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Abstract
Precipitation regimes that change with global warming and climate changes affect the countries in environmental, economic, and
social dimensions. The Marmara region is an important region located in the northwest of Turkey. The impact of economic,
environmental, and social dimensions in the region is high. For this reason, the Marmara region is in a situation that can be
affected more by climate change and drought. Precipitation forecasting is the first step for the management of agricultural
planning, flood controls, and use of drinking water resources. Time series analysis is an important statistics tool that allows
forecasting the amount of future precipitation based on the historical data analysis. Autoregressive Moving Average (ARMA),
Autoregressive Integrated Moving Average (ARIMA), and Seasonal Autoregressive Integrated Moving Average (SARIMA)
models are the most common statistical methods used to estimate precipitation based on time series. The ARMA, ARIMA, and
SARIMA models are based on the assumption that past conditions will remain the same in the future. In this study, precipitation
for the 9 cities in Turkey’s Marmara region is examined based on the 51-year (1969–2019) historical data and the ARMA,
ARIMA, and SARIMA models are used to predict the precipitation in the next 60 months (up to 2024). While determining the
model, the lowest AIC (Akaike information criterion) and AICc (corrected Akaike information criterion) are preferred and,
generally, the AICc value is used to select the prediction model. After, the forecast measure errors of the models are checked
with mean absolute error (MAE), root mean squared error (RMSE), and mean absolute scaled error (MASE) indicators. Finally,
the ARIMA model is chosen as the most suitable model with the lowest estimation error.
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Introduction

Water sources are one of the important natural resources (Chan
2012; Tan et al. 2017). In the last centuries, significant changes
and developments have arisen in the world (Kandemir and
Ozbay 2013). Rainfall is an important parameter to adjust the
condition of the climate system and has a high potential that
affects the environment. Precipitation is a discontinuous climate
parameter associated with different forms (Wang et al. 2017).

Climate change has been an important concern for people
as it influences their livelihood and living environments to a

significant extent. Due to its risks and effects, many studies
have been conducted to climate change and the ways to mit-
igate its impacts. According to the results, it is predicted that
the temperature will rise and precipitation will bemore intense
and less (Strauch et al. 2015; Kristo et al. 2017).

Coastal areas are among the most significant natural for-
mations andmore than a one of third of the people in the world
live here (Solomon et al. 2007). These areas are affected at
bigger risk from present and probable climate change and
weather extreme events. The mean temperature has exposed
a 0.85 °C rise over the last century (Toros et al. 2019). One of
the coastal regions of Turkey is the Marmara region. The
Marmara region covers 40% of the Turkey’s population that
manufacturing, commerce, and cultivation are the main eco-
nomic resources for the region. The regions’ air is intensely
affected by unplanned urbanization and building of high con-
structions (Kahya et al. 2017).

Forecasting methods are often used in positive science.
Some models have been developed (Uzun and Yaylı 2020).
In the literature, besides the fields such as sales and produc-
tion, forecasting methods are used even in basic sciences and
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materials science (Hong et al. 2020; Arslankaya 2020a;
Arslankaya 2020b). Some studies in which forecasting
methods have been applied for meteorological data in recent
years are given below.

Dimri et al. (2020) investigated the seasonal analysis of
monthly average minimum and maximum temperatures and
precipitation for the Bhagirathi river basin in Uttarakhand
state of India. For this purpose, they used 100 years of precip-
itation data. In addition to time series analysis, they tested the
compatibility between methods using the Seasonal
Autoregressive Integrated Moving Average (SARIMA) mod-
el (Dimri et al. 2020). Zeydalinejad et al. (2020) predicted the
climate variables of Lali region in southwestern Iran. They
used Artificial Neural Networks (ANN) as a forecasting meth-
od (Zeydalinejad et al. 2020). Praveen et al. (2020) analyzed
and predicted the changes in precipitation using space data
from 1901 to 2015 in India. For this purpose, they used
Mann-Kendall (MK) test and Sen’s innovative trend analysis.
Artificial Neural Network-Multilayer Sensor (ANN-MLP)
was used to predict precipitation for the next 15 years
(Praveen et al. 2020). Achour et al. (2020) conducted a
drought analysis using the Standardized Precipitation Index
(SPI) for the northwestern region of Algeria. Drought predic-
tion has been made with Artificial Neural Networks (ANN).
The success of the methodwas tested using root mean squared
error (RMSE) and mean absolute error (MAE) criteria
(Achour et al. 2020). Khan et al. (2020) proposed a new hy-
brid model to predict future drought in their studies. The pro-
posed model includes wavelet transform, Autoregressive
Integrated Moving Average (ARIMA), and ANN. In the
study, rainfall data of 30 years from 1986 to 2016 were ana-
lyzed for the Langat River Basin of Malaysia (Khan et al.
2020).

There are many studies in the literature comparing models
created for fields such as physics, basic mathematical sci-
ences, and nanotechnology according to different criteria
(Yaylı et al. 2016). The importance of this study is to be able
to predict precipitation for preventive plans that can be devel-
oped for global warming and climate change problems and to
reveal the most suitable forecasting methods that can be used.

Time series analysis is a significant tool that allows fore-
casting the amount of future precipitation. In this paper, pre-
cipitation for the Marmara region (Turkey) is examined based
on the 51-year historical data and to predict the precipitation in
the next 60 months. For this purpose, the methodology of
forecasting methods used in the study is given in the
“Materials and methods” section of the study. Equations and
parameters used in the methods are defined in this section. The
performance evaluation criteria used to evaluate the forecast-
ing methods are summarized. The results obtained by apply-
ing the forecasting methods to the 51-year average precipita-
tion values in the Marmara region are included in the “Results
and discussions” section of the study. In the study, it is aimed

to propose the most advantageous method for estimation ac-
cording to the calculated values of performance evaluation
criteria. The ARIMAmethod, one of the forecasting methods,
has been obtained as an advantageous method in terms of
estimation success. Discussion takes place in the
“Conclusion” section of the study.

Materials and methods

Study area

Marmara region, in northwest Turkey, is situated around
the Sea of Marmara. Economic and social care from
Turkey, which is the most developed region in Marmara
region, is hosting a population of 25 million (https://www.
icisleri.gov.tr/). There are 11 provinces in the Marmara
region. Istanbul is one of the most important industrial
and commercial centers of Turkey. The Thrace basin of
the Marmara region has suitable lands for agriculture as
well as for industry. Agriculture and animal husbandry
are the livelihoods of this region. The Marmara region
has also developed in the tourism sector with its natural
and his tor ica l beaut ies . Whi le Çata lca Kocae l i
Department, including Istanbul, has been developed in
terms of industry-service sectors, South Marmara and
Ergene departments are the departments where agricultural
activities for the market have developed as well as these
sectors. Therefore, the rainfall conditions that may occur
due to changes in both global warming and climate change
may adversely affect Turkey in terms of both economic
and social. In this study, located in Marmara region,
long-term precipitation data (1969–2019) received from
Kırklareli, Edirne, Tekirdağ, Istanbul, Kocaeli, Sakarya,
Bilecik, Bursa, Yalova, Balıkesir, and Çanakkale meteo-
rology stations were evaluated, and future rainfall amount
estimations were made. Precipitation forecasting is impor-
tant for water planning to meet the agricultural irrigation
and consequently the food demand in the Marmara region,
where the urban population density is high (Fig. 1).

Time series models

Generally, predictionmodels can have different forms for time
series models. Many time series modeling is done on a linear
basis (Mirzavand and Ghazavi 2015). The Autoregressive
Moving Average (ARMA), Autoregressive Integrated
Moving Average (ARIMA), and Seasonal Autoregressive
Integrated Moving Average (SARIMA) estimation models
are used in this study. After, the forecasting models are tested
with MAE, RMSE, and mean absolute scaled error (MASE)
model evaluation criteria.
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Autoregressive Moving Average models

ARMA model stands for Autoregressive Moving Average
model. The method is also called the Box-Jenkins method
as developed by George Box and Gwilym Jenkins in 1976
(Nugroho and Simanjuntak 2014). It basically consists of
a combination of autoregressive (AR) and moving aver-
age (MA) models (Bang et al. 2019).

The ARMA models consider the error term to predict fu-
ture conditions based on previous data (Babu and Reddy
2014; Wagena et al. 2020). It is one of the statistical models
used in precipitation estimation (Collischonn et al. 2007; Liu
and Han 2012; Duangdai and Likasiri 2017).

An ARMA (p, q) model can also be represented by its total
notation as in Eq. (1) (Dastorani et al. 2016).

x tð Þ ¼ δ þ ∑p
i¼1θix t−1ð Þ þ ∑q

j¼1φ je t−1ð Þ þ e tð Þ ð1Þ

where δ is the stationary part of the ARMAmodel; θi points
out the autoregressive coefficient; e(t) is the error term; φj is
the jth moving average coefficient; it shows the error part at
time period t; and x(t) refers the value of precipitation ob-
served or predicted at time period t (Behnia and Rezaeian
2015).

Autoregressive Integrated Moving Averages models

ARIMA is an Autoregressive Integrated Moving
Averages model put forward by Box et al. (1970)
(Dawood et al. 2020). The ARIMA model, one of the
Box and Jenkins methods, includes the approaches to
identify, fit, and control single variable models (Lu and
AbouRizk 2009; Balasmeh et al. 2019). The ARIMA
model is an important statistical approach in forecasting
and analyzing time series data related to precipitation
(Wang et al. 2014; Balibey and Turkyilmaz 2015; Klaus
et al. 2015; Feng et al. 2016).

In practice, the ARMA is considered as ARIMA with-
out the need for an ARMA differentiation process for
fixed serialization. That is, the ARMA model can be writ-
ten as ARIMA (p, d, q) which is more common where p is
the order of the autoregressive process, q is the order of
the moving average process, and d is the differentiation
process in the case of ARMA being 0, so ARMA models
are often written as ARIMA (p, 0, q) (Nugroho and
Simanjuntak 2014).

In general, the ARIMA model for time series data
can be modeled as ARIMA (p, d, q) and is expressed
as Eq. (2).

Fig. 1 Map of Marmara region
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x tð Þ ¼ δþφ 1ð Þx t−1ð Þ þφ 2ð Þx t−2ð Þ þφ 3ð Þx t−3ð Þ
…þφ pð Þx t−pð Þþe tð Þ− θ 1ð Þe t−1ð Þ
− θ 2ð Þe t−2ð Þ− θ 3ð Þe t−3ð Þ…− θ qð Þe t−qð Þ

ð2Þ

where δ is the stationary part of the ARIMAmodel, x(t) and
e(t) are the actual time series and white noise (error), and φ
and θ are the model parameters, where it is distributed with
mean zero and constant variance (Balasmeh et al. 2019).

Seasonal Autoregressive Integrated Moving Average models

The SARIMA model reflecting the feature of seasonal varia-
tion in time series can be divided into a simple model and
multiple models (Wang et al. 2013). Since it is seasonally
based, the SARIMA model has been used in most studies
for precipitation estimation (Wang et al. 2013; Han et al.
2013; Park et al. 2018; Parviz and Rasouli 2019).

The SARIMAmodel notation is written as SARIMA (p, d,
q) x (P,D,Q)s. The general form of multiplicative seasonal
model SARIMA (p, d, q) x (P,D,Q)s is given by Eq. (3)
(Murthy et al. 2018).

ð3Þ
where at is the nonstationary time series and it is the usual
Gaussian white noise process; s is the period of the time
series; B is the backshift operator; Фp (Bs) is the seasonal
autoregressive operator of order P; Фp (B) is the regular
autoregressive operator of order p; Q(Bs) is the seasonal mov-
ing average operator of order Q; and (B) is the regular
moving average operator of order q (Chang et al. 2012;
Murthy et al. 2018).

Model performance criteria

Performance efficiency of prediction models can be evaluated
using model insides such as MAE, RMSE, and MASE
(Mohanasundaram et al. 2017). In this study, evaluation indi-
cators MAE, RMSE, and MASE are determined to measure
the performance of the prediction models. In addition, Akaike
information criterion (AIC) was used as estimator of out-of-
sample prediction error and thereby relative quality of statis-
tical models for a given set of data.

Root mean squared error RMSE is a measure of the deviation
between the model’s estimated values and actual values
(Todorovski and Džeroski 2003). In general, high RMSE val-
ue indicates low performance. However, comparisons on dif-
ferent plot values have no validity (Wang et al. 2019). Thus,
RMSE can be expressed as Eq. (4).

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

n
∑n

i¼1 yt′−ytð Þ2
r

ð4Þ

where y
0
t is the predicted value, yt is the actual observed value,

and n is the quantity of observations.

Mean absolute scaled errorMASE scales the absolute average
error regardless of the scale of the data. If a proportional error
is derived from a prediction that is better than that for the
average one-step baseline prediction, then the proportional
error is less than 1; otherwise, the value is greater than 1.
The MASE is expressed as Eq. (5) (Wang et al. 2019).

MASE ¼ mean qj

�

�

�

�

� �

ð5Þ

The qj formulation in the equation is given in Eq. (6).

qj ¼
e j

1

T−m
∑T

t−mþ1 yt−yt−mj j
ð6Þ

where ej is the difference between the predicted value and the
actual value at time j, yt is the actual value at time t, m is the
seasonal period, and yt −mis the actual value at time t −m
(Wang et al. 2019).

Mean absolute error MAE is obtained by dividing the total
error absolute value by the quantity of observations. In gener-
al, high MAE value indicates low performance. MAE can be
expressed as Eq. (7) (Bruster-Flores et al. 2019).

MAE ¼ 1

n
∑n

I¼1 yt′−ytj j ð7Þ

where y
0
t is the predicted value, yt is the actual observed value,

and n is the quantity of observations.

Akaike’s information criterion Akaike information criterion
(AIC) ensures the best distribution in a particular set of distri-
butions by relative comparisons with one another. AIC’s for-
mulation is given Eq. (8).

AIC ¼ 2k−2:ln Lð Þ ð8Þ

where k is the number of parameters of a probability distribu-
tion and L is the maximized value of the likelihood function
for the distribution (Monish and Rehana 2020).

AIC can be expressed in another notation as in Eq. (9).

AIC ¼ Tlog
SSE
T

� �

þ 2 k þ 2ð Þ ð9Þ
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T is the number of observations used for prediction and k is
the number of predictors in the model. The k + 2 part of the
equation represents the k + 2 parameters in the model.

The purpose of the calculation of the mentioned criterion is to
punish the fit of the model with the number of parameters to be
estimated. The model with the smallest AIC value usually points
to the best model for prediction. Minimizing the AIC for large T
values is equivalent to minimizing the cross-validation (CV) val-
ue that defines the predictive ability of the model.

According to these definitions, AIC can be expressed in
Eq. (10).

AIC ¼ −2log Lð Þ þ 2 pþ qþ k þ 1ð Þ ð10Þ

L is the likelihood of data. If c ≠ 0, then k = 1, and if c = 0 ,
then k = 0.

Corrected Akaike’s information criterion For small T values,
AIC tends to choose too many predictors, so a bias-corrected
version of AIC has been developed. Formulation of AICc can
be expressed in Eq. (11).

AICc ¼ AIC þ 2 k þ 2ð Þ k þ 3ð Þ
T−k−3

ð11Þ

As with AIC, the lowest AICc value indicates the best
model. The last term in parentheses refers to the number of
parameters in the model. Equation notation can be generated
as Eq. (12).

AICc ¼ AIC þ 2 pþ qþ k þ 1ð Þ pþ qþ k þ 2ð Þ
T−p−q−k−2

ð12Þ

Information criteria tend to be a good guideline for choosing
only the p and q values, not for choosing the appropriate order
of difference for a model. This is because these information
criteria change the data that calculates the probability of differ-
ence and cannot compare AIC values between different ordered
models. Therefore, a different approach should be used to de-
termine d, and then AICc should be used to select p and q.

Results and discussions

In this section, the approaches used in modeling time series
are evaluated. Precipitation for the 9 cities in Marmara region
is examined and the precipitation in the next 60 months is
predicted. After, the created models are tested with RMSE,
MASE, and MAE forecasting accuracy tools.

Firstly, the ARMA model is used in the forecasting step.
AICc values for the alternative ARMA (p, q) model are includ-
ed in Table 1. The ARMA (2, 2) model with the lowest AICc

value (5897.99) is chosen as the most suitable model.
Autocorrelation Function (ACF) plot is merely a bar chart of

Table 1 AICc values for an alternative ARMA (p, q) model

AICc MA0 MA1 MA2 MA3 MA4 MA5

AR0 6064.98 6032.83 6026.4 6028.38 6029.83 6018.61

AR1 6027.56 6029.22 6028.4 6016.45 6015.12 6010.32

AR2 6028.92 6029.43 5897.99 5900.43 5902.48 5899.94

AR3 6025.57 6002.43 5899.67 5902.12 5903.91 5904.97

Fig. 2 a The time plot of the ARMA model series. b The ACF plot of the residuals from the ARMA (2,2) model. (c) The distribution of residuals from
the ARMA (2,2) model
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the coefficients of correlation between a time series and lags of
itself. The results of the ARMA (2, 2) graphs are given in Fig.
2. Figure 2a is the plots of series. This plot shows some sudden
changes. It can be seen from Fig. 2a that there were some
particularly changes in precipitation amounts in the early
2000s and 2010s. Figure 2b shows that all autocorrelations
are within the threshold limits, indicating that the residuals
are behaving like white noise. Figure 2c is obtained from
portmanteau test, and the portmanteau test returns a large p
value, also suggesting that the residuals are white noise.

The (p, d, q) combination that gives the lowest AICc value
is searched to obtain the most suitable ARIMA model.
Simulations show that high d values cause to increase the
AICc values. The AICc values of the combinations based on
(p, 1, q) are shown in Table 2. In this study, the ARIMA (5, 1,
3) model with the lowest AICc value (5897.16) is preferred as
the most suitable model.

The results of the ARIMA (5, 1, 3) graphs are given in Fig.
3. Figure 3a is the plots of model series. This plot shows some

sudden changes. It can be seen from the figure that there were
some particularly changes in precipitation amounts in the ear-
ly 1980s, 2000s, and 2010s. Figure 3b shows that all autocor-
relations are within the threshold limits, indicating that the
residuals are behaving like white noise. Figure 3c is obtained
from portmanteau test, and the portmanteau test returns a large
p value, also suggesting that the residuals are white noise.

The ARIMA (5, 1, 3) model has a large p value (0.1331)
than the AR (1), MA (1) , and ARMA (2, 2) models. If all the
autocorrelation values are within the limits (blue dashed lines)
in ACF plot, it indicates that the residuals behave like white
noise. ACF plot of residuals also shows that the residuals are
partially in the blue dashed lines.

The seasonal ARIMA model is created by adding seasonal
terms to the ARIMA models. The (p, d, q)(P,D,Q)[s] combi-
nation that gives the lowest AICc value is searched to obtain
the most suitable SARIMA model. The evaluation is carried
out by observing the change of other parameters according to
constant d and D values. The SARIMA models are sorted by
AICc values and the model with the lowest AIC value is cho-
sen as the most suitable model. The SARIMA (0,1,2) (5,2,1)
[12] model that has the lowest AICc value (5639.488) is pre-
ferred as the most suitable model. The AICc values of the
combinations based on (p, d, q) (P, D, Q) are shown in
Table 3.

The results of the SARIMA (0, 1, 2) (5, 2, 1) [12] graphs
are given in Fig. 4. Figure 4a is the plots of series. This plot
shows some sudden changes. It can be seen from the figure
that there were some particular changes in precipitation
amounts in the 1975s, 1995s, and early 2010s. Figure 4b
shows that all autocorrelations are within the threshold limits,

Table 2 AICc values for an alternative ARMA (p,1,q) model

AICc MA0 MA1 MA2 MA3 MA4 MA5

AR0 6300.63 6062.49 6030 6023.37 6025.37 6026.97

AR1 6198.82 6024.56 6026.18 6025.38 6014.29 6012.91

AR2 6178.53 6025.85 6026.37 6027.45 6029.46 6018.14

AR3 6163.29 6022.69 6029.13 6026.26 5900.57 5903.15

AR4 6159.59 6019.52 5997.11 6004.19 5903.32 5904.35

AR5 6152.42 6005.69 5989.42 5897.16 5902.69 5905.09

Fig. 3 a The time plot of the ARIMAmodel series. b The ACF plot of the residuals from the ARIMA (5,1,3) model. c The distribution of residuals from
the ARIMA (5,1,3) model

86    Page 6 of 10 Arab J Geosci (2021) 14: 86



indicating that the residuals are behaving like white noise.
Figure 4c is obtained from portmanteau test, and the portman-
teau test returns a large p value, also suggesting that the resid-
uals are white noise.

The SARIMA (0,1,2) (5,2,1) [12] model has the largest p
value (0.6807) among all models. All autocorrelation values
are within the limits in ACF plot that means the residuals
behave like white noise. The estimated values obtained from
the ARMA (2,2), ARIMA (5,1,3), and SARIMA (0,1,2)
(5,2,1) [12] models with a prediction interval of 80% and
95% for 2020–2024 are shown in Fig. 5a, b, and c which show
graph of estimated precipitation values, respectively.

Future forecasts have a generally similar view as in
Fig. 5. Seasonal effects are observed in the SARIMA
model. Models that are like each other are suitable as a
prediction algorithm, but the models that can give the best

results can be reached with model evaluation criteria.
MAE, RMSE, and MASE are calculated from the success
evaluation criteria according to the estimation results ob-
tained with the forecasting models. These values are given
in Table 4.

The MAE, RMSE, and MASE values obtained with the
ARMA (2,2) model are calculated as 23.3117, 29.4888, and
0.7542, respectively. These values of criteria obtained with
the ARIMA (5,1,3) model are calculated as 23.0641,
29.4330, and 0.7417, respectively. These values of criteria
obtained with the SARIMA (0,1,2) (5,2,1) [12] model are
calculated as 23.1118, 30.6224, and 0.7417, respectively. As
can be seen, close results are obtained from each performance
criteria according to the forecasting methods. The methods
give extremely sensitive results. The similarity in the forecast-
ing algorithms is an important reason for this situation. For the

Table 3 AICc values for an
alternative SARIMA model Models AICc Models AICc

ARIMA (0,1,2) (5,2,1) [12] 5639.488 ARIMA (0,0,0) (0,1,1) [12] 5727.524

ARIMA (0,1,1) (5,2,1) [12] 5640.895 ARIMA (0,0,0) (0,1,2) [12] 5728.914

ARIMA (0,1,3) (5,2,1) [12] 5641.312 ARIMA (0,1,1) (1,1,2) [12] 5730.433

ARIMA (0,1,2) (4,2,1) [12] 5685.766 ARIMA (0,1,1) (1,1,1) [12] 5731.642

ARIMA (0,1,1) (4,2,1) [12] 5688.6 ARIMA (0,1,1) (1,1,3) [12] 5732.359

ARIMA (0,0,0) (1,1,1) [12] 5719.816 ARIMA (0,1,2) (1,1,2) [12] 5732.37

ARIMA (0,0,0) (2,1,1) [12] 5720.602 ARIMA (0,1,1) (2,1,2) [12] 5742.982

ARIMA (0,0,1) (1,1,1) [12] 5721.567 ARIMA (1,1,1) (1,1,2) [12] 5743.668

ARIMA (1,0,0) (1,1,1) [12] 5722.019 ARIMA (0,1,1) (0,1,1) [12] 5744.766

ARIMA (4,2,2) (2,1,2) [12] 5723.765 ARIMA (0,1,1) (0,1,2) [12] 5746.577

Fig. 4 a The time plot of the SARIMAmodel series. b The ACF plot of the residuals from the SARIMA (0,1,2) (5,2,1) [12] model. c The distribution of
residuals from the SARIMA (0,1,2) (5,2,1) [12] model
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decision-makers, the forecasting method that can minimize
the MAE, RMSE, and MASE values is considered successful.
According to the obtained values in Table 4, the ARIMA
(5,1,3) model can be evaluated as the best model in terms of
MAE, RMSE, and MASE criteria. The SARIMA (0,1,2)
(5,2,1) [12] model has a similar performance to the ARIMA
(5,1,3) model in terms of the MASE criterion. In this context,
the SARIMA (0,1,2) (5,2,1) [12] model is the closest

alternative to the ARIMA (5,1,3) model in terms of the con-
venience of the forecasting methods.

Table 4 shows that forecasting models give very close re-
sults in terms of model performance criteria. According to the
obtained values, the ARIMA (5, 1, 3) model can be evaluated
as the best model in terms of MAE, RMSE, and MASE
criteria. The SARIMA model has a similar performance to
the ARIMA model in terms of the MASE criterion.

Fig. 5 aGraph of estimation values obtained from the ARMA (2,2) model. bGraph of estimation values obtained from ARIMA (5,1,3) model. cGraph
of estimation values obtained from SARIMA (0,1,2) (5,2,1) [12] model
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Conclusion

TheMarmara region is the most densely populated and urban-
ized region in Turkey. This socio-spatial concentration in the
region is influenced by agricultural development in addition to
highly developed industrial and service sector. It is important
to make low error precipitation forecast in planning the water
demanded in the urban population’s drinking, usage, and in-
dustrial production. More importantly, low error precipitation
forecast should be made in planning the water needed by the
agricultural sector in food production. Global warming, which
occurs as a result of intense economic activities, and the
resulting climate change make it difficult to make precipita-
tion forecast for long term as it causes extreme weather events.
These critical reasons increase the importance of determining
prospective precipitation forecast models.

In this study, the ARMA, ARIMA, and SARIMAmethods
are used to predict precipitation in Marmara region of Turkey.
Precipitation forecasts for the next 60 months have been ob-
tained with forecasting methods and a graphic representation
has been presented. The similar results of model evaluation
criteria indicate that the methods are sensitive, and the algo-
rithm structures are similar. In this study, calculated values of
MAE, RMSE, and MASE model performance criteria are
compared for estimation methods. Among the ARMA,
ARIMA, and SARIMA methods, the most favorable results
were achieved with the ARIMA method. Since model evalu-
ation criteria give better results, the Autoregressive Integrated
Moving Average (ARIMA) model is determined as the most
suitable precipitation forecast model for the next 60 months
(between 2020–2024). The ARIMA model is one of the time
series models that consider seasonality as an integral part of
the modeling strategy. In this approach, seasonality is
modeled by taking into account the statistical properties of
the data.

In future studies, besides the precipitation parameter, dif-
ferent parameters such as solar radiation, air pollution, amount
of snow, and global warming indicators can be included in the
analysis. Relationships between variables can be determined
by various statistical methods. Time series analysis can be
done with similar estimation methods. Estimation methods
can be used as hybrid and different model evaluation criteria
can be suggested for the success of the prediction model.
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