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Abstract Reliable forecasting of evapotranspiration (ET)
plays a critical role in the planning and management of water
resources. Accordingly, this study aims to investigate the possibility of using autoregressive integrated moving average
(ARIMA) models to anticipate monthly reference evapotranspiration (ETo). Thus, a monthly ETo time series of 34 years
(1980–2014) is determined according to the FAO PenmanMonteith method. This time series is divided into two sets,
which are used for developing and validating the ARIMA
models. Subsequently, five tentative ARIMA models are created via the 19-year set (1980–1999). In order to reveal the
best ARIMA structure among the developed models, the
Akaike information criterion (AIC) and the Hannan-Quinn
information criterion (HQC) are computed for comparison.
The result of the comparison suggests that the ARIMA
(1,0,1) × (0,1,1)12 model is strong enough to justify the
goodness-of-fit requirements. Validation of the candidate
ARIMA model is then conducted for the 15-year set
(2000–2014). The validation result contends that there is a
reasonable agreement between forecasted and observed time
series with high coefficient of correlation (r = 0.966).
Promisingly, it can be concluded that the candidate ARIMA
model is capable of anticipating the monthly ETo under arid
climate.
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Introduction
Certainly, water is a scarce resource that will be an everincreasing problem in the future. This is due to tremendous
changes in the climate (Abu-Allaban et al. 2015). Such changes
cause variations in air temperature, relative humidity, and
solar radiation (Haskett et al. 2000) as well as they are expected to cause changes in the hydrological cycle by affecting
precipitation and evapotranspiration (ET) (Yu et al. 2013).
Therefore, any variations of the hydrological processes induced by climate change can be significantly reflected in ET
(Chen et al. 2015; Zhang and Schilling 2006). The importance
of ET in sustaining the hydrologic cycle and replenishing the
world’s freshwater resources is recognized (Katul and Novick
2009). For the practical purpose of water balance studies, there
are three steps to evaluate the implications of climatic changes
recommended by Gleick 1989. Firstly, develop the quantitative scenarios of changes in the major climatic variables, such
as temperature, precipitation, and evapotranspiration.
Secondly, simulate the hydrologic cycle for an area of interest,
using the scenarios developed in the first step. Lastly, assess
the implications of the hydrologic variations identified in the
second step for performance of such water resource systems as
dams, aqueducts, reservoirs, and groundwater recharge
basins.
In this way, ET is one of the most important components of
the hydrologic cycle. It integrates atmospheric and land surfaces, hydrology, and biological processes (Goyal 2004). The
ET is an effective indicator for hydrologic systems (Huo et al.
2013) that consumes about 60–75 % of precipitation inputs
(Zhou et al. 2008). Thus, the quantification of ET is crucial for
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researchers interested in managing water (Jhorar et al. 2011),
developing water-saving policies in irrigated areas (Qiu et al.
2015) and studying the impact of climate change on water
resources (Bormann 2011). This insistent necessity of ET
leads to extensive efforts and researches in the modeling of
its mechanism. Consequently, many scientists have proposed
and developed different methods for estimating the ET under
different climatic conditions, including Penman (1948),
Thornthwaite (1948), Makkink (1957), Turc (1961), and
Priestley and Taylor (1972); most of these methods are described
in Abtew and Melesse (2013). However, it is difficult to estimate
the reference evapotranspiration (ETo) in many areas due to the
lack of adequate measurement of meteorological factors (Zhao
et al. 2015). In the context of the lack of global validity of these
methods, the Food and Agriculture Organization of the United
Nations (FAO) adopted the FAO Penman-Monteith approach
(FAO-56 PM) as the standard method for determining ETo
(Allen et al. 1998). This is also evidenced by a study conducted
under hyper-arid environments (Alblewi et al. 2015).
The time series analysis is a theoretical explanation that
allows the development of a mathematical model to explain
systematic patterns embedded in the data. The most evident
patterns appearing in time series data are trends and seasonality (Box and Jenkins 1976; Vandaele 1983). Additionally, the
consequent time series observation depends on the previous
one (Box et al. 2008). This dependency creates relationships
between observations (Chen et al. 2009) and ensures that time
series analysis is performed steadily (Roberts 2003). In the
case of insufficient random processes (uncorrelated white
noise) in the data, then it is hard to identify these patterns
within the time series (Lange et al. 2013). Therefore, the
abstracting of autocorrelation components from the data remains a challenge in time series analysis techniques (Sentas
and Psilovikos 2010). Accordingly, monitoring, simulating,
predicting, assessing, and managing can perform (Brockwell
and Davis 2002). Recently, much effort has been dedicated to
using the stochastic models in hydrology and climatology.
One of the most extensively stochastic model used in analyzing hydrologic time series is the autoregressive integrated
moving average (ARIMA) model. The recognition of
ARIMA models in several areas is because of the flexibility
and methodical searching at every step of the development
(identifying, parameter estimating, and diagnostic checking)
for an appropriate model (Yurekli et al. 2005; Zhang 2003).
The forecasting using the ARIMA models has a favorable
advantage due to their capability in detecting the timeassociated changes in the series (Han et al. 2010).
Many scientists developed researches in light of the procedure proposed by Box and Jenkins 1976. Abebe and Foerch
2008 applied the Box and Jenkins methodology to identify a
stochastic model that describes hydrologic drought. Landeras
et al. 2009 forecasted weekly ET with autoregressive integrated moving average (ARIMA) and artificial neural network
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models. Kim et al. 2011 used the seasonal autoregressive
moving average (SARIMA) model to evaluate and predict
the temporal-spatial precipitation variability. Han et al. 2013
applied ARIMA modeling to drought forecasting using the
standardized precipitation index (SPI). Mossad and Alazba
2015 predicted drought based on the standardized precipitation evapotranspiration index (SPEI). Meshram et al. 2015
modeled weather parameters using the SARIMA model as a
viable tool for generating and forecasting of climatic parameters having inbuilt seasonal patterns. Hassan and Ansari 2015
performed a time series analysis of mean monthly river flow
data. These attempts were useful and satisfactory in hydrologic forecasting in general. Accordingly, the main objective of
the present study is to develop the stochastic models to forecast monthly ETo under arid climate, in addition to the assessment of best-fitted ARIMA structure among the developed
models in anticipating monthly ETo time series.

Material and methods
Study area and dataset description
The study area has an arid-hot climate with high temperatures
during the day and low temperatures at night. It has a very low
average annual precipitation of 101.3 mm. The data pertaining
to a meteorological station (24° 42′ 25.25″ N, 46° 43′ 7.23″ E,
and 613 m above the sea level) located at the center of the city
of Riyadh have been used in this study (Fig. 1).
Meteorological data were obtained from the Saudi
Presidency of Meteorology and Environment (PME). The data
of daily maximum and minimum temperatures, wind speed at
the height of 2 m, precipitation, daily solar radiation, and relative humidity were used in developing the ETo time series. This
time series was created according to the calculation procedure
given in FAO paper n. 56 (Allen et al. 1998). The period
considered in this study for estimating ETo was the years of
1980–2014. The ETo equation can be expressed as follows:


900
0:408 Δ ðRn −GÞ þ γ
U 2 ðes −ea Þ
T a þ 273
ETo ¼
Δ þ γ ð1 þ 0:3U 2 Þ
where ETo is the reference evapotranspiration for clipped
grass (mm day−1), Δ the slop vapor of pressure curve
(kPa °C −1 ), R n the net radiation at the crop surface
(MJ m−2 day−1), G the soil heat flux density
(MJ m−2 day−1), T the mean air temperature (°C), U2 the wind
speed at 2 m height (m s−1), es the saturation vapor pressure
(kPa), ea the actual vapor pressure (kPa), and γ the psychrometric constant (kPa °C−1).
Monthly values of the ETo time series were divided into
parts. The first part of the time series data, from 1980 to 1999,
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Fig. 1 Map of the administrative areas of Saudi Arabia with the indication of the study region and location of meteorological station (yellow star)

was used to develop stochastic models. The total number of
observations used in the model development was 240, with
sampling intervals of 1 month and seasonality length of 12.
Meanwhile, the second part of the time series data, from 2000
to 2014, was used to investigate the forecasting validity of the
developed models. Table 1 contains the basic statistics of the
monthly ETo data. The results of basic statistics analysis
revealed that both time series are homogenous and they do
not vary from the whole data series.

Table 1 Main statistical
parameters of the monthly
reference evapotranspiration time
series used in model development
and validation

Parameters

Mean (mm)
No. of observations
Standard deviation (mm)
Skewness coefficient
Kurtosis coefficient

Hydrologic time series concept
The hydrologic time series was described mathematically as a
stochastic process. The ARIMA models are the most general
and include many of the other models that describe this
process. The multiplicative ARIMA is a combination of
non-seasonal and seasonal models (Machiwal and Jha 2012;
Maidment and Djokic 2000). The general form of the
hydrologic time series was represented as follows:

Reference evapotranspiration time series
Whole data
(1980–2014)

Model development
(1980–2000)

Model validation
(2001–2014)

217.32
420
89.18
0.20
−1.24

232.98
240
82.24
−0.05
−1.23

224.03
180
86.52
0.08
−1.25
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S
∅ðBÞΦ BS ∇d ∇D
S Z t ¼ θðBÞΘ B et
where et is a normal independently distribution white noise
residual series with mean zero and variance σ2, B is the lag
operator, Φ and Θ are the autoregressive and moving average
coefficients, ∅(B) is non-seasonal autoregressive of order p,
and Φ(BS) is the seasonal autoregressive operator of order P.
The general forms of ∅(B) and Φ(BS) were introduced by the
following equation:
∅ðBÞ ¼ 1−∅1 B−∅2 B2 −∅2 B2 −⋯⋯−∅p Bp

Φ BS ¼ 1−Φ1 Bs −Φ2 B2s −Φ3 B3 −⋯⋯−Φp Bp
where θ(B) is the non-seasonal moving average of order q and
Θ(BS) is the seasonal moving average of order Q. Both
non-seasonal and seasonal parts were represented by
θðBÞ ¼ 1−θ1 B−θ2 B2 −θ2 B2 −⋯⋯−θq Bq

Θ BS ¼ 1−Θ1 Bs −Θ2 B2s −Θ3 B3s −⋯⋯−θQ BQs
Meanwhile, the ∇d and ∇D
S are the non-seasonal and
seasonal differencing operators of order d and D, respectively;
the S indicates the seasonality that equals to 12 for the
monthly ETo.

Results and discussion

Model identification
One of the basic concepts of the Box-Jenkins 1976 methodology when analyzing data is examining features of the time
series such as trend and seasonality. This can be achieved
through observing the original time series plots. The original
time series of monthly ETo data is shown in Fig. 2. This figure
demonstrates an evident seasonal component in the original
time series data, with repetition every 12 months. Therefore,
the time series could be modeled.
In addition, Fig. 2 suggests that there are no abnormal
flocculating trends in the data. The same thing is observed
by inspection of autocorrelation (ACF) and partial autocorrelation functions (PACF) for the original data (Fig. 3a, b).
These functions give more information on the behavior of
the time series (Zhang 2003). However, the first differencing transformation of monthly ETo was performed to create
a stationary time series (Hyndman and Athanasopoulos
2014). The transformed monthly ETo time series was then
used as a new time series in developing the ARIMA
models. After that, the ARIMA model structures suitable
for a transformed data series were proposed. Hence, the
ACF and PACF of the transformed data are plotted
(Fig. 3c, d). Therefore, the possible combination of tentative ARIMA models that can be considered are ARIMA
(1,0,1) × (0,1,1)12, ARIMA (1,0,1) × (0,1,2)12, ARIMA
(1,0,1) × (1,1,1)12, ARIMA (1,0,2) × (0,1,1)12, and ARIMA
(1,0,1) × (0,1,1)12 with constant.

Development of ARIMA model schemes
Model estimation
According to the methodology proposed by Box-Jenkins
(1976), there are four steps used in developing the ETo
ARIMA model schemes. These steps are model identification, model estimation, diagnostic checking, and forecasting (Box and Jenkins 1976; Mishra and Desai 2005).
In the following, there is a detailed explanation of each
step.

In this step, the method of maximum likelihood was used
in parameter estimation, as explained by Brockwell and
Davis (2002). The most parsimonious model structure
was selected through two information criteria. Thus, the
Akaike information criterion (AIC) and Hannan-Quinn information criterion (HQC) were used. The model with the

Fig. 2 Time series of observed monthly reference evapotranspiration over Riyadh region, Saudi Arabia, for the period 1980–2000
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Fig. 3 Autocorrelation function (ACF) and partial autocorrelation function (PACF) patterns for original and differenced monthly ETo time series;
a ACF, b PACF, c transformed ACF, d transformed PACF

lowest AIC and HQC was selected as the best-fitted model
(Marco et al. 2012). This is due to the model residuals
being white noise (Tu and Xu 2012). Both criterions are
defined mathematically as
AIC ¼ −2logL þ 2m
HQC ¼ −2L þ 2mloglogn
where L is the likelihood function of the ARIMA model, m is
the number of terms estimated in the model, and n is the
number of observations.

Table 2 Information criterion of tentative monthly ET ARIMA (p, d, q)
× (P, D, Q)S models
ARIMA model

ARIMA(1,0,1)
ARIMA(1,0,1)
ARIMA(1,0,1)
ARIMA(1,0,2)
ARIMA(1,0,1)

Information criterion

×
×
×
×
×

(0,1,1)12
(0,1,2)12
(1,1,1)12
(0,1,1)12
(0,1,1)12 with constant

AIC

HQC

6.20657
6.21457
6.21517
6.21852
6.21916

6.2241
6.23795
6.23855
6.24083
6.24178

Based on the results shown in Table 2, the ARIMA
(1,0,1) × (0,1,1)12 model was identified as the best-fitted
model with minimum information criteria (AIC and HQC).
The smallest AIC value has residuals, which resemble white
noise (Mishra and Desai 2005). However, this confirms the
appropriateness of the selected ARIMA model (Brockwell
and Davis 2002).
AIC Akaike information criterion, HQC Hannan-Quinn
information criterion
After selecting the best-fitted ARIMA model, the estimated values of different model terms (AR, MA, and
SMA) were studied. Table 3 summarizes the statistical
significance of the terms in the selected ARIMA model.

Table 3 Summary of statistical analysis of the candidate monthly ET
ARIMA (1, 0, 1) (0, 1, 1)12 model
Model
parameter

Estimate
value

Standard
error

t ratio

p value

AR(1)
MA(1)
SMA(1)

0.87756
0.690231
0.917403

0.0732557
0.107924
0.0163338

11.9794
6.39551
56.166

0.000000
0.000000
0.000000
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Fig. 4 Autocorrelation function (ACF) and partial autocorrelation function (PACF) of residuals for the candidate ARIMA model with 5 % significance
limits

All ARIMA model terms have p values less than 0.05.
Therefore, these terms are statistically significantly different from zero at the 95.0 % confidence level. The
p values of AR(1), MA(1), and SMA(1) are less than
0.05, so they are significantly different from 0. The
estimated standard deviation of the input white noise
equals 22.2361.
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Fig 6 Time plot comparison
between observed monthly ETo
and forecasted ETo using the
best-fitted ARIMA (1,0,1) ×
(0,1,1)12 model (validation
period, 2000–2014)

that validates the model. It tests the assumptions for the residuals. Hence, many validation plots are investigated to check if
the residuals correlate to white noise or not. These plots can be
summarized as follows: ACF and PACF of residuals, histogram of residuals, normal probability of residuals, and residuals vis-à-vis forecasted values.
Figure 4a, b depicts the estimated ACF and PACF of residuals for the candidate model at various numbers of lags with
95 % probability. As noted, most of the ACF and PACF values
are not significantly different from zero within confidence
limits. Therefore, no significant correlation was found
between residuals.
Additionally, residual plots in Fig. 5 examine the adequacy of the candidate ARIMA (1,0,1) × (0,1,1)12 model.
Figure 5a appeared as a straight line for the residual; this
was likely due to the normality assumptions of the residuals. Only a few points were lying away from the straight
line, which implied a distribution with outliers. The histogram of the residuals shown in Fig. 5b follows the normal
distribution that signifies residuals to be white noise.
Figure 5c demonstrates that the residual values are normally distributed around the mean. Likewise, Fig. 5d shows
the residual values of the differences between the observed
and forecasted values at different observation orders.
These values are fluctuating around zero, which indicates
the goodness of fit of the candidate ARIMA model.

Forecasting using the candidate ARIMA model
The forecasting was done at a lead time of 1-month using the
candidate ARIMA (1,0,1) × (0,1,1)12 model. The monthly
ETo time series from 2000 to 2014 was used to compare the
observed and forecasted values. The relationship between the
observed and forecasted data using the selected ARIMA
(1,0,1) × (0,1,1)12 model is shown in Fig. 6. The comparison
of the basic statistical properties of the observed and forecasted time series is presented in Table 4. The Zcalculated value of
the mean was less than Zcritical tabular values (±1.96 for two
tails at a significance level of 5 %). Similarly, the Fcalculated
value of standard deviation was less than Fcritical tabular value
(±1.280 for one tail at a significance level of 5 %). Therefore,
there is no significant difference between the mean and standard deviation values of the observed and forecasted data.
Figure 7 confirms this good agreement correlation between
the observed and forecasted data with Pearson’s r = 0.966.

Table 4 Comparison of the basic statistical properties of the data used
in the validation and forecasted data from the best-fitted ARIMA model

Mean
Variance
Observations
Fcalculated < Fcritical one-tail
|Zcalculated| < Zcritical two tail

Observed

Forecasted

232.983
6762.828
180
1.099 < 1.280
0.366 < 1.960

229.733
7433.660
180
Fig. 7 Dispersion diagram of observed monthly ETo versus forecasted
monthly ETo using the best-fitted ARIMA (1,0,1) × (0,1,1)12 model
(validation period, 2000–2014)
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Conclusions
The forecasting of ET in hyper-arid climates contributes to our
understanding of what is likely to continue and what could
possibly change in the hydrologic cycle. Therefore, this study
focused on the possibility of forecasting the monthly reference
evapotranspiration (ETo) using the Box-Jenkins (1976) methodology of stochastic modeling. Accordingly, five ARIMA
model structures have been proposed using different correlation methods (ACF and PACF). The best ARIMA model
structure was selected according to the information criteria
(AIC and HQC). The most parsimonious ARIMA model that
has a lower value of AIC and HQC is an ARIMA (1,0,1) ×
(0,1,1)12 model. All candidate ARIMA model terms (AR(1),
MA(1), and SMA(1)) had p values less than 0.05, which were
significantly different from zero. Hence, this ARIMA model
structure was used to generate a forecasted time series. There
was no statistical difference between the observed and forecasted monthly ETo time series. Moreover, the coefficient of
correlation between both the observed and the forecasted time
series was high. These results are promising, and the proposed
ARIMA model structure could be considered for forecasting
of monthly ETo time series under arid conditions.
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