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Abstract- Drought is a natural disaster which has various social and environmental impacts. Given that the exact time, period 
and intensity of drought are unforeseeable, probabilistic and statistical methods are used while analyzing a drought in a region. 
While the forecast of a drought in the future is very difficult, the Artificial Neural Networks (ANN) which can be used 
successfully in the behavior of non-linear systems and the use of which increased in the water resources engineering in recent 
years can be utilized. In this study, drought analysis was conducted primarily by Standard Precipitation Index (SPI) method for 
Sivas Province which has a semi-arid climate. Droughts occurring in the region were examined by finding SPI values of 
monthly precipitation data of 65 years from 1950 and 2014 obtained from Sivas Weather Station and determining drought 
characteristics (drought duration, amplitude and intensity) in different time periods of the station and their relevance to one 
another. In the second part of the study, the forecast of the drought in the upcoming years was made by the Artificial Neural 
Networks (ANN) method while using monthly SPI values. While there are similar studies in the literature, in this study, 
different network models were developed and their trials were made and the best network model has been tried to be 
determined as a result of those trials. In order to see how much data can be estimated for upcoming years by the created 
network model, data of 2007 chosen for being dry year were used as the test data. So, when we use the precipitation data of the 
current month as input by making the necessary conversions, it has been seen that we can make predictions about the data of 
the next month. 
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I. INTRODUCTION 
 
Natural disasters have an important place in human 
life from past to present. One of the most important of 
these natural disasters is droughts. Because the 
drought, among other natural disasters, has the 
greatest impact for human life and economy and has 
an evolution feature under different meteorological 
and environmental conditions. In an assessment based 
on the intensity, the generation period, total economic 
loss, social impact and the permanence of the natural 
disasters; drought event has the first place in order of 
importance among the natural disasters which are 
effective in the world [1]. Uncertainty of the beginning 
and the end of the drought, its cumulative increase and 
impact on multiple sources at the same time and its 
high economic dimension are the most important 
features that distinguish it from other natural disasters 
[2]. Drought is often defined as a natural disaster 
affecting vital activities negatively as a result of water 
shortages due to precipitation’s dropping below the 
normal levels recorded. Depending on its impact 
radius, various drought definitions have been made in 
the literature. Meteorological, agricultural, 
hydrological and socio-economic droughts are the 
most common among them [3-4]. 
 
Drought events are frequently seen in Turkey 
depending upon atmospheric conditions, physical 
geography and climate factors as a result of being 
located in a semi-arid climate zone. The abrupt  
decrease in rainfall in Africa's Sahel and subtropics 
starting in the 1960s, has begun to be effective  

 
(especially in winter) in the Eastern Mediterranean 
Basin and Turkey in 1970s. Summer droughts in 
Turkey, because of the dominant physical geographic 
conditions, vary spatially and temporally and as a 
natural feature of the subtropical Mediterranean 
macroclimate, they occur very often in areas other 
than the Black Sea precipitation region, northern 
Marmara and Northeastern Anatolia regions of the 
country. Since the early 1970s, an increase on the 
range, the frequency and the severity of the droughts 
were watched in Turkey [5]-[10]. Across Turkey, the 
most severe and exposed drought events over large 
areas have occurred in between 1953-1954, 1956, 
1964, 1973, 1977, 1984, between 1989-1991, between 
1999-2000, between 2001-2004 and between 
2007-2008 [5], [11]-[12]. 
Reducing the effects of drought and preventing these 
threats and dangers can be possible by accurate 
evaluation of findings obtained as a result of scientific 
research conducted related to the drought management 
and forecasting. Especially in recent years, several 
studies have been presented on drought forecasting, 
risk analysis and management in the literature 
[13]-[27]. 
In this study, primarily drought analysis was made 
with SPI method using 65 years (1950-2014) monthly 
precipitation data of Sivas station. Following the 
analysis, droughts occurring in the area were 
examined by identifying drought characteristics in 
different time zones of Sivas station using obtained 
SPI values. Then, monthly SPI forecast of upcoming 
years was made with the ANN method using SPI 
values derived from monthly precipitation data for 
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previous years. The developed models were compared 
with each other. 
 
II. MATERIAL AND METHOD 
 
A. SPI Method:  
Standardized Precipitation Index (SPI) method widely 
used in recent years in order to monitor drought was 
developed by McKee et al. in 1993 [28]. In this 
method, since the only required meteorological 
variable is precipitation, the implementation is fairly 
easy. Another important advantage is its flexibility in 
measurement of the drought for different time scales. 
In calculating the standardized precipitation series, 
only the arithmetic average of the precipitation series 
and the standard deviation are needed. Standardized 
precipitation series for any X1, X2,…., Xn precipitation 
time series, xi, is calculated using the equation below. 

                 
x

i
i S

XX



x        (1) 

HereX represents the arithmetic average of the series 
and Sx represents the standard deviation of the series. 
While the negative values obtained here indicate lack 
of precipitation or drought periods, the positive values 
indicate excess precipitation or wet periods. Four 
individual drought classifications were made by 
aforementioned researchers for different SPI ranges 
(Table I). 

Table I. Drought classifications per SPI method 

 
 
B. ANN Method:  
Artificial intelligence is defined as understanding the 
structure of human thought and working to develop 
computer operations that will reveal the likes of it. The 
ANN technology that constitutes a subfield of 
artificial intelligence forms the basis of systems that 
can learn. In the literature a variety of ANN 
applications for hydrological studies are available in 
recent years. ANNs consist of three layers. The first 
layer is the input layer; the final layer is the output 
layer. The other layers in between are called hidden 
layer or interlayer. There may be more than one 
interlayer in a network. How many hidden layers will 
be used in an artificial neural network and how many 
neurons there will be in each hidden layer could not be 
identified until today and this situation changing by 
the problem have been remedied through trial and 
error method [29]. 
The method to be used in the training of the network, 
that is the learning of the network, is important while 
creating the architecture of artificial neural networks. 
At this stage network’s learning the output to be 
produced in response to the input is intended and many 

artificial neural network algorithms are developed in 
this context. Most commonly used ANN architecture 
in studies in the field of hydrology is Feed-Forward 
Network with Multilayer Backpropagation Algorithm 
model. These networks are many-layered sensor 
models which have the same structure with Multilayer 
Perceptron (MLP) and they are networks trained with 
the Back Propagation Algorithm (BPA) which is 
generally based on derivatives for error algorithm. 
In this study, Feed-Forward Backpropagation 
Artificial Neural Network (FFBPANN) method was 
used when creating network architecture. The network 
model giving the best results with different number of 
hidden layer neurons has been tried to be found by 
constantly changing the learning rate and momentum 
coefficient which are parameters affecting the 
convergence rate of the backpropagation learning 
algorithm periodically and also considering the 
transfer function. Also, to calculate SPI value in a t 
moment, SPI values of periods prior to t moment were 
used. In other words, a data series’ data going on until 
the t moment were used to make out its current value. 
During the obtainment of this value, data series up to 
how far back from the t moment should be used as 
input in order to get the closest result to the true value 
on the t moment was discovered by experimenting. At 
the same time, the number of inputs in each 
experiment made gives us the number of artificial cells 
(neurons) in the input layer of the network model. 
Thus with the change in the number of inputs to be 
used during the creation of each network model, the 
number of artificial cells (neurons) of the model is 
affected and changes. 
 
III. IMPLEMENTATION 
 
A. Area of Implementation: 
Sivas province is located in the Upper Kızılırmak 
basin in Central Anatolia region. Winters pass freezing 
cold, summers pass hot and dry in the province. 
According to the average of many years the annual 
average of precipitation depth of the province is 
433.12 mm. The annual average temperature is 9.03 
°C while the highest temperature is 28.5 °C in August 
and the lowest temperature is -7.0 °C in January. 
 
B. SPI Implementation: 
Drought analysis was conducted with SPI time series 
for 1 month to 24 months time scales calculated using 
Sivas weather station’s monthly precipitation data 
observed in the 1950-2014 period (780 months). 
Seasonal and yearly drought data obtained as a result 
of the analysis were evaluated by examining the 
changes in the SPI time series in this period. In this 
way, the knowledge of dry and wet cycles in different 
periods, the frequency of these cycles and 
characteristics of drought was obtained. As seen in 
Figure 1, in the short time scale (SPI-1 and SPI-3) 
frequency of drought periods is excessive; however as 
time scale increases (SPI-6 and SPI-12) frequency of 



International Journal of Advances in Mechanical and Civil Engineering, ISSN: 2394-2827 Volume-2, Issue-5, Oct.-2015 

A Drought Analysis Of Sivas Using The Standardized Precipitation Index (SPI) Method And Drought Estimation With The Artificial Neural Networks 
 

26 

dry periods is reduced. In other words, as we move 
from short-term to long-term the incidence of drought 
is reduced while as we move from long-term to 
short-term the amplitude and duration of drought 
increase. 
 

 
Figure 1. SPI time series calculated for different time scales of 

the station 
 
When the annual SPI series is analyzed, a total of 65 
years has experienced 29 years of drought, its 
distribution in terms of drought severity was 2 
extreme, 4 severe, 7 moderate and 16 mild years. The 
average duration of drought is 1.53 years and the 
maximum duration of drought is 6 years experienced 
between 1954 and 1959. Average drought severity is 
-0.42 (mild) and the maximum severity seen in 1973 
was calculated to be -2.16 (extreme). When droughts 
are examined on yearly basis, long droughts were 
experienced in 1954-1959, 1961-1962, 1973-1975, 
1978- 1979 and 2004-2005 periods (Figure 2). 
 
 

Figure 2. Sivas Station yearly SPI time series 
When SPI values are examined on seasonal basis; 
figures showing the drought periods in each season 
obtained from three-month SPI time series from 65 
years’ precipitation data of Sivas meteorological 
station, are given respectively (Figure 3). When the 

figures are analyzed, the lack of rainfall varies 
according to the season. It was ascertained that 
drought in winters is of 27 years, in spring 32 years, in 
summer 28 years and in autumn 31 years. Extreme 
droughts were mostly experienced in autumn, severe 
droughts mostly in winter, moderate droughts mostly 
over the spring and summer and mild droughts were 
experienced mostly in spring season in the region. And 
upon seasonal analysis it is seen that droughts of 
varying severity were experienced almost every 
season within the 65-year period. In addition, total of 
droughts experienced in spring and autumn is 
relatively more than that of summer and winter 
seasons. 
If we examine the most recent example which is the 
2007 drought; severe droughts in winter were 
witnessed in this period and the spring season 
continued as moderate to severe drought. With the 
rainfall occurring in summer and autumn seasons, 
droughts were not encountered. 
 

 
Figure 3. Wet and dry periods in winter, spring, summer and 

autumn seasons in Sivas station 
 

C. ANN Implementation: 
C.1. Creation of Network Model: 
In this part of the study, all SPI values from (t-1) to 
(t-12) were compared in a way that the SPI value in 
any t moment is compared to the SPI value in (t-1) 
moment, the SPI value in (t-1) to (t-2) moment and so 
on during the creation of the network models. 
According to the results of all SPI analysis in different 
periods of Sivas station the closest proximity in results 
between input and output data were obtained from 
12-month SPI (SPI-12) data. The highest correlation 
values between the data used for the training of the 
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network were found in the network models with 3, 10 
and 8 input neurons (neural cells). And in the test data, 
the network models with 12 and 10 input neurons 
(neural cells) have the highest correlation coefficient.  
Apart from this,  as an approach to determining the 
number of neurons in an input layer followed in 
studies carried out in recent years, the correlation 
coefficient between input and output data was 
considered and it was observed that the correlation 
coefficient of the connection between decreases when 
moved further away from the t moment. Moreover, 
two different approaches were used for determining 
the hidden layer neuron numbers. For a network model 
with N number of neurons in the input layer; (N+1)/2 
and (2N+1) number of hidden layer neuron number 
were used. In other words for each input neuron 
number two different hidden (inter) layer neuron 
number was tried [30]. 
 
As a result of experiments and studies, the best 
network structure was chosen to be the one with 10 
input neurons in the input layer ((t-1)(t-2)(t-3)( 
t-4)(t-5)(t-6)( t-7)(t-8)(t-9) 
(t-10)), 6 neurons in the hidden layer and 1 output 
neuron (10_6_1) and the Feed-Forward 
Backpropagation Network (FFBPN) method was 
used. Tangent sigmoid in the hidden layer and linear 
functions in the output layer was taken as the 
activation function. The other parameters such as 
learning coefficient , momentum coefficient  and 
iteration number (epochs) were found by testing for 
each network individually. For our network model 
(10_6_1) chosen using trial and error method, learning 
coefficient, momentum coefficient and iteration 
number is found as  =0.9,  =0.7, epochs=10000. 
 
Data between years 1950 and 2006 were used in ANN 
implementation; the network model was developed 
using 75 % of this data for training and 25 % for 
testing purposes. The aim here is to estimate upcoming 
years’ values with ANN using the SPI values obtained 
from past years’ precipitation data. In order to see how 
proximate the estimation will be, the SPI values of 
2007 were not used in training and testing data. Hence 
by using the data up to 2006 as the past data the 
network model was developed and by considering 
2007’s known (measured) values as next year’s 
values, the network’s success in estimating the 
upcoming years were tested. This test, like during the 
creation phase of the network model, was repeated for 
all the network models from the one with a single 
input neuron to the one with 12 neurons and which 
model is better at estimation of the upcoming years 
was researched. In this research three different paths 
were followed and the results of the network models 
were compared. 
Approach I: In approach I, the data prior to the first 
month of 2007 were used as input data in accordance 
with the network input neuron number and the only 
output data the network found that is the value of 

2007’s first month was obtained. Then this obtained 
value was also added to input data to obtain the value 
of the next month and in this manner all the data of 
2007 was estimated sequentially. For example; in the 
network model with 6 input neurons, data for the last 
six months of 2006 were used as input to estimate the 
first month of 2007. And in the estimation of the 
second month of 2007, the estimation of 2007’s first 
month and the data of last five months of 2006. The 
process was continued in this way. In this way, the 
following months’ data were estimated using the 
estimation data. The explained method was 
implemented for all the different network models and 
compared with the data of 2007. As a result of this 
comparison, it was determined that the network 
models giving estimations most approximate to the 
actual values of 2007 are (10_6_1), (10_21_1), 
(6_13_1), (8_5_1) and (9_5_1). The actual values of 
2007 and these five networks’ estimation results are 
given in Figure 4 comparatively. 
 

 
Figure 4. The actual values of 2007 and (10_6_1), (10_21_1), 
(6_13_1), (8_5_1) and (9_5_1) network models’ estimation 

results –I 
 
All network models found very close results in the first 
three months. One of the important results is, both in 
the correlation analysis conducted to determine the 
input layer neuron number and when the results of 
training and testing data are examined, that is when the 
prior period data are analyzed, the (10_6_1) network 
determined to be the best network model gives the best 
results in estimation of the future. In addition, it was 
observed that the estimate of the first three months is 
very close to the actual value but diverges from the 
actual value in the subsequent data. The most 
important reason of this is that the estimation is made 
over estimation in this method. The estimation made 
by observing previous months is used as data in 
following month’s estimation, thus resulting in an 
escalating error and diverging more from the actual 
values in following months. 2. Approach have been 
tried to resolve this problem. 
 
Approach II: Again data prior to the first month of 
2007 was used as input data according to the network 
input neuron number and thus the only output value of 
the network that is the value of the first month of 2007 
was obtained. Then in order to estimate the value of 
the second month, first month’s actual (measured) 
value was used instead of network’s estimation data 
for the first month. Again in this manner all the data of 
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2007 was estimated sequentially. For example; in the 
estimation of the second month of 2007 in the model 
with 6 input neurons, actual (measured) values of last 
five months of 2006 and 2007’s first month were used 
as input. Similarly while estimating the value of the 
seventh month of 2007; values of the first 6 months of 
2007 were used as input in the created network model. 
In this way, the network models’ results were obtained 
and were again compared with the actual values of 
2007. Results from (10_6_1), (10_21_1), (6_13_1), 
(8_5_1) and (9_5_1) network models which were used 
in two methods were compared. Comparison of 
estimates using actual values of 2007 with actual 
values is shown in Figure 5. 
 

 
Figure 5. The actual values of 2007 and (10_6_1), (10_21_1), 
(6_13_1), (8_5_1) and (9_5_1) network models’ estimation 

results-II 
 
Here results found by the network models appear to be 
very close while as small differences are taken into 
consideration the network model giving the closest 
result to the actual values is still (10_6_1). 
Respectively; (9_5_1), (10_21_1), (6_13_1) and 
(8_5_1) network models give results close to the 
actual value with small differences. 
 
According to the results of the work done so far; it is 
seen that an idea about the upcoming years can be get 
with ANN using the data of the past years. In 
particular, quite rough estimates for the first next 3 
months can be made and later on the difference 
between the actual values and the estimated values 
obtained from network models grow. In the approach 
where the estimated data is used to estimate the 
following months, it is seen that this difference is 
greater and the ups and downs observed in the actual 
values are not captured. The reason for this is the 
escalation of error margin by the use of estimation 
data, which have a certain margin of error, as input 
again, as previously mentioned. In the second 
approach it is seen that more approximate results are 
obtained and the fluctuation of the actual values is 
captured to a certain extent. This result shows us that 
we can make predictions about next 10 months’ data 
when we use the precipitation data of the month we are 
in as input after making the necessary transformations. 
 
Approach III: Finally the network model previously 
identified as the best network with 10 input and 6 
hidden layer neurons was utilized but the neuron 

number of the output layer was altered. Using the data 
of consequent 10 months as input (10_6_2) network 
model was created and next two months’ data was 
tried to be estimated together. With (10_6_3) and 
(10_6_4) network models structured in this manner 
next consequent 3 and 4 months’ data was also 
estimated and the results were compared with the 
actual values of 2007 again in Figure 6. 
 

 
Figure 6. Comparison of actual and estimated values for 

(10_6_2) network model 
 

With this method (10_6_3) and (10_6_4) network 
models were created. Comparison of actual values and 
the output values of (10_6_3) network model is shown 
in Figure 7. In this model too, there are 10 neurons in 
the input level like in the (10_6_2) network model. 
Output level neuron number is set to 3. Thus like in the 
(10_6_2) network model 10 data between 3rd and 12th 
month of 2006 was used as input however this time 
2007’s 1st, 2nd and 3rd month’s values were 
estimated. Similarly, comparison of (10_6_4) network 
model’s estimated output values and actual values are 
shown in Figure 8. 
 

 
Figure 7. Comparison of actual and estimated values for 

(10_6_3) network model 
 

 
Figure 8. Comparison of actual and estimated values for 

(10_6_4) network model 
The basic difference of the final method from the other 
two methods is the modification in the network model. 
By changing the number of neurons in the output layer 
in the final method, it was researched if future period’s 
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data can be estimated collectively or not. Especially as 
the number of output layer neurons increase, it appears 
that the estimates diverge more from the actual values. 
In other words, (10_6_2) network model’s results are 
closer to actual values than (10_6_4) network model’s 
results. This is because; when diverged from 
consecutive known 10-month values used as input 
data, estimation becomes difficult and margin of error 
increases. 
 
CONCLUSION 
 
Turkey has the characteristics of the Mediterranean 
climate where summers are hot and dry and winters 
are mild and rainy in general, is located in the world’s 
semi-arid climates with this feature. As previously 
mentioned, across Turkey, the most severe and 
exposed drought events over large areas have occurred 
in the following years: 1953-1954, 1956, 1964, 1973, 
1977, 1984, 1989-1991, 1999-2000, 2001-2004 and 
2007-2008. In between 1994-1998, a significant lack 
of rainfall has observed in large part of Turkey except 
Eastern Anatolia Region. Right after this period, in 
between 1999-2000 and the first three months of 2001, 
a large part of Turkey have re-experienced drought 
events. Remaining below average of the rainfalls 
generally in the period after 2001 and remaining below 
long-term average in many region of Turkey as from 
the middle of 2006 and winter, spring and summer of 
2007 has triggered new meteorological drought events 
and led to the agricultural, hydrological and 
socio-economical droughts. 
In this study, while making drought analysis and 
drought prediction, Sivas Province located in the 
upper section of Kızılırmak Basin, known as one of the 
most risky river basins in Turkey, has been selected. 
For this purpose, the drought analysis part of the study, 
SPI values of monthly precipitation data of 65 years 
from 1950 and 2014 which belongs to Sivas Weather 
Station and the drought characteristics in different 
periods of time have been examined. Analysis was 
conducted in various time lengths; from 1, 3, 6-month 
short terms to 12 and 24-month long terms. In this 
way, the drought characteristics in different periods of 
time have determined by the region’s dry and wet 
periods. While going towards from short time scales to 
long time scales, decreasing drought frequency has 
seen in the conducted study. When the SPI values are 
examined on an annual basis, droughts in different 
severity are often seen in the region. While the region 
is dominated by mild and moderate droughts 
particularly, it has seen that the region has also 
affected by the droughts in Turkey. As a result of the 
examination on a seasonal basis, while there is a 
drought almost every season with different intensities, 
it is seen that the average drought intensities appear to 
be close to each other. In addition, it is a remarkable 
result that the droughts reach the highest value in 
terms of maximum intensity in spring while maximum 
drought severity and average drought duration in 

summer is lower than other seasons. It has been 
observed that the values which have been found 
according to the SPI analysis represent climate 
conditions and geographical location of the region. 
Based on the results of unifying all of the work done in 
short, medium and long terms and monitoring 
continuously with various indices, drought prediction 
concerning future periods can be made and various 
measures can be taken. In particular the drought 
severity index may shed light on the issue of 
re-determination of the priority of water structures 
foreseen to be located in the region and determination 
of drought-marshiness situation may allow 
reconsideration of the flora in the related territory. 
In drought prediction part of the study, drought 
prediction for upcoming years was made with artificial 
neural networks (ANN) method using precipitation 
data for previous years. As a result of trials and studies 
conducted with 12-month SPI values of Sivas station; 
Feed-Forward Backpropagation Network (FFBPN) 
(10_6_1) model with 10 neurons in the input layer, 6 
neurons in the hidden layer and 1 output neuron was 
chosen to be the best network structure for 
single-output layered network model. In this study, 
three different approaches were taken and the results 
found by the network were compared. While these 
approaches were explained in related sections in 
detail; in 1st approach estimations were made over 
estimations, in 2nd approach estimations were made 
over actual values and then the results of both 
approaches were compared to the actual values, and in 
the 3rd approach the success of estimations to be made 
collectively for the future was tested by changing the 
network structure. 
In the case of making estimations and then using the 
obtained estimated data to estimate the data of later 
periods (1st Approach), it was observed that the 
difference between actual and estimated values have 
grown gradually especially after the first 3 months. 
This situation is explained as the gradual growth of 
error margin with the usage of estimation data having 
a certain error margin as input. As a result of studies 
that tested the collective feasibility of future data, it is 
seen that when we use the same number of neurons in 
the input layer; as the number of output layer neurons 
increase, the difference between the course of actual 
values and the course of estimated data grows. In 
addition to this, when an accurate modeling is still 
made, it is seen that an idea regarding the future course 
of rainfall or drought condition can be obtained. The 
most important result of the study is that an idea on 
upcoming years can be obtained with ANN using the 
data from the past years. Quite approximate 
estimations can be made especially for the first next 3 
months. The further it goes, the more the difference 
between the estimated values obtained by the network 
models and the actual values but generally the course 
of the data series is captured. 
As aforementioned, there are similar studies in the 
literature, however in this study, only the SPI data of 
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previous years were used for future-oriented 
estimation studies and how approximate predictions 
can be made was researched. As a result of this study, 
it is seen that by conducting necessary analysis and 
trial and error method the accurate model and thus the 
network models that can represent SPI series can be 
created. And with utilizing these network models, it is 
deduced that approximate estimations can be made 
with regards to the future-related SPI. Based on the 
results obtained; with different network models 
created using the data such as temperature, humidity, 
evaporation, together with precipitation data, it is 
considered that more approximate estimates for the 
future can be made. 
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