to predict values for a 
9-month, 12-month, and 24-month streamflow drought index. The optimization of soft com-
puting parameters is another challenge for modelers.

Recently, soft computing models have been trained by optimization algorithms (Moazen-
zadeh et al. 2018). These new optimization algorithms can improve the accuracy and the con-
vergence speed of soft computing models for predicting hydrological variables. The nomadic 
people algorithm (NPA) is a new optimization algorithm that was introduced by Salih and 
Alsewari (2019). The algorithm was successfully tested for large-scale optimization prob-
lems and benchmark functions. The NPA was inspired by the behaviour of nomadic people. 
The NPA can find optimal solutions in a rapid manner because of the meeting room operator. 
The NPA uses the meeting room operator to share information between the best solutions and 
other solutions. The advantages of the NPA are its ability to find global solutions and its fast 
convergence speed.

In this regard, the first aim of this study was to design new hybrid ANFIS, ANN, and SVM 
models for predicting droughts. The ANN, ANFIS, and SVM models were trained by the 
NPA to forecast droughts. However, the ANFIS, SVM and ANN models should be improved 
in different aspects such as in terms of accuracy and convergence speed (Alighorbani et al. 
2018; Wu and Chau 2013). The NPA was benchmarked against other optimization algorithms, 
namely, the bat algorithm (BA), salp swarm algorithm (SSA), and krill algorithm (KA). The 
new algorithms were benchmarked against the NPA because of its ability to solve different 
global optimization problems. These algorithms have different operators so that each operator 
changes the accuracy of the obtained results (Wang et al. 2020). The second aim of the current 
study was to use the wavelet coherence method to detect the relationship between large-scale 
climate signals and drought indices. Although there are different methods for finding a rela-
tionship between climate parameters and target variables, the wavelet coherence can present 
the results accurately and in greater detail.

The novelty of the current paper is related to the hybridization of new optimization algo-
rithms and soft computing models. The new hybrid soft computing models can be used for 
predicting other hydrological variables.

First, soft computing models were used to forecast drought indices. Next, the wave-
let coherence approach was used to investigate the effects of large-scale climate signals on 
drought indices.

2 � Materials and methods

2.1 � Adaptive neuro‑fuzzy interface system (ANFIS)

The ANFIS model can simulate nonlinearity functions, and simulate the features of a data-
set. It uses human knowledge to construct input–output mapping (Mokhtarzad et  al. 2017; 
Gholami et al. 2019; Cheng et al. 2005). The ANFIS model acts on the basis of the Sugeno 
fuzzy interface system suggested by Takagi and Sugeno. Figure 1 shows a fuzzy system.

The ANFIS model has a five-layer structure.
Layer 1: The outputs of the first layer are the degrees of membership functions.

(1)
O1,i = �Ai(x)

O1,i = �Bi−2(y)
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where �Ai(x) and O1,i = �Bi−2(y) : the degrees of membership of fuzzy function sets of Ai and 
Bi, and O1,i : the output of the first layer.

Layer 2: This includes the fixed nodes. The signal input and output are computed by 
each node. All the nodes in this layer are labelled with a Π:

� : the fuzzy strength of each rule.
Layer 3: All the nodes are labelled as N. The nodes of this layer play the role of normali-

zation in the network:

where O3,i : the output of the third layer.
Layer 4: The output is the product of the normalized firing strength and a first-order 

polynomial:

where p, q, r: consequent parameters.
Layer 5: The input signal sum is computed as follows:

The Bell membership functions are widely used for the ANFIS model due to their 
smoothness and concise notation,

where a and z are the premise parameters. The classical ANFIS model uses the recursive 
least squares method to find the optimal values of the consequent parameters. The ANFIS 
model uses the backpropagation algorithm to find the premise parameters. However, the 
classical training algorithms may get trapped in local optima (Khosravi et al. 2017). Thus, 

(2)O2,i = � = �Ai(y)B(y).

(3)O3,i = �i =
�i∑2

j=1
�j

(4)O4,i = �ifi = �
(
pix + qiy + ri

)

(5)O5,i =
�
i

�ifi =

∑
i �if1∑
i �i

(6)�x(a) =
1

1 +
(

a−z

x

)
,

Fig. 1   The structure of the ANFIS model
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it is necessary to use robust optimization algorithms as alternative algorithms. Optimiza-
tion algorithms have a high convergence rate and flexibility (Fig. 1). The key parameters of 
the ANFIS model were obtained by the optimization algorithms.

2.2 � Multilayer perceptron (MLP)

MLP models are famous forms of ANN models. MLP models are composed of a number 
of neurons that act as processing units distributed over a series of fully-linked layers. Data 
transition in the MLP happens between three layers (Ghorbani et al. 2018). The connec-
tions between the different layers are identified by weights (Fig. 2).

To approximate the output, different learning algorithms are used to train the ANN 
models The backpropagation algorithm is broadly applied to train ANN models. The main 
drawback of backpropagation is that it can be sensitive to noisy data (Fig. 2). The optimiza-
tion algorithms obtained the key parameters of the MLP.

2.3 � Radial basis function neural network (RBFNN)

The RBFNN is commonly applied for the prediction of hydrological variables. Figure 3 
indicates the structure of the RBNN model. First, each hidden neuron receives an input 

Fig. 2   The schematic of structure 
of MLP model

Fig. 3   The Structure of RBFNN 
model (Tortoe et al. 2011)
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vector, and each hidden node independently calculates an intermediate output variable 
(Zhao et al. 2019). Second, the intermediate hidden node output values are integrated to 
provide the output values. The output of the hidden node is computed as follows:

where �j is a Gaussian function; � is the width of the hidden neuron, i; and � is the centre 
of the hidden neuron. The outputs of the RBFNN are computed as follows:

where �ji is the ith weight between the hidden and output layers; and n is the number of 
hidden nodes. Classical training algorithms are commonly used to find the optimal values 
of the width and the centre of the hidden neuron, as follows:

where E is the error function; yi,k is the observed value; ŷi,k is the estimated value; � is 
the learning rate; L is the number of output neurons; and M is the number of hidden neu-
rons. The gradient descent method has slow convergence. Thus, the RBFNN models were 
trained by evolutionary algorithms (Fig. 3).

2.4 � SVM model

The SVM model is widely applied to regression analysis, hydrological simulation, and 
clustering analysis. The main equation of the SVM model is as follows (Bui et al. 2017):

where x is the input; w is the weight vector of the input variable; b is the bias value; and Tr 
is the transpose sign. An error of function is utilized to avoid the over-fitting deficit:

where y is the observed value; � is the error threshold; and � is the penalty for prediction 
errors that are outside of the range (–�, + � ). The following equation was minimized by the 
SVM model:

(7)�j = e
−
‖x−�j‖

2�2
j

(8)yi =

n∑
j=1

�ji�j(x)

(9)
ŷ =

�
y1, y2,… , ym

�
=

⎡
⎢⎢⎣

𝜔11 𝜔1m

. . .

𝜔I1 . 𝜔Im

⎤⎥⎥⎦
O = W ⋅ H

(10)
E =

1

2

M∑
k=1

L∑
i=1

(
yi,k − ŷi,k

)2

𝜔ij = 𝜔ij − 𝜂
𝜕E

𝜕𝜔

(11)f (x) = wTr
⋅ x + b

(12)|y − f (x)| =
[

0

|y − f (x)| − � = �

]
,
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where C is the penalty function; m is the training data number; �−
i
 and �+

i
 are the viola-

tions of the ith training point; xi is the input variable; y is the output variable; and w is the 
weight. Equation  (17) was used to compute the values of w and b. The kernel functions 
were used to map the dataset to the linear separable space. Thus, Eq. (14) could be rewrit-
ten as follows:

2.5 � Optimization algorithms

The evolutionary algorithms that were used to train the ANFIS, ANN, and SVM models 
are outlined.

2.5.1 � Nomadic people algorithm (NPA)

Nomads are people who move from one place to another. The new algorithm was inspired 
by the lifestyle of the Bedouins (Salih and Alsewari 2019). There are two types of Bedouin 
families, namely, sheikhs and normal families. A sheikh is the leader of a tribe. Normal 
families can take the lead if they become more influential than the sheikh’s family (Salih 
and Alsewari 2019). The living location for the families is determined by the sheikh (Salih 
and Alsewari 2019). Families are sent by the sheikh to find the best living location. When 
a family finds a good location, the sheikh moves towards the best position. The normal 
families then establish their tents in a semi-circular shape around the sheikh’s tent (Salih 
and Alsewari 2019).

The NPA has five main levels: initial meeting, semi-circular distribution, families 
searching, leadership transition, and periodical meetings. First, a set of leaders is initialized 
by the following equation (Fig. 4).

(13)

Minimize
1

2
‖w‖2 + C

m�
i=1

�
𝜉−
i
+ 𝜉+

i

�

subject(to)
�
wi.xi + b

�
− yi < 𝜓 + 𝜉+

i

yi −
�
wi.xi + b

� ≤ 𝜓 + 𝜉−
i
,

(14)f (x) = wTr
⋅ K

(
x, xi

)
+ b

(15)K
(
x, xi

)
= exp

(
−
||x − xi

||2
2�2

)

Fig. 4   The Semicircular distribu-
tion of the families (Salih and 
Alsewari 2019)
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(1)	 Initial meeting (Salih and Alsewari 2019):

A leader shows the local optimum solution in the NPA:

where UB is the upper bound;LB is the lower bound; rand is a random number; and 𝜎⃗c is the 
location of clan c as a leader.

(2)	 Semi-circular distribution:

(x) is initiated as a family set that is randomly distributed within a circle with a pre-
defined radius. A semi-circular distribution is modelled as follows (Salih and Alsewari 
2019):

where X and Y are the coordinates of new solutions; X0 and Y0 are the coordinates of the 
centre of the circle; R1 and R2 are random parameters; R is the known radius; and � is the 
angle value of a solution (in [0, 2π]). However, there was a concern related to any X and 
Y coordinates within the search space. Thus, Eq. (17) was rewritten as follows (Salih and 
Alsewari 2019):

where X⃗c is the family position; 𝜎⃗c is the clan leader and swarm location; and R is a random 
number in the range [0,1]. Figure 4 shows the semi-circular distribution of the families.

(1)	 Families searching:

 The families use the families searching (exploration part) operator to find better loca-
tions far from the local best solution (Salih and Alsewari 2019):

where X⃗new
i

 is the new position; X⃗old
i

 is the old position; and ac is the representation of dis-
tances (average) for the set of normal families and �c.

The Levy flight provides the random walk as follows:

Leadership transition:
The family with the best objective function becomes the new leader.

(16)𝜎⃗c =
(
UB − LB

)
× rand + LB

(17)
X =

�
Rd ×

√
R1

�
× cos (�) + X0

Y =

�
Rd ×

√
R2

�
× cos (�) + Y0,

(18)X⃗c = 𝜎⃗c ×
√
R × cos 𝜃

(19)X⃗new
i

= X⃗old
i

+

(
ac ∗

(
�������������������⃗(
𝜎c − Xold

i

))
⊕ Levy

)

(20)ac =

∑𝜑

i=1

��
𝜎⃗c − Xold

i

�

𝜓

(21)Levy ∼ u = t−�
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(1)	 Periodical meetings:

 The leaders help in solving any problems during this period. The most powerful leader is 
determined in the periodical meetings. The most powerful leader suggests updating to the 
locations as alternative solutions for the rest of the sheikhs; such a step could be carried out 
as follows:

where �E is the position of the best leader; �N
C

 is the normal leader’s position; D is the 
problem dimensions; � is the direction; and Δpso is the normalized distance between the 
normal leaders and the top ones; � (the direction of the variables) is used to guide the nor-
mal leaders:

The updated position of the normal leader is as follows:

where �N
c

 is the old location of the normal leader; and 𝜎⃗new
c

 is the new location of the nor-
mal leader. The swarms use the periodical meetings to share their information, which is 
called a meeting room approach. The meeting room approach is used to increase the con-
vergence speed. Figure 5 shows the flowchart of the NPA. The random parameters of the 
NPA can be found using the Taguchi model.

2.5.2 � Bat Algorithm (BA)

The BA is widely utilized for big data sensing (Cui et al. 2019), load–frequency controller 
designs (Abd-Elazim and Ali 2016), vehicle routing (Zhou et  al. 2016), multi-objective 

(22)Δpso = �

⎛
⎜⎜⎜⎝

�∑D

i

�
�E − �N

C

�2
≠ D

⎞
⎟⎟⎟⎠
,

(23)� =

[
1 (if )

(
�E

) ≥ 0

−1 ← Otherwise

]

(24)𝜎⃗new
c

= 𝜎⃗N
c
+ Δpos

(
𝜎E − 𝜎N

c

)
∗

IT

≠ T
,

Fig. 5   The flowchart of NPA
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optimization (Tharakeshwar et al. 2017), and image compression (Karri and Jena 2016). 
One of the main advantages of the BA is that it can provide a quick convergence.

The BA was inspired by the echolocation system of bats. Each bat shows one possible 
solution. Bats use the echolocation system to identify the difference between a prey and 
obstacles. Bats adjust their signal bandwidth. The velocity, position, and frequency of each 
bat are updated as follows (Cui et al. 2019):

where fi is the frequency of the ith bat; fmax is the maximal frequency; fmin is the minimal 
frequency; xt−1

i
 is the position of the ith bat at iteration t − 1; vt−1

i
 is the velocity of the ith 

bat at iteration t − 1; and x∗ is the current global best solution found so far. The random 
walk is used to provide a new solution for each bat:

where � is a random number; xnew is the new position; xold is the old position; and At is the 
average loudness of the bats. When a prey is spotted by the bats, the bats decrease their 
loudness and increase the pulsation rate:

where r0
i
 is the initial pulse;� is the pulse frequency; At+1

i
 is the loudness of the ith bat at 

iteration t; and � is the pulse amplitude attenuation coefficient. Figure 6 shows the BA flow-
chart. The key parameters of the BA can be obtained from the Taguchi model.

2.5.3 � Krill Algorithm (KA)

The KA was inspired by the behaviour of krill swarms in the sea. The KA is widely used 
for structural seismic reliability evaluations (Asteris et al. 2019), feature selections (Abua-
ligah 2019), and economic dispatch solutions (Pulluri et al. 2019). One of the advantages 
of the krill algorithm is the avoidance of local optima. The algorithm updates the position 
of each krill on the basis of three behaviours, as follows:

where xi is the krill position; Ni is the other’s movement effect; Fi is the foraging behaviour; 
and Di is the random physical diffusion.

To determine the direction of a motion-induced krill �i by other krill individuals

where Nmax
i

 : the extreme induced speed, �n : the inertia weight of the motion-induced krill, 
and Nold

i
 : the last motion-induced krill.

The previous experiences about food locations are then used to model the foraging motion:

(25)fi = fmin +
(
fmax − fmin

)
�

(26)vt
i
= vt−1

i
+
(
xt−1
i

− x∗
)
fi

(27)xt
i
= xt−1

i
+ vt

i

(28)xnew = xold + �At,

(29)At+1
i

= �At
i
, rt+1

i
= r0

i

[
1 − exp (−�t)

]
,

(30)
dxi

dt
= Ni + Fi + Di

(31)Nnew
i

= Nmax
i

�i + �nN
old
i
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where Vf  is the speed of foraging; �f  is the inertia weight of the foraging motion; � food
i

 is 
the food attraction;Fold

i
 is the last foraging motion; and �best

i
 is the best food attraction.

Physical diffusion is considered as a random search process

where Dmax is the extreme diffusion speed; and � is a random number.
The position of the krill can be updated on the basis of the three above-mentioned 

behaviours:

(32)
Fi = Vf �i + �f F

old
i

�i = �food
i

+ �best
i

(33)Di = Dmax�

Fig. 6   Flowchart of bat algorithm (Bozorg-Haddad et al. 2015)
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where Xi(t + Δt) is the new krill position; Xi(t) is the krill position; and Δt is the time inter-
val. Figure 7 shows the KA flowchart.

2.5.4 � Salp Swarm Algorithm (SSA)

The SSA is a nature-inspired optimization procedure algorithm that represents the swarm-
ing behaviour of salps (Mirjalili et al. 2017). Salps often create a swarm called a salp chain. 
The salp chain helps salps during the foraging process. The swarm is guided by the leader 
salp, and followers pursue the leader and other salps (Mirjalili et  al. 2017). The leader 
moves in the direction of a food source. Population initialization is the first level in the 
SSA. The initial position of salps is randomly initialized. Then, the objective function of 
each salp is calculated, and the variable F as a food source is used to determine the best 
position among all the salps. Next, the salps will change their position; first, the leader, and 
then, followed by the rest. For the leader, the position is changed as follows (Mokhtarzad 
et al. 2017):

where x1
j
 is the leader’s position; Fj is the food source position in the jth dimension; ubj 

and lbj are the upper and lower bounds of the jth decision variable, respectively; and c1, 
c2, and c3 are random numbers. c1 is responsible for balancing between exploitation and 
exploration:

(34)Xi(t + Δt) = Xi(t) + Δt
dXi

dt
,

(35)x1
j
=

[
Fj + c1

((
ubj − lbj

)
c2 + lbj

)
← c3 ≥ 0.5

Fj − c1
((
ubj − lbj

)
c2 + lbj

)
← c3 < 0.5

]
,

Fig. 7   The flowchart of the krill algorithm
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where T  is the number of epochs; and t is the current iteration. To update the position of 
each follower, the following equation is used:

where xj
i
 is the location of the follower salp in the jth dimension. Figure 8 shows the flow-

chart of the SSA.

2.5.5 � Hybrid ANFIS, SVM, MLP, and RBFNN models

The model parameters can be obtained using optimization algorithms. The operator and 
different levels of optimization algorithms are utilized to obtain the values of the model 
parameters.

•	 ANFIS and evolutionary algorithms

The ANFIS model has two kinds of parameters, namely, consequent and premise param-
eters. The consequent and premise parameters affect the accuracy of the ANFIS model. The 
assumption of the optimization algorithm is the position of agents that can be considered as 
the global solution and the model parameters (Muslim et al. 2020; Najah et al. 2012; Najah 
Ahmed et al. 2019). To train the ANFIS model, evolutionary algorithms are utilized to find 
the optimal parameter values. Training data are used to start the ANFIS training. A fitness 

(36)c1 = 2e
−

(
4t

T

)2

(37)x
j

i
=

1

2

(
x
j

i
+ x

j−1

i

)

Fig. 8   Flowchart of SSA
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function is defined to measure the prediction error. In this study, the root mean square error 
(RMSE) was used to calculate the prediction error. The root mean square error is widely 
used as a fitness function to evaluate different models and algorithms. Agents in the opti-
mization algorithms hold the parameters of the ANFIS model that decision makers want to 
optimize. Thus, each agent shows the parameters of the ANFIS model. The parameters of 
the ANFIS model are updated using the operators of optimization algorithms. Finally, the 
value of the objective function is computed at each iteration.

•	 MLP and evolutionary algorithms

The accuracy of the MLP model is affected by the weight connection and the bias 
parameter. In this study, the agents in the optimization algorithms kept the parameters of 
the MLP model. First, the MLP training starts with the training data. Then, the value of the 
objective function (RMSE) is computed at each iteration. The initial agent position shows 
the initial values of the weight and bias parameters. The convergence cycle of the optimiza-
tion algorithms continues until they achieve the lowest error in the results. Each optimiza-
tion algorithm has different operators. The operators of the optimization algorithms update 
the position of the agents (the value of the weight connection and bias parameter).

2.5.5.1  RBFNN and  optimization algorithms  The centre and width of hidden neurons 
affect the accuracy of RBFNN models. Each agent in the optimization algorithms holds the 
parameters of the RBFNN model. The RBFNN training begins by using the training data. 
The RMSE is computed at each iteration. The parameters of the RBFNN model are updated 
when each algorithm is updated at each iteration. When the hybrid RBFNN optimization 
algorithms achieve the lowest error in the results, the simulation and optimization process 
are completed.

•	 SVM and optimization algorithms

The � , C, and � parameters affect the accuracy of the SVM model. Agents in the evolu-
tionary algorithms keep the values of the SVM parameters. First, the SVM training starts 
with the training data. Then, the objective function value is computed at each iteration. 
The operators of the evolutionary algorithms are utilized to update the value of the SVM 
parameters. When the position of the agents in the optimization algorithms is updated 
at each iteration level, the objective function is computed. When the SVM optimization 
algorithms achieve the lowest error in the results, the simulation optimization process is 
finished.

3 � Case study and data resources

This study predicted droughts over Iran and several sub-regions across Iran in 1980–2014. 
Figure 9 shows the location of the case study. The different sub-regions were used to show 
the accuracy of different models for different regions with different climates. The data 
of 1980 to 2014 were used because they were available for the current study. The cho-
sen regions have separate climatic conditions. The northern region is a subtropical region, 
whereas the south-eastern part is arid. The north-western region is mountainous with hot 
summers and cold winters. The south-western part is sub-humid with warm summers, 
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while the central and north-eastern regions have arid and semiarid climates. McKee et al.
(1993) introduced the SPI to forecast droughts. The gamma probability density should be 
fitted to the total precipitation to evaluate the SPI. If the value of the precipitation is repre-
sented by x, the cumulative probability (CP) can be evaluated as follows:

where � is the shape factor; and � is the scale factor. The definition of the cumulative prob-
ability changes if x is equal to zero:

Then, the standard of the normal variable (z) can be achieved through the cumulative 
probability (CP), which is the SPI value. The SPI can be computed from 1 up to 72 months. 
The SPI is based on a single variable as the input (precipitation values), so it has a less 
calculative complexity than that of other drought indices. The purpose of this article was 
to reflect short- and medium-moisture conditions. The reviewed literature widely used the 
three-month SPI for the prediction of short- and medium-moisture conditions (Chen et al. 
2019). Thus, the current article used the three-month SPI for Iran to have a comprehensive 
evaluation of short- and medium-term moisture conditions. There are different SPI val-
ues for different time intervals but the current study used the 3-month SPI to consider the 

(38)G(x) =

x

∫
0

g(x)dx =
1

��Γ(�) ∫
x

0

x�−1e
−

x

� dx

(39)H(x) = q + (1 − q)G(x)

Fig. 9   The Location of Case Study
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effects of droughts for short periods. Some random stations were considered to evaluate the 
ability of hybrid models to model droughts. Different studies indicated that the three-month 
SPI has the highest correlation with the vegetation response, and is thus the most suitable 
index for detecting agricultural drought (Satgé et al. 2019; Bayissa et al. 2019). Azarbayjan 
(northwest Iran), Khouzestan (southwest Iran), Khorasan (northeast Iran), Isfahan (central 
Iran), and Sistan and Baloucehstan (southeast Iran) were selected for the testing models. 
These stations were selected because they have different climates. Thus, different models 
can be evaluated under different climates.

Using the same process for other stations, the spatial distribution and temporal variation 
maps of the SPI were generated for Iran. In this study, the previous monthly SPI data were 
used for a one-month-ahead forecast of the SPI:

where SPI (t − 1) is the one-month-lagged SPI; and SPI(t − 9) is the nine-month-lagged 
SPI. Figure 10 shows the SPI time series; 80% and 20% of the data were used for the train-
ing and testing levels, respectively. The monthly data were collected from 1980 to 2014.

3.1 � Input Selection

The selection of appropriate inputs to predict hydrological variables is a real challenge. 
Literature reviews widely use the principal component analysis (PCA) to find the appropri-
ate input combinations for modelling hydrological variables (Fernandez et  al. 2019; Cui 
et al. 2019). Although different models can be used to find the appropriate inputs, previous 
studies have confirmed the ability of the PCA in finding the appropriate inputs (Fernandez 
et al. 2019; Cui et al. 2019). The PCA is a model for decreasing the dimensionality of an 
input variable by indicating it with a few uncorrelated variables (orthogonal) that capture 
most of its variability (Lu et al. 2019). Thus, the data size can be decreased by removing 
the weaker components.

where Z is the principal component; ai is the related eigenvectors; and x is the input vari-
able. The eigenvalues are computed as follows:

where I is the unit matrix; and R is the variance–covariance matrix.

3.2 � Selection of random parameters

Random parameters have a great impact on the accuracy of evolutionary algorithms. If 
the random parameters are inappropriately assigned, the algorithms may not converge, and 
may even be unusable. As the Taguchi model is not highly complex and has many different 
parameters, it is appropriate for the designing of random parameters (Nobre et al. 2019). 
Researchers have used the Taguchi model to enhance the accuracy of different models. The 
Taguchi model uses the signal-to-noise (S/N) ratio to optimize the robustness of the manu-
facturing process. The S/N ratio is used to measure quality stability, and is computed as 
follows:

(40)SPIt = f (SPI(t − 1),… , SPI(t − 9))

(41)Zi = ai1x1 + ai2x2 +⋯ + aipxp

(42)|R − �I| = 0
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Fig. 10   a Time series for Azarbayejan, b Khorasan, c Sistan and Baloucehstan and d Isfahan, e Khouzestan, 
f explanation of large climate signals
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First, the random parameters of the optimization algorithms are computed. Then, the range 
of parameters is divided into levels. Since the most important level in the design of an optimi-
zation algorithm is the selection of the random parameters, Table 1 lists the random param-
eters with the defined levels.

In this study, the RMSE was used as an objective function. There are two parameters in 
the NPA, namely, swarm size and number of maximal iterations. The Taguchi model uses 
orthogonal arrays to decrease the number of experiments. When four levels for each of the 
two parameters of the NPA are regarded, 16 experiments should be executed for finding the 
optimal levels of parameters. By using the Taguchi model for the optimal design, the minimal 
number of experiments is computed as follows:

(43)
S

N
ratio = −10 log10 (objective(function))

2.

(44)N = 1 + NV(L − 1)

Fig. 10   (continued)
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where NV is the number of parameters; N is the number of required experiments; and L is 
the number of levels. Hence, at least seven experiments had to be conducted. Next, experi-
ments were chosen according to the level of combinations. Then, the signal-to-noise (S/N) 
ratio was used to assess the experimental results. The S/N ratio for each parameter level is 
shown in Table 1. On the basis of the S/N ratio, the optimal levels of random parameter 
combinations were detected. The optimal values of the random parameters were shown 
by the maximal value of the S/N ratio. Although there are different statistical indices for 
evaluating models, the following indices are widely used because they can evaluate models 
based on different aspects.

(1)Root mean square error: (RMSE):

Table 1   The defined levels for different optimization algorithms

Bold value shows the optimal value of parameters

NPA

Level Population size Maximum number of itera-
tions

1 100 S/N:2.01 50 S/N:2.16
2 200 S/N:2.21 100 S/N:2.24
3 300 S/N:2.34 150 S/N:2.12
4 400 S/N:2.14 200 S/N:2.00

BA

Level Population size Maximum 
frequency

Minimum 
frequency

Maximum loud-
ness

Minimum loud-
ness

Maximum 
number of 
iterations

1 100 S/N:3.12 3 S/N:3.25 1 S/N:3.20 0.30 S/N:3.20 0.10 S/N:3.22 100 S/N:3.12
2 200 S/N:3.15 5 S/N:3.14 2 S/N:3.12 0.50 S/N:3.17 0.20 S/N:3.14 200 S/N:3.10
3 300 S/N:3.10 7 S/N:3.15 3 S/N:3.15 0.70 S/N:3.19 0.30 S/N:3.18 300 S/N:3.15
4 400 S/N:3.14 9 S/N:3.18 4 S/N:3.18 0.90 S/N:3.21 0.40 S/N:3.19 400 S/N:3.18

KA

Level Population size Dmax Vf Nmax Maximum 
number of 
iterations

1 100 S/N:3.10 0.03 S/N:3.12 0.02 S/N:3.15 0.01 S/N:3.14 100 S/N:3.11
2 200 S/N:3.07 0.05 S/N:3.10 0.03 S/N:3.18 0.03 S/N:3.10 200 S/N:3.09
3 300 S/N:3.15 0.07 S/N:3.06 0.04 S/N:3:02 0.05 S/N:3.09 300 S/N:3.16
4 400 S/N:3.18 0.09 S/N:3.14 0.05 S/N:3.10 0.07 S/N:3.12 400 S/N:3.14

SSA

Level Population size Maximum number of itera-
tions

1 100 S/N:3.20 100 S/N:3.20
2 200 S/N:3.01 200 S/N:3.01
3 300 S/N:3.19 300 S/N:3.15
4 400 S/N:3.23 400 S/N:3.18
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(2)Mean absolute error (MAE):

Nash–Sutcliffe efficiency (NSE):

(3)Percent bias (PBIAS):

Here, n is the number of data; SPIbo is the observed SPI; SPIso is the estimated SPI; and 
SPIso is the average estimated SPI.

3.3 � Understanding the relationship between large‑scale climate signals 
and droughts

A drought is a complex event that is affected by different macroscale atmospheric parameters. 
Large-scale climate indices have significant effects on drought indices (Araghi et  al. 2019; 
Vazifehkhah and Kahya 2019). Previous studies indicated the notable effects of large-scale 
climate indices on agricultural and meteorological droughts (Wang et al. 2019; Vazifehkhah 
and Kahya 2019; Nobre et al. 2019). Various researchers have tried to find the relationship 
between large-scale climate signals and drought indices (Gibson et al. 2019). In this study, 
the following indices were used to show the effects of large-scale climate indices on droughts 
(Wang et al. 2019; Vazifehkhah and Kahya 2019; Nobre et al. 2019).

In recent years, researchers have widely used wavelet coherence to identify the relationship 
between large-scale climate indices and hydrological variables. Tamaddun et al. (2017) used 
wavelet coherence to find the relationship between large-scale climate signals and streamflow. 
The results indicated that the ENSO changed streamflow patterns. Joshi et  al. (2016) used 
the continuous wavelet transform to analyse significant periods of variability associated with 
drought indices. Manzano et al. (2019) used wavelet power spectra to analyse the relationship 
between climate patterns and drought indices. Wavelet coherence is defined as follows:

where Wx
t
 and Wy

t  are the wavelet transforms of time series x and y, respectively; S is the 
smoothing operator in the time–frequency (scale) domain; 

(
W

xy

t

)
 is the amount of joint 

(45)RMSE =

√√√√ 1

N

N∑
i=1

((
SPIbo

)
−
(
SPIso

))2
.

(46)MAE =
1

N

N∑
i=1

||SPbo − SPso
||

(47)NSE = 1 −

∑N

t=1

�
SPIbo − SPIso

�2
∑N

t=1

�
Sso − Sso

�2

(48)PBIAS =

�∑n

i=1

�
SPIbo − SPIso

�
× 100

∑n

i=1

�
SPIbo

�
�

(49)R2
t
=

|||S
(
W

xy

t

)
(s)2

|||
S
(
s−1||Wx

t
||2
)
⋅ S

(
s−1||Wy

t (s)
||2
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power between x(t) and y(t); s is the frequency; and R2
t
 is the wavelet coherence of the two 

time series, x and y.

where � is the time.

4 � Discussion and results

4.1 � PCA method outputs

Table  2a shows the factor loading and variance contribution for PCA. The modelling 
results in the Azarbayejan station indicated that the first three principal component vari-
ances summed up a contribution rate of 93%; the first principal component (PC) had a 
contribution of 57%. In the first four principal components, SPI (t − 1), (t − 2), and (t − 3) 
had relatively large contributions. According to the calculated percentage of the total 
cumulative variance of more than 91%, the first four PCs were selected for the Khorasan 
station (Table  2b). The first four principal components provided good correlations with 
SPI (t − 1), (t − 2), and (t − 3). In Sistan and Balouchestan, the four principal compo-
nent variances summed up a contribution rate of 97%; the first PC had a contribution of 
54% (Table 2c). In the first four principal components, SPI (t − 1), (t − 2), (t − 3), and 
(t − 4) had relatively large contributions. In Isfahan, the results indicated that the first four 
principal components described 97% of variance and provided good correlations with SPI 
(t − 1), (t − 2), (t − 3), and (t − 4) (Table 2d). In Khouzestan, the results indicated that the 
first three principal components described 90% of variance and provided good correlations 
with SPI (t − 1), (t − 2), (t − 3), and (t − 4) (Table 2e).

4.2 � Analysis results of new hybrid soft computing models

Table 3 shows the performance of the models at the training level. The modelling results 
in the Azarbayjan station indicated that the RMSE values were in the range of 1.12–1.67, 
1.34–1.69, 1.38–1.71, and 1.41–1.73 for the hybrid (ANFIS–NPA, ANFIS–SSA, 
ANFIS–KA, and ANFIS–BA) and standalone ANFIS models, hybrid and standalone 
MLP models, hybrid and standalone RBFNN models, and hybrid and standalone SVM 
models, respectively. Table 3 clearly shows that the ANFIS–NPA showed the best perfor-
mance compared to the other models. According to the calculated results of the Azarbay-
jan station, the NSE was 0.93, 0.86, 0.85 and 0.83 for the ANFIS–NPA, MLP–NPA, 
RBFNN–NPA, and SVM–NPA, respectively. The performance indicators of the hybrid 
ANFIS, SVM, MLP, and RBFNN indicated that the hybrid soft computing models gave 
a better performance than the standalone MLP, RBFNN, ANFIS, and SVM models. As 
observed in Table 3, the NPA had a better accuracy than the SSA, KA, and BA.

The modelling results in the Khorasan station indicated that MAE values were in the 
range of 1.12–1.67, 1.33–1.63, 1.39–1.63, and 1.40–1.74 for the standalone and hybrid 
models of ANFIS, MLP, RBFNN, and SVM, respectively. The ANFIS–NPA model 
enhanced the RMSE performance over the MLP–, RBFNN–NPA, and SVM–NPA by 18%, 
22%, and 24%, respectively. The NSE accuracy was seen to increase from 0.87 (ANFIS 

(50)Wx,y(s, �) =
1

�
.Wx(s, �).Wy(s, �)
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Table 3   Analysis training results for new hybrid ANN, ANFIS and SVM models. (a) training results

Model Azarbayejan Khorasan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

(a)
ANFIS–NPA 1.12 1.09 0.93 0.12 0.95 1.1 1.12 0.92 0.14 0.94
ANFIS–SSA 1.32 1.28 0.91 0.15 0.90 1.34 1.32 0.90 0.16 0.92
ANFIS–KA 1.45 1.41 0.90 0.16 0.89 1.47 1.43 0.89 0.18 0.90
ANFIS–BA 1.55 1.52 0.89 0.18 0.87 1.56 1.54 0.87 0.19 0.89
ANFIS 1.67 1.65 0.87 0.20 0.85 1.68 1.67 0.87 0.22 0.87
MLP–NPA 1.34 1.32 0.92 0.14 0.93 1.35 1.33 0.91 0.15 0.92
MLP-SSA 1.39 1.37 0.90 0.17 0.89 1.40 1.38 0.89 0.18 0.90
MLP-KA 1.49 1.45 0.89 0.19 0.88 1.50 1.44 0.88 0.21 0.89
MLP-BA 1.57 1.55 0.87 0.21 0.86 1.59 1.53 0.87 0.23 0.86
MLP 1.69 1.64 0.86 0.23 0.85 1.70 1.63 0.85 0.24 0.84
RBFNN–NPA 1.38 1.37 0.91 0.25 0.90 1.42 1.39 0.90 0.25 0.93
RBFNN–SSA 1.42 1.40 0.90 0.27 0.87 1.45 1.41 0.89 0.28 0.91
RBFNN–KA 1.51 1.49 0.88 0.28 0.84 1.53 1.50 0.87 0.29 0.90
RBFNN–BA 1.61 1.52 0.87 0.32 0.83 1.63 1.51 0.86 0.33 0.89
RBFNN 1.71 1.65 0.85 0.33 0.82 1.74 1.63 0.85 0.35 0.83
SVM–NPA 1.41 1.38 0.90 0.25 0.89 1.44 1.40 0.89 0.27 0.89
SVM–SSA 1.44 1.40 0.86 0.29 0.88 1.45 1.42 0.84 0.31 0.87
SVM–KA 1.53 1.50 0.85 0.34 0.87 1.59 1.53 0.83 0.35 0.86
SVM–BA 1.65 1.58 0.84 0.36 0.82 1.69 1.63 0.82 0.38 0.82
SVM 1.73 1.65 0.83 0.37 0.81 1.78 1.74 0.81 0.39 0.80

Model Isfahan Sistan and Baloucehstan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

ANFIS–NPA 1.16 1.10 0.92 0.14 0.93 1.29 1.27 0.91 0.16 0.92
ANFIS–SSA 1.35 1.29 0.90 0.15 0.90 1.32 1.31 0.90 0.17 0.90
ANFIS–KA 1.39 1.42 0.89 0.17 0.89 1.35 1.32 0.89 0.19 0.89
ANFIS–BA 1.52 1.54 0.87 0.18 0.87 1.37 1.35 0.87 0.21 0.86
ANFIS 1.65 1.67 0.86 0.21 0.85 1.39 1.37 0.85 0.24 0.85
MLP–NPA 1.34 1.33 0.91 0.16 0.89 1.32 1.39 0.90 0.19 0.89
MLP-SSA 1.40 1.38 0.89 0.18 0.88 1.31 1.30 0.87 0.21 0.87
MLP-KA 1.47 1.42 0.87 0.20 0.87 1.34 1.32 0.86 0.23 0.86
MLP-BA 1.55 1.52 0.86 0.22 0.86 1.37 1.35 0.85 0.25 0.85
MLP 1.67 1.63 0.85 0.24 0.84 1.33 1.37 0.83 0.27 0.82
RBFNN–NPA 1.39 1.35 0.91 0.22 0.88 1.47 1.42 0.89 0.21 0.84
RBFNN–SSA 1.44 1.41 0.90 0.26 0.87 1.51 1.46 0.80 0.23 0.88
RBFNN–KA 1.53 1.50 0.87 0.27 0.86 1.53 1.51 0.79 0.27 0.87
RBFNN–BA 1.62 1.53 0.86 0.35 0.85 1.55 1.52 0.77 0.29 0.86
RBFNN 1.74 1.62 0.85 0.37 0.82 1.57 1.54 0.76 0.31 0.83
SVM–NPA 1.43 1.37 0.89 0.29 0.86 1.39 1.51 0.87 0.32 0.86
SVM–SSA 1.49 1.42 0.85 0.31 0.84 1.55 1.53 0.81 0.34 0.85
SVM–KA 1.55 1.49 0.84 0.35 0.83 1.59 1.57 0.78 0.36 0.84
SVM–BA 1.67 1.55 0.83 0.37 0.82 1.61 1.58 0.77 0.37 0.83
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model) to 0.92 (ANFIS–NPA), 0.85 (MLP) to 0.91 (MLP–), 0.85 (RBFNN) to 0.90 
(RBFNN–NPA), and 0.81 (SVM) to 0.89 (SVM–NPA).

The ANFIS–NPA model clearly had the best accuracy when compared to the other 
models in the Isfahan station. According to the calculated results of the Isfahan station, the 
maximal RMSE values were 1.65, 1.67, 1.74, and 1.78 for the ANFIS, MLP, RRFNN, and 
SVM models, respectively. The results indicated the superiority of the NPA, followed by 
the SSA, in comparison to the KA and BA.

The results of the Sistan and Balouchestan stations indicated the superiority of the 
ANFIS–NPA, followed by the MLP–, in comparison to the RBFNN–NPA and SVM–NPA 
models. The RMSE of the ANFIS–NPA, MLP–NPA, and RBFNN–NPA was 1.29, 1.32, 
1.47, and 1.49 at the training level, as reported in Table 4, in the Sistan and Baloucehstan 
stations.

The results of the Khuzestan station indicated that the RMSE values varied, namely, 
between 2.25–2.33, 2.35–2.40, 2.37–2.45, and 2.39–2.49 for the standalone and hybrid 
models of ANFIS, MLP, RBFNN, and SVM, respectively.

The modelling results in the Azarbayejan station indicated that the RMSE values were 
2.21–2.30, 2.24–2.35, 2.28–2.39, and 2.32–2.55 for the hybrid and standalone ANFIS 
models, hybrid and standalone MLP models, hybrid and standalone RBFNN models, and 

Table 3   (continued)

Model Isfahan Sistan and Baloucehstan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

SVM 1.78 1.63 0.82 0.39 0.80 1.63 1.60 0.75 0.39 0.82

Model Khouzestan
RMSE MAE NSE PBIAS R2

ANFIS–NPA 2.25 2.21 0.92 0.14 0.94
ANFIS–SSA 2.27 2.23 0.91 0.16 0.93
ANFIS–KA 2.29 2.25 0.90 0.18 0.89
ANFIS–BA 2.31 2.26 0.87 0.20 0.87
ANFIS 2.33 2.27 0.84 0.22 0.85
MLP– 2.35 2.29 0.90 0.24 0.92
MLP-SSA 2.36 2.31 0.89 0.27 0.90
MLP-KA 2.38 2.34 0.88 0.29 0.88
MLP-BA 2.39 2.37 0.87 0.30 0.85
MLP 2.40 2.38 0.86 0.32 0.83
RBFNN–NPA 2.37 2.32 0.85 0.33 0.89
RBFNN–SSA 2.41 2.36 0.83 0.34 0.88
RBFNN–KA 2.43 2.40 0.81 0.35 0.87
RBFNN–BA 2.45 2.41 0.80 0.36 0.84
RBFNN 2.47 2.43 0.79 0.37 0.89
SVM–NPA 2.39 2.37 0.75 0.38 0.88
SVM–SSA 2.41 2.40 0.73 0.40 0.87
SVM–KA 2.45 2.42 0.71 0.42 0.86
SVM–BA 2.47 2.43 0.70 0.43 0.85
SVM 2.49 2.47 0.69 0.44 0.82
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hybrid and standalone SVM models, respectively (Table  4). In the Azarbayejan station, 
the ANFIS–NPA outperformed the MLP–, RBFNN–NPA, and SVM–NPA models. The 
highest NSE was achieved using the ANFIS–NPA model. The results indicated that the 
RMSE values decreased from 2.33 (ANFIS) to 2.23 (ANFIS–NPA); similarly, the MAE 
and PBIAS decreased from 2.27 (ANFIS) to 2.18 (ANFIS–NPA) and 0.23 (ANFIS) to 
0.16 (ANFIS–NPA), respectively in the Khorasan station. On the basis of the statistical 
indices, the results of the Khorasan station indicated that the NPA model gave the best 
performance when compared with the other models. The modelling results in the Isfa-
han station indicated the superiority of the ANFIS–NPA, followed by the MLP–NPA, in 
comparison to the RBFNN–NPA and SVM–NPA models. The modelling results in the 
Isfahan station indicated that the SVM model produced the worst NSE value of all the 
models. The ANFIS–NPA model was the most accurate among all the models in Sistan 
and Balouchestan. The MAE decreased from 2.30 (ANFIS) to 2.24 (ANFIS–NPA), and 
the RMSE and PBIAS decreased from 2.34 (ANFIS) to 2.20 (ANFIS–NPA), and 0.25 
(ANFIS) to 0.18 (ANFIS–NPA), respectively, in the Sistan and Balouchestan stations. 
The ANFIS–NPA outperformed the other models in the Khouzestan station Tables 3 and 
4 compare the R2 values of the different models. According to the results, the SVM–NPA 
model provided a higher R2 compared to that of the SVM–SSA, SVM–KA, SVM–BA, and 
SVM models. The results revealed that the standalone and hybrid MLP models provided a 
higher R2 value compared to that of the hybrid and standalone RBFNN models in all the 
stations. The results indicated that the NPA outperformed the SSA, KA, and BA in all the 
stations. The standalone and hybrid ANFIS models gave the highest R2 values in all the 
stations. The RBFNN forecast had a higher R2 in comparison with that of the hybrid and 
standalone SVM models.

4.3 � Spatial and temporal droughts for Iran

The previous section regarded the performance of soft computing models for drought pre-
dictions. In this section, the soft computing models were used to provide the spatial and 
temporal maps of the three-month SPI in Iran. To evaluate the accuracy level of the pro-
vided maps, the receiver operating characteristic (ROC) curve was used. The ROC curve is 
a graphical model to specify the performance of a classifier (Cohen et al. 2019). The reli-
ability of the proposed models was assessed by classifying the output of the models as true 
or false. The ROC is a useful index for evaluating the provided maps, while other indices 
evaluate the models based on their statistical performance. Thus, the ROC can identify the 
corrected and uncorrected pixels by the predictive models. The ROC method can be used 
without any mathematical complexities.

where H is the number of true positives (correct predictions of a drought class); M is the 
number of false negatives (incorrect predictions of the occurrence of drought); F is the 
number of false positives (incorrect predictions of a drought class when no droughts are 
observed); and N is the number of true negatives (correct predictions of a drought class 
when no droughts are observed). The drought classification is shown in Table 5. The lati-
tude, longitude, and lagged SPI values of the stations were used as inputs to the models. 

(51)
HR =

H

H +M

FAR =
F

F + N
,
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Table 4   Analysis training results for new hybrid ANN, ANFIS and SVM models. (b) testing level

Model Azarbayejan Khorasan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

(b)
ANFIS–NPA 2.21 2.15 0.91 0.15 0.92 2.23 2.18 0.90 0.16 0.93
ANFIS–SSA 2.24 2.20 0.90 0.16 0.90 2.25 2.19 0.89 0.19 0.92
ANFIS–KA 2.26 2.22 0.89 0.18 0.87 2.27 2.23 0.88 0.20 0.86
ANFIS–BA 2.30 2.27 0.87 0.19 0.86 2.31 2.25 0.86 0.22 0.85
ANFIS 2.32 2.30 0.85 0.22 0.84 2.33 2.27 0.84 0.23 0.84
MLP–NPA 2.24 2.18 0.89 0.17 0.90 2.25 2.23 0.89 0.17 0.91
MLP-SSA 2.27 2.23 .0.88 0.19 0.87 2.27 2.25 0.86 0.19 0.90
MLP-KA 2.29 2.27 0.86 0.21 0.86 2.29 2.27 0.85 0.23 0.85
MLP-BA 2.35 2.32 0.84 0.23 0.84 2.32 2.29 0.84 0.25 0.84
MLP 2.40 2.35 0.83 0.25 0.82 2.34 2.31 0.82 0.27 0.82
RBFNN–NPA 2.28 2.20 0.88 0.23 0.88 2.28 2.25 0.87 0.28 0.87
RBFNN–SSA 2.35 2.31 0.87 0.27 0.87 2.33 2.28 0.79 0.29 0.85
RBFNN–KA 2.37 2.36 0.86 0.28 0.86 2.36 2.32 0.78 0.31 0.83
RBFNN–BA 2.39 2.38 0.85 0.36 0.85 2.38 2.34 0.76 0.33 0.82
RBFNN 2.44 2.41 0.82 0.38 0.84 2.39 2.36 0.74 0.35 0.80
SVM–NPA 2.32 2.30 0.81 0.30 0.82 2.43 2.27 0.85 0.37 0.79
SVM–SSA 2.45 2.43 0.80 0.33 0.80 2.45 2.31 0.80 0.30 0.78
SVM–KA 2.47 2.45 0.79 0.37 0.79 2.46 2.33 0.76 0.36 0.77
SVM–BA 2.51 2.48 0.78 0.38 0.78 2.48 2.35 0.75 0.39 0.76
SVM 2.55 2.53 0.77 0.40 0.77 2.51 2.37 0.73 0.40 0.75

Model Isfahan Sistan and Baloucehstan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

ANFIS–NPA 2.23 2.17 0.92 0.16 0.93 2.24 2.20 0.92 0.18 0.91
ANFIS–SSA 2.26 2.22 0.90 0.17 0.90 2.26 2.22 0.89 0.20 0.88
ANFIS–KA 2.27 2.24 0.88 0.19 0.88 2.28 2.26 0.87 0.22 0.87
ANFIS–BA 2.32 2.29 0.86 0.20 0.87 2.32 2.30 0.85 0.23 0.84
ANFIS 2.33 2.32 0.85 0.21 0.86 2.34 2.30 0.83 0.25 0.82
MLP–NPA 2.25 2.19 0.88 0.18 0.89 2.27 2.26 0.88 0.27 0.89
MLP-SSA 2.28 2.25 .0.87 0.20 0.88 2.28 2.27 0.85 0.29 0.86
MLP-KA 2.31 2.28 0.85 0.22 0.86 2.30 2.29 0.84 0.31 0.85
MLP-BA 2.33 2.33 0.83 0.24 0.85 2.33 2.30 0.83 0.33 0.82
MLP 2.43 2.36 0.82 0.26 0.84 2.35 2.33 0.82 0.27 0.81
RBFNN–NPA 2.27 2.21 0.87 0.27 0.88 2.36 2.34 0.80 0.37 0.89
RBFNN–SSA 2.38 2.32 0.86 0.28 0.87 2.37 2.36 0.79 0.39 0.86
RBFNN–KA 2.36 2.37 0.85 0.29 0.84 2.38 2.37 0.77 0.41 0.85
RBFNN–BA 2.41 2.39 0.84 0.37 0.83 2.41 2.38 0.75 0.43 0.84
RBFNN 2.45 2.42 0.81 0.39 0.82 2.42 2.40 0.73 0.44 0.84
SVM–NPA 2.34 2.32 0.80 0.40 0.84 2.45 2.42 0.77 0.39 0.82
SVM–SSA 2.47 2.45 0.79 0.34 0.81 2.47 2.33 0.75 0.41 0.82
SVM–KA 2.48 2.47 0.78 0.38 0.80 2.48 2.36 0.74 0.42 0.81
SVM–BA 2.52 2.49 0.76 0.39 0.79 2.51 2.38 0.73 0.43 0.80
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Figure 11 lists the used stations for providing the drought maps. The PCA model, as in 
the previous section, was used to select the lagged SPI values for each station. Then, the 
drought monitor maps were generated using the SPI time series of each station, and the 
soft computing models. Table 6 shows the computed area under the ROC curve (AUC) for 
different drought classifications. The number of drought occurrences and non-occurrences 
were used to compute the HR and FAR. In general, an AUC of 1 shows a perfect model 
(Fig. 12). The statistical results of the ANFIS–NP model indicated a considerably low error 
for the different drought classifications in comparison with that of the other models. For 
extreme droughts, the AUC increased from 0.77 (SVM) to 0.92 (ANFIS–NPA). Regarding 
severe droughts, the AUC increased from 0.79 (SVM) to 0.94 (ANFI-NPA). The results 
indicated that the ANFIS–NPA, MLP–, RBFNN–NPA, and SVM–NPA models performed 
better than the other models. The spatial and temporal drought characteristics are shown 
in Fig.  13. Maps were provided by the ANFIS–NPA model, which was selected as the 
best model. Additionally, this study used the innovative trend analysis (ITA), introduced 
by Sen (2012), to identify drought trends. Unlike other methods, the ITA method does not 
need any assumptions. The ITA can identify trends without special complexities or spe-
cial assumptions. Modelers can use the ITA easily for climate events. The first step was 

Table 4   (continued)

Model Isfahan Sistan and Baloucehstan

RMSE MAE NSE PBIAS R2 RMSE MAE NSE PBIAS R2

SVM 2.56 2.55 0.75 0.42 0.77 2.54 2.41 0.72 0.45 0.79

Model Khouzestan

RMSE MAE NSE PBIAS R1

ANFIS–NPA 3.12 2.98 0.90 0.16 0.91
ANFIS–SSA 3.14 2.95 0.89 0.18 0.88
ANFIS–KA 3.17 2.97 0.88 0.20 0.87
ANFIS–BA 3.21 2.98 0.87 0.22 0.86
ANFIS 3.23 3.02 0.86 0.23 0.85
MLP– 3.25 3.11 0.85 0.24 0.89
MLP-SSA 3.27 3.12 0.84 0.28 0.87
MLP-KA 3.29 3.16 0.84 0.34 0.86
MLP-BA 3.32 3.18 0.82 0.38 0.85
MLP 3.35 3.21 0.80 0.39 0.84
RBFNN–NPA 3.37 3.23 0.79 0.40 0.87
RBFNN–SSA 3.39 3.24 0.78 0.45 0.86
RBFNN–KA 3.40 3.24 0.76 0.47 0.85
RBFNN–BA 3.42 3.25 0.75 0.48 0.83
RBFNN 3.44 3.29 0.74 0.52 0.82
SVM–NPA 3.45 3.32 0.72 0.53 0.86
SVM–SSA 3.46 3.35 0.71 0.54 0.85
SVM–KA 3.47 3.36 0.70 0.55 0.80
SVM–BA 3.49 3.39 0.73 0.56 0.79
SVM 3.51 3.42 0.74 0.57 0.77
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to equally divide the time series into two groups. Then, the groups were placed on the X 
and Y axes, respectively. No trend could be observed with respect to the time series if the 
SPI data were placed on the ideal line, while an increasing trend in the time series was 
observed if the SPI data were placed on the upper triangular area of the ideal line (Sen 
2012). A decreasing trend could be observed if the SPI data were collected on the lower 
triangular area of the ideal line. The AUC plot of the extreme drought classification, as 
shown in Fig. 15, was presented as a sample of the best model.

With regard to monthly droughts in Iran, an increasing trend was found throughout the 
studied period in January. In February, the results were trendless for SPI ≤ –1; however, 
the index followed an increasing trend for SPI > –1 (Fig. 14). The application of the ITA 
method revealed an increasing trend in March. An increasing trend in April was observed 
for SPI ≤ –1 and SPI. For May, June, July, and August, although there was a decreasing 
trend for SPI ≥ 1, the SPI results indicated an increasing trend for SPI ≤ –1. The summer 
months showed an increasing trend for SPI ≤ –1. The results generally indicated that deci-
sion makers should utilize effective strategies for water resource management.

4.4 � Wavelet coherence analysis between droughts and large‑scale climate signals

Figure  15 shows the wavelet coherence analysis of the three-month SPI in Iran for the 
period of 1980–2014. For an overall interpretation of the whole country, the duration of 
each period (i.e., < 4, 4–8, 8–16, 16–32, and 32–64) was summarized on the basis of the 
duration values gained for any station with a 5% significance level. There was a statis-
tically positive significant correlation between Nino3.4 and the three-month SPI with a 
48–65-month signal from 1980 to 2014, and it exhibited a positive correlation with the 
26–34-month signal from 2008 to 2014. Figure 15 indicates that the PDO had positive sta-
tistical significance with the three-month SPI in Iran with a signal of 32–64 months from 
1990 to 1997. Figure 15 demonstrates that the NAO had a statistical significance with the 
three-month SPI in Iran, with a 60–64-month signal from 1998 to 2014. As observed in 
Fig. 15, there was a statistical significance between AMO and the three-month SPI, with a 
34–59-month signal from 2006 to 2014. The results revealed that there was a statistical sig-
nificance between SOI and the three-month SPI with a 48–60-month signal from 1998 to 
2014. However, the results generally indicated that the climate and geographical data could 
be used as the input data to the soft computing models. The improved ANFIS model with 
the reliable data can achieve a high accuracy. A soft computing model with a high ability 
can predict droughts under different climate change conditions. Thus, the selection of the 

Table 5   The SPI classification SPI value Classification

 ≥ 2 Extremely wet
1.5 to 1.99 Severely wet
1 to 1.49 Moderately wet
0 to 0.99 Mild wet
− 0.99 to 0 Mild drought
− 1.49 to − 1 Moderately drought
1.99 to − 1.5 Severely drought
− 2 >  Extremelv drought
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Fig. 11   The Location of used sta-
tions for providing the spatially 
and temporally drought map
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Fig. 12   The schematic of ROC 
curve

Fig. 13   The provided drought maps by the ANFIS–NPA
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Fig. 14   The drought trend in Iran country and the AUC plot of extremely drought classification as a sample
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Fig. 14   (continued)
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optimization algorithms is an important issue for predicting hydrological variables. The 
results of the large climate indices indicated that the drought intensity was significantly 
affected by these indices. Thus, future researches can consider these indices as inputs to the 
models.

5 � Conclusion

Droughts are complex and are associated with multiple climate factors. Thus, it is nec-
essary to use accurate tools for predicting droughts. In the present study, standalone and 
hybrid ANFIS, SVM, MLP, and RBFNN models were used for predicting the three-
month SPI. Iran was selected as a case study. First, five random stations were selected for 
predicting droughts. The results revealed that RMSE values for the Azarbayejan station 
were in the range of 1.12–1.67, 1.34–1.69, 1.38–1.71, and 1.41–1.73 for the standalone 
and hybrid models of ANFIS, MLP, RBFNN, and SVM, respectively. The ANFIS–NPA 
model gave the best performance among all the models. The performance indicators of 
the hybrid ANFIS, SVM, MLP, and RBFNN models showed that the hybrid soft comput-
ing models gave a more reliable performance compared to the standalone MLP, RBFNN, 
ANFIS and SVM models. Additionally, this study used an innovative trend analysis (ITA) 
to identify drought trends. With regard to monthly droughts in Iran, an increasing trend was 
found throughout the study period in January. In February, the results were trendless for 
SPI ≤ –1; however, the index followed an increasing trend for SPI > –1. The second aim of 
the current study was to use the wavelet coherence method to capture the complex relation-
ship between large-scale climate signals and drought indices. There was positive statisti-
cally significant correlation between Nino3.4 and the three-month SPI with a 48–65-month 
signal from 1980 to 2014, and it exhibited a positive correlation with a 26–34-month signal 

Fig. 14   (continued)
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Fig. 15   Wavelet coherence plots between large climate indexes and drought index (https​://rstud​io-pubs-stati​
c.s3.amazo​naws.com/15249​6_026c3​ac97f​7d40e​5ba0c​adf75​7730f​ce.html)

https://rstudio-pubs-static.s3.amazonaws.com/152496_026c3ac97f7d40e5ba0cadf757730fce.html
https://rstudio-pubs-static.s3.amazonaws.com/152496_026c3ac97f7d40e5ba0cadf757730fce.html
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from 2008 to 2014. Future studies could investigate the ability of new hybrid soft comput-
ing models for predicting droughts. Thus, climate scenarios can be integrated with soft 
computing models for drought predictions. However, one of the limitations of this study 
was related to the collection of data. Also, the utilization of different climate data as the 
inputs to the models was an important issue. The results of this study indicated that hybrid 
soft computing models and wavelet coherence are appropriate tools for predicting hydro-
logical variables.
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