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Abstract This paper aims to employ and compare four methods of neural network (NN),
support vector regression (SVR), least squares support vector regression (LSSVR) and
adaptive neuro-fuzzy inference system (ANFIS) for modeling the time series behavior of the
meteorological and the remotely sensed (RS) drought indices of the eastern district of Isfahan
during 2000-2014. The data used in the paper are the normalized difference vegetation index
(NDVI) and the land surface temperature time series of MODIS satellite and the rainfall time
series of TRMM satellite. Then, three RS drought indices namely vegetation condition index,
NDVI deviation index and temperature vegetation index and three meteorological drought
indices namely 3-month SPI, 6-month SPI and 12-month SPI are generated by the data.
Afterward, based on the correlation coefficient between the RS and the meteorological
drought indices, three indices are chosen as candidate indices for monitoring the drought
severity of the study area. After modeling the time series behavior of these indices by the
aforementioned methods, the results indicate that the SVR has the highest and the NN has the
lowest efficiency among all the methods. In addition, the performance speed of the LSSVR
and then the ANFIS is the highest. At the end of the paper, a fuzzy inference system (FIS) is
presented based on the candidate indices to monitor the drought severity at spring and summer
of 2000-2014. According to the results of the designed FIS, the spring status is normal in all
years except 2000 and 2011 (moderate drought) and the summer status is severe drought in all
years except 2000, 2010, 2011 and 2014 (moderate drought).
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1 Introduction

Drought as a complex and unavoidable natural disaster has frequently occurred in the
different countries, especially in hot and dry regions and also in Iran (Rojas et al. 2011;
Shahabfar et al. 2014). Timely detection of drought can be effective at managing and using
the existing resources and reducing the devastating impacts of this natural hazard. How-
ever, detecting and constantly monitoring the drought is the one of the main problems of
the organizations associated with this phenomenon. Since it develops slowly unlike the
other natural disasters (such as earthquake, flood and storm) and lacks a universal defi-
nition (Jalili et al. 2014). An overview of drought definitions and concepts can be found in
(Mishra and Singh 2010; Zargar et al. 2011; Agwata 2014).

Drought can be classified into three types: meteorological, agricultural and hydrological
(Zargar et al. 2011). The most important type which is also considered in our research, i.e.,
the meteorological drought is a period of abnormal dryness mainly due to precipitation
deficiency (Zargar et al. 2011; Jalili et al. 2014). To determine the severity of this drought
type, various drought indices have already been developed. Based on the data and tech-
nology used, they can be categorized into two general groups: meteorological indices and
remotely sensed (RS) indices (Sharma 2006; Rulinda 2007; Zargar et al. 2011).

The most widely used meteorological index is the standardized precipitation index (SPI)
(Zargar et al. 2011). The RS indices are those derived from the normalized vegetation
difference index (NDVI) and the land surface temperature (LST) or the combination of
both (Orhan et al. 2014, Jalili et al. 2014).

There are a few studies using only meteorological indices for monitoring drought severity
(Sahoo et al. 2015). In some studies, only RS indices such as NDVI, vegetation condition
index (VCI), vegetation health index (VHI) and temperature vegetation index (TVX) have
been used (e.g., Liu and Kogan 1996; Song et al. 2004; Rojas et al. 2011; Muthumanickam
et al. 2011; Rulinda et al. 2012; Orhan et al. 2014). Some studies have employed the com-
bination of the RS and the meteorological indices (e.g., Bhuiyan et al. 2006; Rahimzadeh-
Bajgiran et al. 2009; Quiring and Ganesh 2010; Jain et al. 2010; Berhan et al. 2011; Sham-
sipour et al. 2011; Rahimzadeh-Bajgiran et al. 2012; Shahabfar et al. 2012; Zhou et al. 2012;
Zhang and Jia 2013; Du et al. 2013; Shahabfar et al. 2014; Sur et al. 2015). The above-
mentioned studies have demonstrated that the combination of the RS data and the ground data
can have a strong potential and efficiency at monitoring the drought severity.

For modeling the time series behavior of drought indices, most studies have employed
univariate or multivariate simple linear regression. However, there are some studies which
use the neural network (NN) method (e.g., Mishra and Desai 2006; Barua et al. 2010; Qiu
et al. 2011; Dastorani et al. 2011; Keskin et al. 2011; Fatehi Marj and Meijerink 2011). At
some studies, the support vector regression (SVR) has been used (e.g., Collier and
McGovern 2008; Nikhbakht Shahbazi and Heidarnejhad 2012; Qing et al. 2012). In a
recent study, both of SVR and NN have been employed to model the drought condition in
Iran (Jalili et al. 2014). Another method for analyzing and predicting the drought is the
adaptive neuro-fuzzy inference system (ANFIS) method (e.g., Keskin et al. 2009; Shir-
mohammadi et al. 2013). A comparative analysis has been accomplished between NN and
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ANFIS methods in another paper for the prediction of rainfall in the central region of Yazd
(Dastorani et al. 2010). In another paper, the least squares support vector regression
(LSSVR) and NN have been compared to estimate the drought severity (Sadri and Burn
2012). These studies have implied the high efficiency of four methods of NN, SVR,
LSSVR and ANFIS at modeling the nonlinear time series behavior of drought indices.

So far, there are no studies which have compared four above-mentioned methods together.
Therefore, one of the main objectives of this paper is to compare these methods for modeling
the time series behavior of both meteorological and RS drought indices. The data used in this
paper are the NDVI and LST time series of moderate-resolution imaging spectroradiometer
(MODIS) and also the rainfall data of Tropical Rainfall Measuring Mission (TRMM)
satellites during 2000-2014, and the study area is the eastern district of Isfahan. At first, three
RS drought indices namely NDVI deviation (DEV), VCI and TVX are generated by the NDVI
and LST time series data and three meteorological drought indices namely 3-month SPI,
6-month SPI and 12-month SPI are generated by the rainfall time series data. Then, the
correlation coefficients between two these types are computed and the candidate indices are
chosen among all indices for monitoring the drought severity for the study area. After
modeling the candidate indices by four methods and comparing their results, another main
objective of the paper is to design a fuzzy inference system (FIS) using the candidate indices
in order to determine the drought severity of the study area during 2000-2014.

The reminder of the paper is organized as follows: Sect. 2 introduces the study area and
the data used in the paper. The methodology of the paper is presented in Sect. 3. Section 4
provides the implementations and the results. Section 5 discusses on the obtained results.
Section 6 presents the FIS system and its results. Finally, Sect. 7 gives the conclusions of
the paper.

2 Study area and data

The study area is the eastern district of Isfahan, Iran (Fig. 1), which contains saline land and sand
mountains and it has a hot desert climate (BWh) according to Koppen climate classification
scheme (https://en.wikipedia.org/wiki/Koppen_climate_classification). Its latitude is between
51°42/30"E and 51°59'52"E, and its longitude is between 32°29'40"N and 32°45'47"N.

The data used in this study are the products of MODIS satellite namely MOD11 and
MOD13 and also the rainfall data provided by TRMM satellite. MOD11 contains the day

Isfahan Province

34°21'54"E 46°08'33"E 57°44'38 69°26'00"E
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Fig. 1 Study area (eastern district of Isfahan)
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and night LST times, quality assessment, observation time, angles and emission factor
estimated by the bands 31 and 32 of MODIS (Momeni and Saradjian 2007). MOD13
contains NDVI data. MODI11 and MODI13 are downloaded at scale of 0.01°, and the
rainfall data are downloaded at scale of 0.25° during 2000-2014 month by month from
NASA Web site (http://neo.sci.gsfc.nasa.gov/).

3 Methodology

The methodology presented in the paper has three main steps: At first, the RS and the
meteorological drought indices are generated by the data introduced in the previous sec-
tion. Then the correlation between two these types is surveyed and some are chosen as
candidate indices for monitoring the drought severity of the study area. Finally, four
machine learning methods namely NN, SVR, LSSVR and ANFIS are employed for
modeling their time series behavior.

3.1 Generating drought indices

This section aims to explain how to generate the RS and meteorological drought indices
using the NDVI, LST and rainfall data.

3.1.1 RS drought indices

At First, three important RS drought indices namely VCI, DEV and TVX are generated
using the NDVI and LST data as follows (Jalili et al. 2014; Orhan et al. 2014; Patel and
Yadav 2015):

NDVI; — NDVIi,

VCI = x 100 (1)
NDVIpax — NDVIpin

DEV = NDVI — NDVIean (2)
LST
TVX = ——
v NDVI 3)

where NDVI,;;, and NDVI,,,x are the absolute minimum and maximum NDVI, respec-
tively, and NDVI; is the NDVI value at the current month. In addition, NDVI ., i8S
average of long-term NDVI for a period of time. Here, the period of 1 month (30 days) is
considered for VCI and DEV. Figure 2 shows the seasonal time series of the three RS
indices of the study area.

3.1.2 Meteorological drought indices

Using the rainfall data, the SPI for the study area can be generated as (Jalili et al. 2014):

P — p(P)

SPI = o(P)

(4)

where P is precipitation value and y(P) and o(P) are the average and the standard deviation
of the precipitation at a specific time period. Here, we consider three periods, i.e., 3-month
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Fig. 2 Seasonal time series plots of remote sensing indices a DEV, b VCI and ¢ TVX

(short term), 6-month (middle term) and 12-month (long term). Figure 3 shows the sea-
sonal time series of the three meteorological indices of the study area.

3.2 Correlation between RS and meteorological drought indices

Although all of above-mentioned indices can use for drought monitoring, we aim to
employ the most relevant indices based on the study area in this paper. For this purpose, we
compute the correlation coefficients between the RS indices (DEV, VCI and TVX) and the
meteorological indices (3-month SPI, 6-month SPI and 12-month SPI). Correlation coef-
ficient (r) can be defined as follows:
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Fig. 3 Seasonal time series plots of meteorological indices a 3-month SPI, b 6-month SPI and ¢ 12-month
SPI

Cov(x,y)
Var(x) x Var(y)

(5)

where x is an RS index and y is a meteorological index, Cov(x, y) is the covariance between
two indices and Var(x) and Var(y) are their variance. Table 1 presents the r value between
the aforementioned indices.

According to the r values of Table 1, it can be concluded that the two first RS indices,
i.e., DEV and VCI (related to the vegetation index) are positively more correlated with the
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12-month SPI than the two other SPI, whereas TVX (related to LST and NDVI) is neg-
atively more correlated with the 12-month SPI than the other SPI. It implies that the
precipitation impacts directly on the vegetation indices. In other words, as precipitation
increases, the vegetation indices values can increase. By contrast, TVX has an inverse
relationship with precipitation so that as precipitation increases, the TVX value may
decrease and vice versa. Another conclusion can be drawn from Table 1 is that among all
vegetation-related indices, the VCI has a higher correlation with the SPI. Therefore, in this
paper, VCI, TVX and 12-month SPI are employed as the candidate indices to determine the
drought severity of the study area.

3.3 Modeling methods

The time series of the candidate drought indices can be modeled as (Zhang 2003):
yt:F(yt—17yt—27"'7yl—p7w)+8t (6)

where F is a function which can be determined by a modeling method, (y;—1, y:—2,--., Yr—p)
(as inputs) are the values/observations of p previous steps of the drought index and y, (as
output) is its value at step ¢ predicted by the method. In addition, w is a vector of all
parameters. The methods used in this paper are the single-hidden layer feed-forward NN,
the SVR with a radial basis function (RBF) kernel, the LSSVR with an RBF kernel and the
ANFIS methods.

The NN has usually three layers including of input, hidden and output layers. Single-
hidden layer feed-forward NN is the most widely used form of NN for modeling and
predicting the time series (Zhang 2003). In addition, the back-propagation (BP) algorithm
is more common than the other algorithms to train the NN method (Samsudin et al. 2010).
Although NN can be employed by any number of layers, according to Kolmogorov the-
orem, a three-layer NN can be used to solve any regression problem in any space (Kurkova
1992).

The basic idea of SVR for a regression problem is to map the data into a high-di-
mensional feature space by a nonlinear mapping and then to employ a linear regression in
that feature space. It is executable using the kernel trick. The most widely used kernels in
remote sensing are the linear, polynomial, RBF and sigmoid functions (Khosravi and
Mohammad-Beigi 2014). It is notable that the SVR results are sensitive to the used kernel
and its tuning parameters.

The main idea of LSSVR for the regression problem is similar to the SVR. However,
LSSVR employed the idea of least squares for solving the objective function problem
(Shabri and Suhartono 2012). Like SVR, the LSSVR results are sensitive to the used kernel
and its parameters. Usually, RBF kernel is used in LSSVR (Wang and Hu 2005).

Table 1 Correlation coefficient (r) values between the remote sensing and the meteorological drought
indices

DEV VCI TVX
3-month SPI 0.514 0.635 —0.323
6-month SPI 0.430 0.492 —0.734
12-month SPI 0.593 0.761 —0.751
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ANFIS employs the linguistic concept of the fuzzy systems and the training power
of the NN to solve a regression problem. It has five layers and often uses a Takagi—
Sugeno—Kang (TSK) fuzzy system as the feed-forward network structure. In addition, a
hybrid learning method is used to train the ANFIS. It employed the BP algorithm at the
first layer and the least squares estimation at the fourth layer (Srinivasan and Malliga
2014).

4 Results

Two preprocessing steps are needed before modeling indices: First, their time series
should be detrended (their trend line should be removed), and then, their values are
normalized (reducing their target values from their mean and then dividing by their
standard deviation). In addition, each datum is divided into three categories: training
samples (for building the model), validation samples (for optimizing model) and test
samples (for evaluating model). In this paper, we consider the first 70% of the data for
training, the second 15% for validation and the remaining 15% for test samples. Fur-
thermore, to evaluate the modeling methods, the most widely used metrics such as
mean absolute error (MAE), mean bias error (MBE) and root mean square error
(RMSE) are employed. They are defined as follows (Chen and Lin 2010; Zhang et al.
2014):

m
MAE — 2= | =il l; il (7)
m
MBE = 721':1’;’ 2 8)
Sy (= yi)
RMSE = |/ ==t 9)

where t; is the target or actual value, y; is the estimated value of the method for each index
and m is the number of observations.

Since all the time series have seasonally been sorted (winter, spring, summer and
autumn), we consider p = 4 at Eq. 6 for modeling all them, i.e., y, = F(y,_1, Yi—2, Y13,
Yi—a, W) + &. In other words, according to Eq. 6, each point can be related to its previous
four points. Table 2 presents the evaluation results of four modeling methods for three
candidate indices. Moreover, Fig. 4 illustrates the actual (blue) and the predicted (red) time
series of the indices by four methods.

In addition to quantitative metrics, a visual comparative evaluation of the methods is
accomplished based on the point errors of each method for each index at 60 seasons. The
point error is the difference between target or actual (#;) and estimated or predicted (y;)
values, i.e., t; — y;, i = 1,..., 60. Figure 5a—c shows the point errors plots obtained by four
methods in modeling VCI, TVX and SPI, respectively. The blue, orange, gray and yellow
plots correspond to the point errors plots obtained by NN, SVR, LSSVR and ANFIS,
respectively.
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Fig. 4 Actual (blue) and predicted (red) time series plots of VCI (left), TVX (mid) and SPI (right) obtained
by a NN, b SVR, ¢ LSSVR and d ANFIS methods

5 Discussion

From Table 2, among four methods, the SVR with the lowest all-RMSE for all the indices
and the lowest all-MAE for VCI and SPI has the most efficiency and the NN with the
highest all-RMSE and all-MAE for all the indices has the lowest efficiency at modeling. In
addition, the test-RMSE and test-MAE values for three indices obtained by the SVR are
lower than those of the other methods. It implies the higher absolute accuracy of the SVR
compared with the other methods.

It is noteworthy that one of the characteristics of NN is to produce the non-unique
results. In this paper, the NN model is trained several times and finally, the model with the
lowest RMSE for the validation samples is chosen. However, its results have yet the lowest
accuracy among four methods.

As previously mentioned, SVR is sensitive to the kernel type and its tuning parameters.
In this paper, four common kernels namely linear, polynomial, sigmoid and RBF are
employed. Based on the obtained results, the linear and polynomial kernels have the less
flexibility and capability at modeling all the indices (with the highest RMSE). Moreover,
the processing takes very long time by polynomial kernel compared to the other kernels
and its results are not very favorable. By contrast, the performance speed of sigmoid kernel
is the highest among all the kernels. However, the flexibility, capability and accuracy of the
RBF kernel are the highest and it can produce the more desired results. Therefore, the RBF
is used as the optimum kernel for all the indices. RBF kernel has two tuning parameters
namely control parameter (C) and Gaussian width parameter (y) (Khosravi and Moham-
mad-Beigi 2014). For obtaining their optimum values, a grid search algorithm is used with
the intervals of [1072, 1077] and [272, 2] for C and 7, respectively. By focusing on the
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Fig. 5 Point error plots obtained by NN (blue), SVR (orange), LSSVR (gray) and ANFIS (yellow) in
modeling a VCIL, b TVX and ¢ 12-month SPI
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lowest RMSE for the validation samples, the values of 10, 100 and 1000 for C and the
values of 1, 0.5 and 1 for y are obtained for VCI, TVX and SPI, respectively.

Like SVR, an RBF kernel is used for LSSVR. In addition, the optimum values of its
parameters are obtained using a grid search method focusing on the lowest RMSE for the
validation samples. Although the LSSVR has a higher all-RMSE and all-MAE than the
SVR at modeling all the indices, the all-MBE and test-MBE values for TVX obtained by
the LSSVR are lower than those obtained by the SVR. It implies that the difference
between TVX values predicted by the LSSVR and its actual values is lower than that of the
SVR.

The last method, i.e., the ANFIS has obtained a unique result unlike the NN and its
efficiency and accuracy has been higher than the NN at modeling three indices. In addition,
the all-RMSE and test-RMSE for VCI and the all-RMSE for TVX obtained by the ANFIS
have been lower than those of the LSSVR and vice versa at modeling SPI. In addition, the
all-MAE and all-MBE for TVX obtained by the ANFIS has been lower than those of the
SVR. It means that the difference between TVX values predicted by the ANFIS and its
actual values is lower than that of the SVR.

In general, the LSSVR is the fastest method, and after that, the ANFIS has been faster
than the SVR and the NN methods at modeling three indices. The performance speeds of
the SVR and the NN are almost identical at modeling three indices.

As shown in Fig. 5a, the point errors of the NN (blue plot) and then, the LSSVR (gray
plot) are higher than the other methods at almost all the lags of VCI. The maximum error at
modeling VCI belongs to the NN method (around 70 and —80) that has occurred in the last
steps related to the test samples. By contrast, the point errors of the SVR (orange plot) and
then, the ANFIS (yellow plot) are much lower than two other methods. Even, the SVR has
almost the lowest point errors. At Fig. 5b, i.e., the point errors plots related to TVX, the
behavior of the NN errors plot (blue) is almost close to the LSSVR errors plots (gray).
However, at some steps, the maximum error belongs to the NN errors plot (with a max-
imum value of 60) and at some steps, it belongs to the LSSVR errors plot (maximum
values of 45 and 60). In addition, the behaviors of the SVR (orange) and the ANFIS
(yellow) errors plots are almost close each other. However, the stability of the SVR plot is
higher than that of the ANFIS plot. Figure 5c clearly illustrates that the SPI point errors of
the NN are very higher than those of three other methods at almost all the lags. After that,
the point errors of the ANFIS are the highest, whereas the ones of the SVR and the LSSVR
are almost the lowest among all the methods.

By comparing Fig. Sa—c, it can be generally concluded that the SVR is the most suc-
cessful method and by contrast, the NN is the most unsuccessful method among all the
methods used in the paper at pointwise modeling all the indices. Meanwhile, the ANFIS
method is more successful than the LSSVR at pointwise modeling VCI and TVX and vice
versa at pointwise modeling SPI.

6 Monitoring drought severity by an FIS procedure

After modeling VCI, TVX and SPI, an FIS is presented to monitor the drought severity of
the study area during the 15 recent years. The inputs of the FIS are these indices and its
output is the drought severity (DS). Then, the FIS makes the decisions by designing a rule
base for linguistic values of the indices. For the SPI, the linguistic values of very low (VL),
low (L), medium (M), high (H) and very high (VH) and for the VCI and TVX, the
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Table 3 Definable fuzzy rules to determine the drought severity

Rule 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

SPI VL L L L L L L L L L M M M M M
VX - H H H M M M L L L H H H M M
VCI - L M H L M H L M H L M H L M
DS sb Sb MO MD MD MD N MD MD N N N N N N

Rule 16 17 18 19 20 21 22 23 24 25 26 27 28 29

H H H H H H H H VH
TVvX M L L M M L L
V(1 H L M H M H L M H L M H -

DS N N N MW N MW MW MW MW MW MW MW SW SW

SPI M M M M

<
-

o
|Suiesige s

e

e

VL very low, L low, M medium, H high, VH very high/SD severe drought, MD moderate drought, N normal,
MW moderate wet, SW sever drought/DS drought severity

linguistic values of L, M and H are definable. In addition, the linguistic values of severe
drought (SD), moderate drought (MD), normal (N), moderate wet (MW) and severe wet
(SW) can be defined for the DS.

The trapezoidal function is considered for the membership function of the input indices.
Figure 6a—c shows their membership function and universe of discourse. Based on pre-
vious studies, their universe of discourse is determined (Lambin and Ehrlich 1996; Kogan
1997; Sharma 2006; Rulinda 2007; Agwata 2014). Two trapezoidal and three triangular
functions are considered for the membership of the output of the FIS. Figure 6d shows its
membership function and related universe of discourse. Arbitrarily, we consider [—1, +1]
for its universe of discourse.

The next step is to define fuzzy rules for the FIS according to Table 3. This work has not
been accomplished for drought monitoring in the previous studies, at all. The SPI is the
basic index for monitoring the drought. Therefore, whenever its value is VL, the DS is SD
(rule 1) and whenever its value is VH, the DS is SW (rule 29) without considering TVX
and VCI values. For three other linguistic values of SPI with three linguistic values of TVX
and VCI, 3 x 3 x 3 = 27 other fuzzy rules can be defined, i.e., altogether 29 rules. All
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Table 4 Drought severity reported by the designed FIS for the study area during 20002014

2000 2001 2002 2003 2004 2005 2006 2007

Sp Su Sp  Su Sp  Su Sp  Su Sp  Su Sp  Su Sp  Su Sp  Su

MD MD N SD N SD N SD N SD N SD N SD N SD

2008 2009 2010 2011 2012 2013 2014

Sp Su Sp Su Sp Su Sp Su Sp Su Sp Su Sp Su

N SD N SD N MD MD MD N SD N SD N MD

Sp spring, Su summer/SD severe drought, MD moderate drought, N normal, MW moderate wet, SW sever
drought

rules have the same weights in the FIS. Finally, Table 4 presents the DS reported by the
designed FIS for the study area during 2000-2014.

From Table 4, during the 15 recent years from 2000 to 2014 except of 2000 and 2011,
spring has a normal status and it has been confronted with the medium drought in two these
years. Summer of all years except of 4 years (2000, 2010, 2011 and 2014) has been
confronted with the severe drought and it has the moderate drought status in the four
aforementioned years.

7 Conclusion

This paper studied the drought severity in the eastern district of Isfahan during 2000-2014
based on a fuzzy inference system and the VCI, TVX and 12-month SPI time series. Four
machine learning methods namely NN, SVR, LSSVR and ANFIS were used to model their
time series behavior. The results indicated that the SVR had the highest and the NN had the
lowest efficiency at modeling all the indices. In addition, the LSSVR and then, the ANFIS
were faster than the other methods at modeling them. In the end of the paper based on 29
fuzzy rules for the indices, an FIS was designed to determine the drought severity of the
study area at the spring and summer seasons of 15 recent years. It is shown that spring of
all years except 2000 and 2011 were in normal state and the two mentioned years had a
moderate drought condition. By contrast, the summer of 4 years, 2000, 2010, 2011 and
2014 were confronted with the moderate drought state and the remaining years with the
severe drought.

In fact, this study aims to provide a strategy for monitoring drought severity using
machine learning methods and the RS and the meteorological time series data and fusing
them in a fuzzy inference system.
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