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Abstract 

 

Forecasting future water demand is essential for sustainable water management. 

Nowadays, the importance of forecasting water demand is increasing as managing 

water demand is more emphasized than managing water supply. Domestic water 

forecasting is especially becoming more critical as it is directly affected by 

population and urbanization. Also, with changing weather patterns due to climate 

change, the monthly water supply is changing. Therefore, accurate water demand 

forecasting considering climate change is important for water management 

planning. 

This study predicted future domestic water demand using time series models 

considering the impacts of climate change. Municipalities with high population 

density, Seoul, Busan, and Daejeon were selected as the study sites. To account for 

monthly variation in water supply, domestic water demand was predicted in 

monthly timescale. To consider the population variation of each municipality, 

monthly water demand per capita was used. Also, impacts of climate change were 

considered through the ARIMAX model which controls climate factors as 

independent variables, and the forecasting results were compared to the results of 

the ARIMA model. 

Seasonal ARIMA models were built for each study site, and future domestic water 

demand was predicted up to 2020s. The observed data of 2016 and 2017 were used 

as test sets and were compared to the prediction. The water demand forecasting of 

Seoul and Busan were close to the observed values. Daejeon, however, had a peak 

on May 2017 that the model could not predict. 

Before building ARIMAX model that consists of climate factors (average 

temperature, maximum temperature, precipitation, humidity, wind speed, solar 



radiation) as independent variables, Granger causality between the factors and 

water demand was tested. ARIMAX model was developed using the climate 

variables that have Granger causality with the dependent variable, and future water 

demand was predicted using the model. 

The RMSE of ARIMA models and ARIMAX models were compared. The results 

showed the model accuracy of ARIMAX models were higher than the ARIMA 

model accuracy. It indicated that the model accounting for climate factors in 

predicting future water demand performed better than the model that only 

accounted for the past data. 

This study forecasted future monthly domestic water demand using time series 

models and accounted for the impacts of climate factors. The results of this study 

can be attributed to sustainable water management planning considering climate 

change. 
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요약(국문초록) 

 

 미래 용수 수요량 예측은 지속가능한 수자원 관리 계획을 위하여 필

요하며 그 중요성이 강조되어 왔다. 특히 수자원 관리에서 용수의 공급

량보다 수요량 관리의 중요성이 증가하면서 정확한 수요량 예측의 필

요성이 증가하고 있다. 특히 생활용수 수요량의 경우 가장 큰 영향을 

미치는 요소가 인구인 만큼 도시화가 진행됨에 따라 미래 생활용수 수

요 예측의 중요성이 증가하고 있다. 또한 기후변화로 인하여 강우 패턴

이 변화하고, 용수 공급량의 월별 차이가 증가함에 따라 정확한 수요량 

예측을 통해 미래 수요량에 대비하여야 한다. 

 본 연구에서는 기후변화의 영향을 고려한 미래 생활용수 수요량을 시

계열 모형을 이용하여 예측하였다. 이를 위하여 많은 인구가 분포하는 

대도시 중 서울, 부산, 대전을 대상지로 선정하였다. 기후변화로 인한 

월별 용수 공급량의 변화에 대처하기 위하여 월별 생활용수 수요량을 

예측하였으며, 대상지 별 인구의 차이를 고려하기 위하여 수요량을 인

구로 나눈 1인 월별 수요량을 이용하였다. 또한 기후 요인이 생활용수 

수요량에 미치는 영향을 고려하기 위하여 외생 변수를 독립변수로 하

는 ARIMAX 모형을 추가적으로 활용하여 ARIMA 모형과 예측 결과를 

비교하였다. 

 연구 결과 월별 수요량을 가장 잘 예측하는 seasonal ARIMA 모형이 

대상지 별로 각각 선정되었으며, 이를 이용하여 2020년대까지의 수요

량을 예측하였다. 2016년과 2017년 관측 자료를 예측 값과 비교한 결

과 서울, 부산의 예측 결과는 관측 자료와 유사하게 도출되었다. 대전



은 2017년 5월 생활용수 수요량의 갑작스러운 증가로 인하여 다른 두 

도시에 비하여 예측력이 낮게 도출되었다. 

 외생 변수를 포함하는 ARIMAX 모형의 선정에 앞서 기후 요인(평균 

온도, 최고 온도, 강수량, 상대 습도, 평균 풍속, 일사량)과 각 지역의 

생활용수 수요량과의 상관관계를 도출하였다. 대상지 별 높은 상관관계

를 갖는 기후 요인을 독립변수로 갖는 ARIMAX 모형을 도출하였으며, 

이를 이용하여 미래 생활용수 수요량을 예측하였다. 

 ARIMA와 ARIMAX 모형을 이용한 예측 결과의 RMSE를 비교한 결

과 ARIMAX의 모형 예측력이 모든 대상지에서 ARIMA에 비해 높게 

나타났으며, 이를 통하여 기후 요인을 고려한 모형이 기후 요인을 고려

하지 않는 모형보다 미래 생활용수 수요량을 더욱 정확하게 예측할 수 

있음을 알 수 있었다. 

 본 연구는 시계열 모형을 활용하여 1년 단위가 아닌 월별 생활용수 

수요량을 예측하고, 기후 요인을 추가적으로 고려하였다는 의의를 갖는

다. 본 연구의 결과는 미래 기후변화 영향을 고려한 지속가능한 수자원 

관리 계획에 도움을 줄 수 있을 것으로 판단된다. 

 

주요어 : ARIMA, ARIMAX, 시계열 분석, 월별 용수 수요량 예측, 기후 

요인 

학  번 : 2017-28471 
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1. Introduction 

With increasing, extreme drought events under the influence of climate change 

(Mishra and Singh 2010; Palmer and Raisanen 2002) and growing urban 

population, municipal water has become a more significant concern (Bates et al., 

2008; Chang et al., 2014). Nowadays, managing water demand is becoming more 

critical than managing water supply because it is more convenient to control water 

demand than water supply. It is because the water supply is mostly affected by 

precipitation and runoff, and therefore the uncertainty is more considerable than 

the water demand. 

Municipalities could effectively manage their water by accurately predicting 

future water demand and planning water supply system considering the amount of 

water expected to be needed at a certain point. To do so, there have been various 

studies forecasting municipal water demand. The most commonly used forecasting 

methods are multiple regression models (Gutzler and Nims, 2005; Babel and 

Shinde, 2011), time series models (Zhou et al., 2002; Gato et al., 2007; Adamowski 

et al., 2012; Chang et al., 2014), and artificial neural network models (ANNs) 

(Ghiassi et al., 2008; Bardossy et al., 2009). 

 Various studies forecasting future water demand have emphasized the importance 

of timescale (Chang et al., 2015; Barbel and Shinde, 2017). By predicting water 

demand of different time scales (yearly, monthly, daily, hourly), it was shown that 

the prediction could vary and therefore could cause different effects to the water 

management plan. Especially when water demand is forecasted on a yearly basis, 

it is hard to grasp the impact of seasonal and climate factors (Balling et al., 2008; 

Chang et al., 2015). 
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 Also, studies are emphasizing the impacts of climate factors on water demand. It 

was found that climate variables are correlated to municipal water use (Chang et 

al., 2014), and the water use during summer is especially related to climate factors 

such as temperature, precipitation (Maidment and Parzen, 1094). It was also found 

that the models accounting for climate factors are more accurate than the models 

that do not consider climate factors (Tiwari and Adamowski, 2012; Huntra and 

Keener, 2017). 

 However, in Korea, most of the water demand forecasting researches are done on 

a yearly basis. Even in the Water Vision 2020, which is the report published by 

Korea Water Resources Corporation and used by municipalities in Korea for water 

management, the only prediction is in yearly scale. They forecasted water demand 

per capita a day, which is derived by dividing the total water consumption of a year 

by days and the population of the year. By forecasting in yearly scale only, it is 

hard to predict seasonal variations in water demand and hard to plan short-term 

water management. Also, it could lead to water scarcity as monthly water supply 

might not fulfill monthly demand without proper water management and planning. 

 Also, most water demand forecasting studies in Korea do not take the effects of 

climate factors into account. Water demand was forecasted using various models, 

but little of them used climate factors as independent variables (Myoung et al., 

2011; Jo, 2018). However, with changing weather patterns such as the monthly 

distribution of temperature and precipitation due to climate change, the climate 

factors should be considered in forecasting water demand. 

 Therefore, to overcome such limitations, this study aims to forecast water demand 

on a monthly scale. By using time series models, the forecast reflects past water 

demand, and therefore the results are reliable. Also, the time series models used in 
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this study regards seasonal patterns, which are essential in forecasting monthly 

scale. 

 Moreover, climate variables were used as independent variables in seasonal 

ARIMAX model and thereby could forecast water demand considering the effects 

of climate factors. By comparing seasonal ARIMA and ARIMAX models, the 

impacts of climate variables were discovered, and the models with higher accuracy 

could be used in other cities to make a better prediction in the future. 
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2. Literature Review 

2.1. Climate Variables and Domestic Water Demand 

 Various researchers have shown that climate variables are related to municipal 

water use through regression and time series analysis (Maidment et al., 1985; 

Chang et al., 2014). Numerous researches divided water consumption into base use 

and seasonal use (Maidment and Parzen, 1984). Base use is the amount of water 

people consume regardless of the season, while seasonal use is the variation due to 

climate factors or seasonal changes. Those researches adopted the concept of 

seasonal use to emphasize and investigate the influence climate factors have on 

water consumption. 

 There have been numerous studies examining the effect climate variables have on 

domestic water demand. Chang et al. (2014) used climate factors such as daily 

precipitation, daily maximum temperature data to figure out which climate 

variables have a most significant influence on consumption per capita in different 

time scales. By using statistical analysis, it was found that both temperature and 

precipitation are influential at the summer seasonal scale and at the daily scale, past 

water use was more significant that climate variables. Babel and Shinde (2011) 

found that meteorological variables are more significant in medium-term 

prediction (1-, 6-, 12- month) than in short-term forecast (1-, 2-, 3-day). By 

examining the effects of meteorological variables at different time scale, it was 

shown that in forecasting short-term water demand, meteorological variables 

should be considered. 

 Also, the importance of weather inputs in forecasting water demand was found 

(Bakker et al., 2014). They used three different models to forecast with and without 
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weather factors to find out the performance change after considering weather 

variables. The results showed the performance of the forecasting models could 

improve up to 7% considering the average errors, and 11% considering the most 

significant errors.  

 In forecasting municipal water demand, various studies included climate variables 

as independent variables. Table 1 shows some of the researches that forecasted 

water demand using climate variables. 
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Table 1. Climate Variables used in Forecasting Water Demand 

Study Climate variables 

Ghiassi et al., 2008 Temperature 

Maidment et al., 1985 Temperature, Precipitation 

Jain et al., 2001 Temperature, Precipitation 

Bardossy et al., 2009 Temperature, Precipitation 

Adamowski et al., 2012 Temperature, Precipitation 

Zhou et al., 2002 
Temperature, Precipitation, Evaporation, Wind speed, 

Humidity 

Joo et al., 2002 Temperature, Wind speed, Humidity 

Babel and Shinde, 2011 Temperature, Precipitation 

Balling and Gober, 2007 Temperature, Precipitation 

Praskievicz and Chang, 2009 Temperature, Wind speed 

Gato et al., 2007 Temperature, Precipitation 

Gutzler and Nims, 2005 Temperature, Precipitation 

Bakker et al., 2014 Temperature 

In most researches that used climate variables in forecasting water demand, the 

average or maximum temperature was included. The significance of each climate 

variable, however, was different depending on the time scale or the study site. 
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2.2. Time Series Forecasting 

 Time series analysis involves developing models that describe a time series or that 

makes predictions. The former case is to understand the underlying causes of the 

past observations, while the latter is to extrapolate by examining a time series data. 

 Time series forecasting has been applied in various fields, such as hydrology 

(Castellano-Mendez et al., 2004) and economics (Grillenzoni, 2000). It has been 

used in such areas since the 1970s, and the time series forecasting has been 

developed in the field of economics, especially.  

However, time series forecasting has also been numerously used in predicting 

future energy demand. Akarsu (2017) forecasted regional electricity demand for 

Turkey using eight different models and compared forecasting performance of the 

models. Ediger and Akar (2007) used Autoregressive Integrated Moving Average 

(ARIMA) and Seasonal Autoregressive Integrated Moving Average (SARIMA) 

model to estimate future fossil fuel production and integrated the models by using 

specific decision parameters. 

 To forecast energy consumption regarding exogenous variables, Suttichaimethee 

and Daupon (2017) used population growth, GDP per capita as independent 

variables. Autoregressive Integrated Moving Average with Explanatory variable 

(ARIMAX) model was adopted in the study. Short-term and long-term forecasting 

results were derived using ARIMAX models with different orders. 

 There have been case studies comparing the accuracy of forecasting models. 

Reikard (2009) used ARIMA model, Unobserved Components models, neural 

network, and hybrid models to forecast solar radiation. After comparing the 

forecasting models, it was revealed that the ARIMA model had the best forecasting 
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ability. The best results derived from ARIMA were due to the model’s ability to 

capture the daily cycle. In economics, Peter and Silvia (2012) compared ARIMA 

and ARIMAX models by forecasting macroeconomics using both of the models. 

The output series was gross domestic product per capita while the unemployment 

rate was input series. The study showed that both models correctly predicted the 

future GDP per capita. 

  

3. Methodology 

3.1. Time Series 

  3.1.1. Time Series 

 A time series is a sequence of data points measured over successive times. The 

mathematical definition of a time series is a set of vectors x(t), t = 0,1,2, …where 

t is the time, and x(t) is a random variable (Adhikari and Agrawal, 2013). 

A time series with a single variable is called univariate time series while a time 

series with more than one variable is termed as multivariate. Also, a time series can 

be discrete or continuous. A discrete time series could be derived by sampling 

observations at distinct points in time while a continuous time series observations 

are measured at a constant time. For example, a monthly water consumption data 

may represent a discrete time series because the continuous observations of water 

consumption are recorded on a monthly basis. In such a case, a continuous time 

series is transformed to a discrete time series by merging data over a specific time 

interval. 

There are four components that affect a time series: Trend, Cyclical, Seasonal, 
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Random variations. They can be separated from the data. The trend is the general 

tendency of a time series to increase or decrease over time. It usually describes 

long-term changes in the data. The most common ones are trends in the mean or 

the variance of a time series data. The trend can be removed by differencing the 

data. Cyclical variation describes the medium-term changes of the data which are 

caused by circumstances that repeat in cycles, such as economic cycles. Seasonal 

variations, or seasonality, result from the annual cycle of the seasons. Climate and 

weather conditions are the primary source of seasonality. Random variations are 

the ones that do not fall under any of the above classifications. They are caused by 

unpredictable factors, and they do not repeat in a particular pattern or a cycle. 

There are two types of models: Multiplicative Model and Additive Model. The 

type of a model depends on the effects of the four components described above. If 

the components are multiplied, then it is a multiplicative model, and when the 

components are added, it is an additive model. 

 Multiplicative Model: 𝑌(𝑡) = 𝑇(𝑡) × 𝑆(𝑡) × 𝐶(𝑡) × 𝑅(𝑡) (3. 1) 

 Additive Model: 𝑌(𝑡) = T(t) + S(t) + C(t) + R(t) (3. 2) 

 Here Y(t)  is a dependent variable and T(t) , S(t) , C(t) , I(t)  are the four 

components of time series. They are trend, seasonal, cyclical, and Random 

variation of time t respectively. These two types of model could be discerned by 

investigating the seasonal variation of a time series. If the seasonal variation is 

constant, additive model is appropriate, and when the seasonal variation increases 

or decreases with time, multiplicative model should be used. 

 The process of fitting a time series to a proper time series model is called Time 

Series Analysis (Hipel and McLeod, 1994). Time series analysis is mostly used for 
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forecasting and simulation by regarding the basic features of a stochastic process 

from the past data. A time series model reflects the fact that observations that are 

close affect each other more than those are further apart. A suitable model can be 

found by examining the data and estimating parameters.  

 

 3.1.2. Stationarity 

  To proceed time series analysis, it is important to make sure the time series data 

are stationary. A stationary process has a constant mean, variance, and 

autocorrelation over time, and the condition for stationarity are as following. 

  E(𝑦𝑡) = E(𝑦𝑡+𝑘) = 𝜇, ∀𝑡, 𝑘  (3. 3) 

  Var(𝑦𝑡) = 𝛾(0) < ∞, ∀𝑡  (3. 4) 

  Cov(𝑦𝑡, 𝑦𝑡−𝑠) = 𝛾𝑠,   ∀𝑡, 𝑠  (3. 5) 

Here 𝛾𝑠 is covariance between 𝑦𝑡 and 𝑦𝑡−𝑠, and for a stationary time series, the 

covariance depends on 𝑠, but not on t (Asteriou et al., 2016). 

Differencing is one of the most common methods to transform a nonstationary 

time series into a stationary time series. If a time series is differenced once (d = 1), 

it can be expressed as equation 4.6. To difference the time series twice (d = 2), the 

results can be attained by doing 𝑧𝑡 − 𝑧𝑡−1. 

 ∇𝑧𝑡 = 𝑦𝑡 − 𝑦𝑡−1 (3.6) 

 When the variance of a time series varies with time, log transformation can be 

applied. Logarithm transformation is especially useful when the standard deviation 
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of a time series is proportional to the mean of the time series. If the time series is 

not stationary after the logarithm transformation, Box-Cox transformation (power 

transformation) can be used. Natural log transformation is also a part of the Box-

Cox transformation, and the data is changed regarding the value of λ  from the 

equation below. 

 

𝑍𝑡 =

{
 

 
𝑦𝑡
𝜆 − 1

𝜆
  , 𝜆 ≠ 0 

𝑙𝑜𝑔𝑦𝑡   ,    𝜆 = 0

 (3.7) 

If the variance of the time series increases with time, λ < 1 is appropriate while 

λ > 1 is more proper when the variance decreases with time. The λ for a time 

series can be found by trial and error method or using profile likelihood function. 

 

 3.1.3. Stationarity Test 

 Stationarity tests are necessary to find out whether a time series is stationary. The 

stationarity test Stationary could be tested by conducting a unit root test. A unit root 

is a stochastic trend in a time series, and a time series with a unit root could show 

a systematic pattern. If a time series has a unit root, spurious regressions could 

occur. When there are spurious regressions, uncorrelated data could have high 𝑅2 

value. In this study, two types of tests, ADF test and KPSS test, are used. 

 Augmented Dickey-Fuller (ADF) test (Dickey and Fuller, 1979) is one of the most 

commonly used unit root test. Dickey-Fuller test was first proposed by Dickey and 

Fuller (1979) and modified to Augmented Dickey-Fuller test by Said and Dickey 

(1984), and it is based on the first-order autoregressive process (Box and Jenkins, 



12 

 

1910). The null hypothesis 𝐻0  that the time series has a unit root. If the null 

hypothesis is rejected, then it means the time series is stationary. If the p-value is 

smaller than 0.05, it represents that there is a 5% chance that the time series has a 

unit root, therefore the null hypotheses could be rejected. 

 Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test is a stationarity test that can 

complement unit root tests. It tests if a time series is nonstationary, stationary 

around a fixed level, or stationary around a linear trend (Kwiatkowski et al., 1992). 

KPSS test is based on linear regression, which can be written as the equation below. 

 𝑥𝑡 = 𝑟𝑡 + 𝛽𝑡 + 𝜀𝑡 (3.8) 

 {𝑥𝑡}, 𝑡 = 1,2, … ,𝑁  is a time series, and it is decomposed into the sum of 

𝑟𝑡(random walk), 𝛽𝑡(deterministic trend), and 𝜀𝑡(stationary error).  

KPSS test is for testing for level or trend stationarity. When the p-value of a time 

series is 0.1, the null hypothesis that x has a stationary root against a unit-root 

alternative cannot be rejected, indicating the time series is stationary. When the p-

value is 0.01, the null hypothesis is rejected. 

ADF test and KPSS test, however, test the stationarity based on the unit root 

concept. Therefore, the test results do not account for seasonal variation of a time 

series. To check for seasonal variation, the data needs to be checked via plotting or 

decomposition. 

 

  



13 

 

3.2. Nonseasonal Time Series Models 

 3.2.1. Autoregressive Model 

 The Autoregressive Model (AR) process consists of one or more previous values 

and a white noise term. The AR process is written mathematically as 

 

𝑦𝑡 = 𝑐 +∑𝜑𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+ 𝜀𝑡

= 𝑐 + 𝜑1𝑦𝑡−1 + 𝜑2𝑦𝑡−2 +⋯⋯+ 𝜑𝑝𝑦𝑡−𝑝 + 𝜀𝑡 

(3. 9) 

where 𝑦𝑡 is the actual value at time t, and c is a constant. 𝜑𝑖(i=1,2,…,p) are the 

nonseasonal AR parameters, and 𝜀𝑡  is the white noise term at time t that is 

identically independently distributed (IID) with a mean of 0 and variance of 𝜎2 

(Hipel and McLeod, 1994). The order of a AR model p indicates the previous 

observations that affect 𝑦𝑡. 

 

 3.2.2. Moving Average Model 

The Moving Average (MA) model explains the influence of the current white 

noise term and previous error terms. 

𝑦𝑡 = μ +∑𝜃𝑗𝜀𝑡−j

𝑞

𝑗=1

+ 𝜀𝑡

= 𝜇 + 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 +⋯⋯+ 𝜃𝑞𝜀𝑡−q + 𝜀𝑡 

 

(3. 10) 

Here μ is the mean of the time series; the constant q is the order of the MA model, 

and 𝜃𝑗(j=1,2,…,q) are the model parameters. In the MA model, the noise of the 
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time series vanishes quickly with time while the AR model has the more lasting 

effect of the random shock. 

 

 3.2.3. ARMA Model 

The Autoregressive Moving Average (ARMA) model is a combination of 

Autoregressive (AR) and Moving Average (MA) models.  

 

𝑦𝑡 = 𝑐 +∑𝜑𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+ 𝜀𝑡 +∑𝜃𝑗𝜀𝑡−j

𝑞

𝑗=1

 (3.11) 

 The model can be briefly written using the lag operator, or the backward shift 

operator B. The backward shift operator B is defined as 𝐵𝑦𝑡 = 𝑦𝑡−1. Using the 

backward shift operator, ARMA models could be represented as follows: 

 𝐴𝑅(𝑝) 𝑚𝑜𝑑𝑒𝑙: 𝜀𝑡 = φ(𝐵)𝑦𝑡 (3.12) 

 𝑀𝐴(𝑞) 𝑚𝑜𝑑𝑒𝑙: 𝑦𝑡 = 𝜃(𝐵)𝜀𝑡 (3.13) 

𝐴𝑅𝑀𝐴(𝑝, 𝑞) 𝑚𝑜𝑑𝑒𝑙: φ(𝐵)𝑦𝑡 = 𝜃(𝐵)𝜀𝑡 (3.14) 

Here φ(𝐵) = 1 − ∑ 𝜑𝑖𝐵
𝑖𝑝

𝑖=1  and θ(𝐵) = 1 + ∑ 𝜃𝑗
𝑞
𝑗=1 𝐵𝑗. 

 

 3.2.4. ARIMA model 

 Autoregressive Integrated Moving Average (ARIMA) model has both AR and MA 

terms, and “Integrated” means that the dependent variable has been differenced to 

make the time series stationary before the model building. The underlying 
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assumption made for this model is that the time series is linear and follows a typical 

statistical distribution. ARIMA models could be written mathematically as follows: 

 𝜑(𝐵)(1 − 𝐵)𝑑𝑦𝑡 = 𝜃(𝐵)𝜀𝑡, 𝑖. 𝑒. (3.15) 

 

(1 −∑𝜑𝑖𝐵
𝑖

𝑝

𝑖=1

) (1 − 𝐵)𝑑𝑦𝑡 = (1 +∑𝜃𝑗𝐵
𝑗

𝑞

𝑗=1

)𝜀𝑡, 

 

(3.16) 

 The integers p,d,q respectively refer to the order of the autoregressive, integrated, 

and moving average terms of the model. The integrated order, d, is the level of 

differencing, and in most cases, d is 1.  

 

3.3. Seasonal Time Series Models 

3.3.1. Seasonal ARIMA model 

 Box and Jenkins had proposed Seasonal Autoregressive Integrated Moving 

Average (SARIMA) model which is a variation of the ARIMA model for analyzing 

nonstationary time series with seasonal variations (Box and Jenkins, 1976). A time 

series with seasonality has the mean that evolves according to a cyclical pattern. 

Especially when E(𝑧𝑡) = 𝐸(𝑧𝑡+𝑠), the time series has seasonality of period s.  

SARIMA models are useful for modeling seasonal time series with mean and 

variance for a given season that changes across the years because seasonal 

differencing is used to remove non-stationarity from the time series (Hipel and 

McLeod, 1994; Adhikari and Agrawal, 2013). 

The difference between ARIMA and SARIMA is the seasonal terms. For 

SARIMA (p,d,q)(P,D,Q)[S], (p,d,q) indicates non-seasonal terms while (P,D,Q) 
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represents seasonal AR order, differencing, and MA order respectively. The [S] 

indicates the period of repeating seasonal pattern. Using backward shift operator, a 

SARIMA(p,d,q)(P, D, Q)[S] model could be written as follows: 

 Φ𝑃(𝐵
𝑆)𝜑𝑃(B)(1 − B)

𝑑(1 − 𝐵𝑆)𝐷𝑦𝑡 = Θ𝑄(𝐵
𝑆)𝜃𝑞(𝐵)𝜀𝑡, 

  i.e. Φ𝑃(𝐵
𝑆)𝜑𝑃(B)𝑧𝑡 = Θ𝑄(𝐵

𝑆)𝜃𝑞(𝐵)𝜀𝑡 

 

(3.17) 

 Here, Φ𝑃(𝐵
𝑆) is the seasonal AR, and Θ𝑄(𝐵

𝑆) is the seasonal MA of the time 

series (Lee, 2017). Each part could be written mathematically as follows: 

AR(P)𝑆 :    𝑦𝑡 = 𝑎1𝑦𝑡−𝑠 + 𝑎2𝑦𝑡−2𝑠 +⋯

+ 𝑎𝑝𝑦𝑡−𝑝𝑠 + 𝛼𝑡 

 (3.18) 

AR(Q)𝑆 :    𝑦𝑡 = 𝜇 − 𝜃1𝑓𝑡−𝑠 − 𝜃2𝑓𝑡−2𝑠 −⋯

− 𝜃𝑞𝑓𝑡−𝑞𝑠 + 𝛼′𝑡 

 (3.19) 

 

3.4. Time Series Models with Exogenous Variables 

 3.4.1. ARIMAX model 

In the field of time series forecasting, some variations to the time series models 

were made to improve the forecasting ability of the models. Autoregressive 

Integrated Moving Average with Exogenous variables (ARIMAX) is similar to 

ARIMA, except that it additionally takes exogenous variables into account in the 

process of forecasting. The model can be viewed as a multiple regression model 

including autoregressive (AR) terms and moving average (MA) terms. 
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𝑦𝑡 = 𝜀𝑡 +∑𝜑𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+∑𝜃𝑗𝜀𝑡−i

𝑞

𝑗=1

+∑𝜏𝑖𝑥𝑡−𝑖

𝑏

𝑘=1

 (3.20) 

Here 𝑥𝑡 are the regressive variable and 𝜏𝑖 are the regression coefficient. Just 

like in the ARIMA model, p and q are the order of the model, which are the lags, 

and 𝜑𝑖, 𝜃𝑗  are the coefficients of the autoregressive and error terms respectively. 

 

3.5. Time Series Forecasting 

Time series forecasting has four steps (Box et al. 1994): 1) Model identification, 

2) Model parameter estimation, 3) Diagnostic checking, 4) Forecasting. Before 

start building a model, data were tested for stationarity because the time series 

analysis process is based on the stationarity hypothesis (Gimeno et al., 1998). In 

this study, two types of stationarity test were used: Augmented Dickey-Fuller (ADF) 

test, and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. 

To select a time series model for each site, Auto Correlation Function (ACF) and 

Partial Autocorrelation Function (PACF) plots were used to find proper order of the 

model. To find the best model, the Akaike Information Criterion (AICc) of each 

candidate was compared, and the model with the smallest AICc value was selected.  

To check if the model was built correctly, the residual error series was diagnosed. 

If the time series model captured enough information in the data, the residual error 

series is white noise and uncorrelated. 

 𝑥𝑡 = 𝑦𝑡 − 𝑦�̂� ≃ 𝑁(0, 𝜎2) (3.21) 

White noise series is independent, has zero mean, and has a constant variance of 
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𝜎2 . In this study, model diagnosing was done by using ACF, Ljung-Box test 

statistics, and residuals plots were used to see if the residuals series is white noise. 

After diagnosing the model, monthly water consumption of each cite was 

forecasted. Then the predicted values were compared to the observed data (2016-

2017) to check the model accuracy. To examine the forecasting ability of ARIMA 

and ARIMAX model, the RMSE of each model were compared. 
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3.6. Data 

 3.6.1. Water Consumption Data 

 Monthly domestic water consumption data were obtained from each city’s office 

of waterworks. The monthly water consumption data is a seasonal time series, 

which means that seasonality should be considered in the process of forecasting. 

With the municipal water consumption and water population, per capita monthly 

water consumption for each municipality was obtained. By using per capita 

monthly water consumption data instead of total monthly water consumption data, 

it is easier to project future water use because municipal water demand largely 

depends on population.  

Each city’s data has different length due to the availability of the data. A city with 

the most data is Busan (2002-2017) and is followed by Seoul (2007-2017) and 

Daejeon (2009-2017). To test the forecasting ability of each city’s model, last two 

years (2016-2017) of the data were used as test sets and were not included in the 

model building process. The forecasting models were developed using the rest of 

the data: Seoul (2007-2015), Busan (2002-2015) Daejeon (2009-2015). 
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Figure 1. Monthly Water Consumption (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 
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3.5.2. Exogenous Variables 

 Six climate factors were selected as possible candidates for the exogenous 

variables: Maximum Temperature, Average Temperature, Precipitation, Humidity, 

Wind Speed, Solar Radiation. These factors were tested for stationarity and 

causality. The variables with significance were only then chosen to be exogenous 

variable in the ARIMAX model. Figures below are the climate variables of each 

city on a monthly scale.  
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Figure 2. Climate Variables of Seoul 
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Figure 3. Climate Variables of Busan 
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Figure 4. Climate Variables of Daejeon 
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4. Results and Discussion 

4.1. Seasonal ARIMA Model 

 1) Seoul 

 Before start developing a time series model for Seoul, it is necessary to find out 

if the time series is stationary. To test the data’s stationarity, ADF test and KPSS 

test were done.  

Table 2. Stationarity test results 

KPSS level stationary KPSS trend stationary ADF unit root 

lag results p-value lag results p-value lag results p-value 

2 0.020 0.1 2 0.018 0.1 4 -10.077 0.01 

 For both level and stationarity tests, the null hypothesis could not be rejected, 

indicating it is not possible to say the time series is non-stationary. The p-value of 

ADF test was 0.01, and hence the null hypothesis was rejected at 99% confidence 

level, meaning there is no unit root for the series. Based on the stationarity tests, it 

was concluded that monthly water consumption data for Seoul was stationary. 

Seasonality, however, cannot be detected by KPSS and ADF tests because these 

tests are for detecting non-stationarity in the form of a unit root (Wang et al., 2006). 

Because the time series is monthly data, it is very likely that the data has seasonal 

variation. To conclude the stationarity of the time series, the decomposition was 

carried out. Decomposition transforms a time series into multiple different time 

series. The original time series is split into trend, seasonal, and random variation. 

By decomposing a time series, it is possible to easily discern the components of the 

time series. 
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Figure 5. Decomposition of Monthly Water Consumption in Seoul 

The monthly water consumption data has an irregular trend and annual seasonality. 

The stationarity test results indicated that the time series is stationary, so the only 

differencing needed for the data is seasonal differencing. In this study, instead of 

performing seasonal differencing, seasonal ARIMA (SARIMA) model was used to 

consider seasonality of the time series. 
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Figure 6. ACF, PACF of Seoul 

 To decide the proper model for the time series, ACF and PACF were used. The 

ACF and PACF help to identify an appropriate model by suggesting proper AR and 

MA order for the time series. For this data, ACF has spikes at seasonal lags, 

suggesting seasonal differencing is needed. PACF shows significant spikes at lags 

smaller than 12, indicating there are correlations at the lags and autoregressive 

terms in the data. In selecting the model, seasonal differencing and AR terms should 

be considered. 

 To select the best model for the site, a variation of the Hyndman-Khandakar 

algorithm (Hyndman & Khandakar, 2008) was used. First, the number of 

differences is determined using KPSS tests (0 ≤ d ≤ 2). The order of the model p 

and q are then chosen by minimizing the AICc. The best model with the smallest 

AICc is selected. The table below shows the candidates of the model for Seoul and 
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the AICc values of each model. 

Table 3. Selecting the best model for Seoul 

Model AICc 

ARIMA(2,0,2)(1,1,1)[12] with drift Inf 

ARIMA(0,0,0)(0,1,0)[12] with drift -121.9167 

ARIMA(1,0,0)(1,1,0)[12] with drift -167.8682 

ARIMA(0,0,1)(0,1,1)[12] with drift -162.4551 

ARIMA(0,0,0)(0,1,0)[12] -124.0030 

ARIMA(1,0,0)(0,1,0)[12] with drift -158.0660 

ARIMA(1,0,0)(2,1,0)[12] with drift -168.0663 

ARIMA(1,0,0)(2,1,1)[12] with drift Inf 

ARIMA(0,0,0)(2,1,0)[12] with drift -137.2830 

ARIMA(2,0,0)(2,1,0)[12] with drift -165.9051 

ARIMA(1,0,1)(2,1,0)[12] with drift -165.8396 

ARIMA(2,0,1)(2,1,0)[12] with drift -163.9717 

ARIMA(1,0,0)(2,1,0)[12] -170.2722 

ARIMA(1,0,0)(1,1,0)[12] -170.0393 

ARIMA(1,0,0)(2,1,1)[12] Inf 

ARIMA(0,0,0)(2,1,0)[12] -139.3851 

ARIMA(2,0,0)(2,1,0)[12] -168.2057 

ARIMA(1,0,1)(2,1,0)[12] -168.0956 

ARIMA(2,0,1)(2,1,0)[12] -166.2743 

The model with the smallest AICc value was ARIMA(1,0,0)(2,1,0)[12]. The 

model consists of the non-seasonal autoregressive term, seasonal differencing, and 

seasonal autoregressive terms. After selecting the best model for the time series, 

model coefficients were estimated. The coefficients for non- seasonal 

autoregressive term and seasonal autoregressive terms are mentioned in the table 

4. 
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Table 4. Forecasting Model for Seoul (ARIMA(1,0,0)(2,1,0)[12]) 

 AR(1) SAR(1) SAR(2) 

Coefficients 0.5419 -0.4385 -0.1788 

Standard Error 0.0856 0.1104 0.1133 

Log likelihood = 89.36 

AIC = -170.71 

AICc = -170.27 

BIC = -160.45 

 The model ARIMA(1,0,0)(2,1,0)[12] can be written as: 

(1 − 𝜑1𝐵)(1 − Φ1𝐵
12 −Φ2𝐵

24)(1 − 𝐵12)𝑦𝑡 = 𝜀𝑡 

Using the model coefficient, monthly water demand 𝑦𝑡 can be written as: 

𝑦𝑡 = −0.5419𝑦𝑡−1 + 0.5615𝑦𝑡−12 − 0.3042𝑦𝑡−13 + 0.2597𝑦𝑡−24

− 0.1407𝑦𝑡−25 + 0.1788𝑦𝑡−36 − 0.0968𝑦𝑡−37 + 𝜀𝑡 

  After the model building process, the residual diagnostics were done to check if 

the model properly captured the information of the data. 
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Figure 7. Residuals of the model for Seoul 

 The ACF of the residuals has no spikes, indicating there is no significant 

correlation in the residuals series. Because there is no correlation between residuals, 

there is no information left in the residuals, and hence the model captured all the 

available information in the data. The p-values for Ljung-Box statistic are all above 

the significance level, indicating the residuals are independent. The residuals plots 

both show that the residuals are normally distributed, hence the residual of the 
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model is white noise. 

 

Figure 8. Forecasting Results of Seoul (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

 The figure above is the prediction of the monthly water consumption of Seoul. 

The model could predict over five years. The test sets (2016-2017) were compared 

to the predicted results. As it could be seen from the forecasting results, the 

predicted values were close to the actual values. 

 To evaluate the forecast accuracy of the model, Mean Absolute Deviation (MAD), 

Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean 

Absolute Percentage Error (MAPE) were used. 

MAD is the sum of absolute differences of the actual value and the forecasted 

value, which is the error, divided by the number of observations. 
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𝑀𝐴𝐷 = 
1

𝑛
∑|𝐴𝑡 − 𝐹𝑡|

𝑛

𝑡=1

 

MSE is the sum of the square of absolute differences divided by the number of 

observations. It measures the average of the squares of the errors. 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝐴𝑡 − 𝐹𝑡)

2

𝑛

𝑡=1

 

 RMSE is the sum of the squared value of the errors divided by the number of 

observations. By squaring the difference, it puts a heavier weight on larger errors. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝐴𝑡 − 𝐹𝑡)2
𝑛

𝑡=1

 

MAPE provides a more standardized error measure by comparing the percentage 

of the error to the actual value. 

𝑀𝐴𝑃𝐸 =  
1

𝑛
∑|

𝐴𝑡 − 𝐹𝑡
𝐴𝑡

|

𝑛

𝑡=1

× 100 

Table 5. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.15246 0.37442 0.61190 1.70369 

The MAD shows that the average of the absolute deviations is 0.15, and the 

MAPE indicates that on average, the forecast is off by 1.70%. The RMSE can be 

interpreted as how close the observed values are to the predicted values. The values 

of model accuracy measures indicate that the model well predicted the future 
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monthly water demand. 
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2) Busan 

Table 6. Stationarity test results 

KPSS level stationary KPSS trend stationary ADF unit root 

lag results p-value lag results p-value lag results p-value 

2 0.747 0.01 2 0.056 0.1 5 -13.007 0.01 

The p-value of the ADF unit root test is smaller than 0.05, so the null hypothesis 

that the time series has a unit root is rejected. The p-value of the KPSS level 

stationarity test is also smaller than 0.05, so the null hypothesis that the time series 

is stationary is rejected. Because the time series was found to be non-stationary 

based on the KPSS test result, the data was differenced once before building a 

model. 

 

Figure 9. Decomposition of Monthly Water Consumption in Busan 

 The monthly water consumption data has increasing trend and strong seasonality. 
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The trend was captured in the stationarity test and was eliminated by differencing, 

but the seasonality still exists. During the model identifying process, seasonality 

would be considered by seasonal differencing. 

 

Figure 10. ACF, PACF of the Differenced data of Busan 

 The ACF of the differenced data has lags alternating between negative and 

positive correlations. The most significant spike is at lag 12, indicating the 

frequency of the seasonal variation is 12. The PACF has a large spike at lag 1, and 

the spikes decrease after a few lags. It means the moving average term in the data. 

Table 7. Selecting the Best Model for Busan 

Model AICc 

ARIMA(2,0,2)(1,1,1)[12] with drift Inf 

ARIMA(0,0,0)(0,1,0)[12] with drift -56.6320 

ARIMA(1,0,0)(1,1,0)[12] with drift -115.6982 

ARIMA(0,0,1)(0,1,1)[12] with drift Inf 
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ARIMA(0,0,0)(0,1,0)[12] -50.4490 

ARIMA(1,0,0)(0,1,0)[12] with drift -96.2151 

ARIMA(1,0,0)(2,1,0)[12] with drift -131.7238 

ARIMA(1,0,0)(2,1,1)[12] with drift Inf 

ARIMA(0,0,0)(2,1,0)[12] with drift -85.8975 

ARIMA(2,0,0)(2,1,0)[12] with drift -130.8142 

ARIMA(1,0,1)(2,1,0)[12] with drift -136.7038 

ARIMA(2,0,2)(2,1,0)[12] with drift -141.4737 

ARIMA(2,0,2)(2,1,0)[12] -141.7883 

ARIMA(2,0,2)(1,1,0)[12] -120.1343 

ARIMA(2,0,2)(2,1,1)[12] Inf 

ARIMA(1,0,2)(2,1,0)[12] -140.2843 

ARIMA(3,0,2)(2,1,0)[12] -141.7019 

ARIMA(2,0,1)(2,1,0)[12] Inf 

ARIMA(2,0,3)(2,1,0)[12] -139.5850 

ARIMA(1,0,1)(2,1,0)[12] -136.6201 

ARIMA(3,0,3)(2,1,0)[12] Inf 

 The model with the smallest AICc value was ARIMA(2,0,2)(2,1,0)[12]. The 

model coefficients are written in the table below. 

Table 8. Forecasting Model for Busan (ARIMA(2,0,2)(2,1,0)[12]) 

 AR(1) AR(2) MA(1) MA(2) SAR(1) SAR(2) 

Coefficients 0.4489 0.5097 -0.0161 -0.5879 -0.5675 -0.4490 

Standard Error 0.1756 0.1643 0.1561 0.0968 0.0777 0.0814 

Log likelihood = 78.27 

AIC = -142.55 

AICc = -141.79 

BIC = -121.2 

ARIMA(2,0,2)(2,1,0)[12] can be written as: 

(1 − 𝜑1𝐵 − 𝜑2𝐵
2)(1 − Φ1𝐵

12 −Φ2𝐵
24)(1 − 𝐵12)𝑦𝑡 = (1 + 𝜃1𝐵 + 𝜃2𝐵

2)𝜀𝑡 
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 Using the coefficients of autoregressive and moving average terms, the monthly 

water demand could be written as: 

𝑦𝑡 = 0.4489𝑦𝑡−1 + 0.5097𝑦𝑡−2 + 0.4325𝑦𝑡−12 − 0.1941𝑦𝑡−13 − 0.2204𝑦𝑡−14

+ 0.1185𝑦𝑡−24 − 0.0531𝑦𝑡−25 − 0.0603𝑦𝑡−26 + 0.4490𝑦𝑡−36

− 0.2015𝑦𝑡−37 − 0.2288𝑦𝑡−38 + 𝜀𝑡 − 0.0161𝜀𝑡−1 − 0.5879𝜀𝑡−2 

 The model residuals diagnostic tests were done to check if the model was properly 

built. The ACF, Ljung-Box test results and residuals plots are shown in the figure 

below. 
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Figure 11. Residuals of the model for Busan 

 The ACF of the residuals has no significant spike, and the p-values for Ljung-Box 

statistic shows that the residuals series is independent. Based on the residuals plots, 

the residuals series is normally distributed. As a result, it could be concluded that 

the residuals of the model are white noise and hence the model captured enough 

information about the data. 
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 Because the data was differenced, back-transformation was done before the 

prediction. The forecasting was compared to the test sets to find out if the model 

could predict future monthly water demand. 

 

Figure 12. Forecasting Results of Busan (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

 The predicted values are very similar to the observed values. The forecasting of 

2016 was nearly the same to the observed value, while the predicted water demand 

for 2017 was higher than the observed value.  

Table 9. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.19657 0.41506 0.64425 2.27396 

 The MAD shows that the average of the absolute deviations is 0.19, and the 

MAPE indicates that on average, the forecast is off by 2.27%. The RMSE can be 

interpreted as how close the observed values are to the predicted values.  
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4) Daejeon 

Table 10. Stationarity test results 

KPSS level stationary KPSS trend stationary ADF unit root 

lag results p-value lag results p-value lag results p-value 

2 0.844 0.01 2 0.057 0.1 4 -7.129 0.01 

The ADF test results indicated the time series is stationary, but according to the 

KPSS test results, the p-value for level stationarity test was smaller than the 

significance level 0.05 and hence the null hypothesis 𝐻0 was rejected. The p-value 

of trend stationarity test was greater than the significance level, and the null 

hypothesis cannot be rejected. Because it was shown that the time series for 

Daejeon is non stationary, 1st order differencing was done. 

 

Figure 13. Decomposition of Monthly Water Consumption in Daejeon 

 The monthly water consumption of Daejeon has significantly increasing trend. 
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Like the other two data, this time series also has annual seasonality. The time series 

was differenced to eliminate the trend, and seasonal ARIMA model was adopted to 

take seasonality into account. 

 

Figure 14. ACF and PACF of the Differenced data of Daejeon 

 The ACF and PACF of the differenced data show which model could be proper 

for the time series. The ACF shows spikes in 12th and 24th lags, indicating an annual 

seasonal trend in the time series. It could be inferred that the model should consider 

seasonality. PACF shows large spikes that alternate between positive and negative 

correlations, which indicates the moving average terms in the time series. 

 Among the models with the seasonal differencing term and moving average terms, 

the best model was selected by comparing AICc of each candidate. 
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Table 11. Selecting the Best Model for Daejeon 

Model AICc 

ARIMA(0,0,0)(0,1,0)[12] -12.0482 

ARIMA(0,0,1)(0,1,1)[12] -46.2900 

ARIMA(0,0,1)(1,1,1)[12] Inf 

ARIMA(0,0,1)(0,1,0)[12] -32.1809 

ARIMA(0,0,1)(0,1,2)[12] Inf 

ARIMA(0,0,1)(1,1,2)[12] Inf 

ARIMA(1,0,1)(0,1,1)[12] -44.4037 

ARIMA(0,0,0)(0,1,1)[12] -23.5027 

ARIMA(0,0,2)(0,1,1)[12] -44.3603 

ARIMA(1,0,2)(0,1,1)[12] -42.1030 

 The best model for Daejeon was ARIMA(0,0,1)(0,1,1)[12]. It has non-seasonal 

and seasonal moving average terms and seasonal differencing. The model 

coefficients were estimated and shown in the table below. 

Table 12. Forecasting Model for Daejeon (ARIMA(0,0,1)(0,1,1)[12]) 

 MA(1) SMA(1) 

Coefficients -0.7121 -0.6911 

Standard Error 0.0839 0.1883 

Log likelihood = 26.32 

AIC = -46.65 

AICc = -46.29 

BIC = -39.86 

 The model ARIMA(0,0,1)(0,1,1)[12] could be written as: 

(1 − 𝐵12)𝑦𝑡 = (1 + 𝜃1𝐵)(1 + Θ1𝐵
12)𝜀𝑡 

 With the coefficients, the monthly water demand value could be written as: 

𝑦𝑡 = 𝑦𝑡−12 + 𝜀𝑡 − 0.7121𝜀𝑡−1 − 0.6911𝜀𝑡−12 + 0.4921𝜀𝑡−13 
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Figure 15. Residuals of the model for Daejeon 

 The ACF of residuals has no spike, indicating the residuals are not correlated. 

Also, the p-values for Ljung-Box statistic are bigger than the significant level, 

showing the time series is not showing lack of fit. The residuals plots show that the 

residuals series is normally distributed, indicating the residuals are white noise. 
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Figure 16. Forecasting Results of Busan (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

The forecast for 2016 was similar to the past data, but the projections of May 2017 

was quite different from the real data. It was due to the water consumption of that 

month, which was 1.5 times higher than the month before and after. Also, 

Daejeon’s future monthly water demand was predicted to be increasing, due to the 

increasing trend in the observed data.  

Table 13. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.41146 0.49817 0.70581 3.30901 

 Because of the extreme value in May 2017, the model Accuracy of Daejeon was 

the lowest among the study sites. MAPE was especially high, but it was due to the 

extreme value of May 2017. The model forecasted the increasing trend of demand 

which was shown in observed data of 2016 and 2017.   
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4.2. ARIMAX Model 

 4.2.1. Exogenous Variables 

 4.2.1.1. Stationarity Test 

The first step of the ARIMAX model building process is to test the stationarity of 

exogenous variables. To test stationarity of each climate data, ADF and KPSS tests 

were used.  

Table 14. Exogenous Variables of Seoul 

 KPSS level stationary KPSS trend stationary ADF unit root 

 lag results p-value lag results p-value lag results p-value 

AvgTemp 2 0.02202 0.1 2 0.017266 0.1 4 -9.73 0.01 

MaxTemp 2 0.03969 0.1 2 0.01918 0.1 4 -8.34 0.01 

Prec 2 0.11033 0.1 2 0.073394 0.1 4 -5.87 0.01 

Humid 2 0.03893 0.1 2 0.039394 0.1 4 -6.67 0.01 

Wind 2 0.66263 0.01 2 0.11311 0.1 4 -5.63 0.01 

Solar 2 1.10790 0.01 2 0.059216 0.1 4 -4.57 0.01 

The stationarity test results of exogenous variables of Seoul are shown in the table 

above. All variables were found to be stationary according to the ADF test results. 

The KPSS test results, however, showed the wind speed and solar radiation 

variables non-stationary. The p-value for the KPSS level stationarity test of these 

two variables was smaller than 0.05, rejecting the null hypothesis that the time 

series has a stationary root. 

Table 15. Exogenous Variables of Busan 

 KPSS level stationary KPSS trend stationary ADF unit root 

 lag results p-value lag results p-value lag results p-value 

AvgTemp 2 0.02720 0.1 2 0.01015 0.1 5 -11.90 0.01 
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MaxTemp 2 0.01978 0.1 2 0.01081 0.1 5 -11.80 0.01 

Prec 2 0.08696 0.1 2 0.04602 0.1 5 -8.63 0.01 

Humid 2 0.03820 0.1 2 0.03843 0.1 5 -10.30 0.01 

Wind 2 0.25801 0.1 2 0.20035 0.0158 5 -4.72 0.01 

Solar 2 0.28602 0.1 2 0.28524 0.01 5 -4.29 0.01 

The stationarity test results of Busan were similar to the ones of Seoul. ADF test 

results concluded all the variables stationary. The p-value for KPSS trend 

stationarity test of wind and solar variables were smaller than 0.05, rejecting the 

null hypothesis that the time series is stationary around a deterministic trend.  

Table 16. Exogenous Variables of Daejeon 

 KPSS level stationary KPSS trend stationary ADF unit root 

 lag results p-value lag results p-value lag results p-value 

AvgTemp 2 0.03694 0.1 2 0.01909 0.1 4 -8.98 0.01 

MaxTemp 2 0.03178 0.1 2 0.01956 0.1 4 -7.00 0.01 

Prec 2 0.09880 0.1 2 0.05038 0.1 4 -5.57 0.01 

Humid 2 0.60944 0.02 2 0.03589 0.1 4 -5.12 0.01 

Wind 2 0.74041 0.01 2 0.03457 0.01 4 -5.42 0.01 

Solar 2 0.51377 0.03 2 0.07571 0.1 4 -3.91 0.01 

 The ADF test results concluded that all the exogenous variables are stationary. 

However, for humidity, wind, and solar variables, the KPSS level stationarity test 

results indicated that it is not possible to assume stationary. The wind variable was 

also found non-stationary according to the KPSS trend stationary.  
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4.2.1.2. Granger Test 

 After deciding whether each variable is stationary or not, stationary variables need 

to be tested for causality. Granger test is one of the most common causality tests. It 

evaluates the correlation between the dependent and independent variables by 

checking and comparing two models that are with and without the independent 

variable. By comparing the two, it is possible to examine whether the effect of an 

independent variable is statistically significant to the dependent variable. 

Table 17. Granger Test Results of Climate Variables 

City Climate Variable Res.Df Df F Pr(>F) 

Seoul Average Temperature (AvgTemp) 85 -11 3.7125 0.0003113 *** 

Seoul Maximum Temperature (MaxTemp) 85 -11 1.9316 0.04853 * 

Seoul Precipitation (Prec) 83 -12 1.6985 0.08534 . 

Seoul Humidity (Humid) 83 -12 2.4432 0.01007 * 

Seoul Wind Speed (Wind) 83 -12 1.2405 0.2737 

Seoul Solar Radiation (Solar) 83 -12 3.1128 0.001374 ** 

Busan Average Temperature 143 -12 2.8590 0.001593 ** 

Busan Maximum Temperature 143 -12 3.7000 8.231e-05 *** 

Busan Precipitation 143 -12 2.7002 0.002765 ** 

Busan Humidity 143 -12 2.0277 0.02647 * 

Busan Wind Speed 143 -12 1.9671 0.03215 * 

Busan Solar Radiation 143 -12 1.8361 0.04857 * 

Daejeon Average Temperature 73 -11 8.1030 1.488e-08 *** 

Daejeon Maximum Temperature 83 -6 8.2628 6.489e-07 *** 

Daejeon Precipitation 79 -8 2.0717 0.05001 . 

Daejeon Humidity 71 -12 1.0455 0.4214 

Daejeon Wind Speed 83 -6 3.0711 0.009512 ** 

Daejeon Solar Radiation 71 -12 1.0235 0.44 

According to the results, there are some climate variables that do not have Granger 

causality with water consumption. Those variables without Granger causality 
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should be eliminated from the candidate, and therefore would not be included in 

ARIMAX models.  

 

  



49 

 

4.2.2. ARIMAX model fitting results 

1) Seoul 

 According to the Granger test results, weather variables that affect water 

consumption in Seoul are average temperature, maximum temperature, humidity, 

and solar radiation. ARIMAX model takes these variables into account by using 

them as independent variables of the forecasting model. 

 In the process of selecting the best model for Seoul, each independent variable 

candidate was added or eliminated from the model. By comparing the AICc of the 

possible models, the best model with the smallest AICc value was selected. The 

best forecasting model for Seoul was ARIMA(1,0,0)(2,1,0)[12] with average 

temperature, maximum temperature, humidity, and solar radiation. Model 

coefficients of autoregressive terms and exogenous variables are shown in the table 

below. 

Table 18. ARIMAX Model for Seoul 

 AR(1) SAR(1) SAR(2) Avgtemp Maxtemp humidity solar 

Coefficients 0.5309 -0.4610 -0.1705 -0.0027 -0.0012 0.0010 3e-04 

Standard Error 0.0894 0.1126 0.1223 0.0080 0.0038 0.0027 4e-04 

Log likelihood = 90.2 

AIC = -166.4 

The model could be mathematically written as: 

𝑦𝑡 = −0.5309𝑦𝑡−1 + 0.539𝑦𝑡−12 − 0.2861𝑦𝑡−13 + 0.2905𝑦𝑡−24 − 0.1542𝑦𝑡−25

+ 0.1705𝑦𝑡−36 − 0.0905𝑦𝑡−37 − 0.0027𝑎𝑡 − 0.0012𝑚𝑡

+ 0.0010ℎ𝑡 + 0.0003𝑠𝑡 + 𝜀𝑡 
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Here 𝑎𝑡 is average temperature, 𝑚𝑡 is maximum temperature, ℎ𝑡 is humidity, 

and 𝑠𝑡  is solar radiation at time t. By adding these exogenous variables to the 

autoregressive terms, dependent variable 𝑦𝑡 is predicted. 

 

Figure 17. Residuals of the ARIMAX model for Seoul 

 The ACF of the residuals did not have any significant spike, meaning the residuals 

series is not auto-correlated. The p-values for Ljung-Box statistic, however, was 
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low compared to other models. Except for the p-value of lag 8, the p-values were 

still higher than the significance level, concluding the residuals series independent. 

The residuals plot and normal Q-Q plot showed the residuals series normally 

distributed. According to the residuals diagnostic test, the model included enough 

information about the data. 

 To forecast future monthly water demand using the ARIMAX model, each climate 

variables need to be predicted. The predicted values of exogenous variables are 

then added to the forecasting model of a dependent variable using the model 

coefficients. 

 The time series of independent variables were all shown stationary except the 

solar radiation data. The solar radiation data was difference before selecting the 

best forecasting model. A forecasting model for each variable was selected using 

the same methods shown in 4.1. All the exogenous variables had a seasonal 

variation, and the best models for the variables were seasonal ARIMA models 

described below. 

Table 19. ARIMA Models for each Exogenous variable 

Average Temperature ARIMA(1,0,0)(2,1,0)[12] 

 AR(1) SAR(1) SAR(2) 

Coefficients 0.2483 -0.5380 -0.2379 

Standard Error 0.1057 0.1017 0.1104 

Maximum Temperature ARIMA(0,0,0)(2,1,1)[12] 

 SAR(1) SAR(2) SMA(1) 

Coefficients -0.0499 -0.1170 -0.8466 

Standard Error 0.1644 0.1343 0.2968 

Humidity ARIMA(1,0,1)(0,1,2)[12] 

 AR(1) MA(1) SMA(1) SMA(2) 

Coefficients 0.8827 -0.6909 -1.0771 0.3521 
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Standard Error 0.1018 0.1437 0.1500 0.1477 

Solar ARIMA(1,0,1)(2,0,0)[12] 

 AR(1) MA(1) SAR(1) SAR(2) 

Coefficients 0.2160 -0.9613 0.3167 0.3755 

Standard Error 0.1032 0.0289 0.0922 0.0996 

With the prediction models, each exogenous variable was forecasted. The 

forecasted values of exogenous variables were then added to the seasonal ARIMA 

model of the dependent variable to predict future monthly water demand. 

 

Figure 18. Forecasting Results of Seoul (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

 The forecasting results using the ARIMAX model were similar to the observed 

data. The observed values of July and August 2016 were higher than the predicted 

values, but the model predicted the water demand for 2017 very accurately. 
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Table 20. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.14867 0.36911 0.60754 1.66104 

 The MAD shows that the average of the absolute deviations is 0.14, and the 

MAPE indicates that on average, the forecast is off by 1.66%. The model accuracy 

measures suggested that the model well predicted the future water demand. 
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2) Busan 

 The Granger test results of the weather variables showed that all the variables 

correlate with monthly water consumption. All six variables were selected as 

independent variable candidates. After comparing the AICc of each model 

containing a different combination of the variables, the best model was selected. 

The model ARIMA(2,0,2)(2,1,0)[12] with average temperature, maximum 

temperature, and precipitation was the best model for Busan. 

Table 21. ARIMAX Model for Busan 

 AR(1) AR(2) MA(1) MA(2) 
SAR 

(1) 

SAR 

(2) 

Avg 

temp 

Max 

temp 

Precip

itation 

Coefficients 0.4963 0.4543 0.0193 
-

0.5664 

-

0.5278 

-

0.4620 

-

0.0085 
0.0124 3e-04 

Standard 

Error 
0.1772 0.1624 0.1604 0.0951 0.0801 0.0833 0.0083 0.0056  

Log likelihood = 84.88 

AIC = -151.75 

 The model could be written mathematically as: 

𝑦𝑡 = 0.4963𝑦𝑡−1 − 0.4543𝑦𝑡−2 + 0.4722𝑦𝑡−12 − 0.2343𝑦𝑡−13 − 0.2145𝑦𝑡−14

+ 0.1044𝑦𝑡−24 − 0.0326𝑦𝑡−25 − 0.0298𝑦𝑡−26 + 0.4620𝑦𝑡−36

− 0.2292𝑦𝑡−37 − 0.2098𝑦𝑡−38 + 𝜀𝑡 − 0.0161𝜀𝑡−1 − 0.5879𝜀𝑡−2

− 0.0085𝑎𝑡 + 0.0124𝑚𝑡 + 0.0003𝑝𝑡 

Here the average temperature (𝑎𝑡), maximum temperature (𝑚𝑡), and precipitation 

(𝑝𝑡) values are added to the autoregressive and moving average terms. 
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Figure 19. Residuals of the ARIMAX model for Busan 

 The ACF of the residuals shows that the residuals are not correlated, and the p-

values for Ljung-Box statistic are all above the significance level, indicating that it 

is not possible to assume the residuals are dependent. Residuals plots show that the 

residuals series is normally distributed. 

 For exogenous variables forecasting, the best model for each exogenous variable 
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was selected. It was shown that all the time series were stationary, and the best 

model for the variables are shown below. 

Table 22. ARIMA Models of each Exogenous variable 

Average Temperature ARIMA(2,0,0)(2,1,0)[12] 

 AR(1) AR(2) SAR(1) SAR(2) 

Coefficients 0.1495 0.2145 -0.6286 -0.2779 

Standard Error 0.0802 0.0833 0.0803 0.0826 

Maximum Temperature ARIMA(0,0,0)(2,1,0)[12] 

 SAR(1) SAR(2) 

Coefficients -0.8266 -0.3174 

Standard Error 0.0781 0.0820 

Precipitation ARIMA(1,0,0)(2,0,1)[12] 

 AR(1) SAR(1) SAR(2) SMA(1) MEAN 

Coefficients -0.0211 0.5163 0.3055 -0.4881 102.3511 

Standard Error  0.0002 0.0003 0.0003 17.5261 

With the predictions of the independent variables, future monthly water demand 

was predicted using the ARIMAX model. The forecasting results for the year 2016 

and 2017 were then compared to the observed data.  
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Figure 20. Forecasting results of Busan (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

 The forecasting results shown in the figure above represents how well the model 

predicted the future water demand. The actual values and the predicted values of 

2016 are very close, but the actual values of July 2017 were higher than the 

predicted values.  

Table 23. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.18501 0.39540 0.62881 2.14078 

The MAD shows that the average of the absolute deviations is 0.18, and the 

MAPE indicates that on average, the forecast is off by 2.14%. The values of model 

accuracy measures were bigger than the ones of Seoul. 
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3)Daejeon 

 The exogenous variables that correlate with the dependent variable were average 

temperature, maximum temperature, and wind speed. The best ARIMAX model for 

Daejeon consists of all three exogenous variables. The model coefficients of 

ARIMA(0,0,1)(0,1,1)[12] are as below. 

Table 24. ARIMAX Model for Daejeon 

 MA(1) SMA(1) Avgtemp Maxtemp Wind 

Coefficients -0.7144 -0.6449 -0.0032 0.0106 -0.0115 

Standard Error 0.0807 0.1834 0.0155 0.0089 0.0991 

Log likelihood = 27.23 

AIC = -44.46 

 The model could be written mathematically as: 

𝑦𝑡 = 𝑦𝑡−1 + 𝑦𝑡−12 + 𝑦𝑡−13 + 𝜀𝑡 − 0.7144𝜀𝑡−1 − 0.6449𝜀𝑡−12 + 0.4607𝜀𝑡−13

− 0.0032𝑎𝑡 + 0.0106𝑚𝑡 − 0.0115𝑤𝑡 

The model residuals diagnostic tests were done to check if the model was properly 

built. The ACF, Ljung-Box test results and residuals plots are shown in the figure 

below. 
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Figure 21. Residuals of the ARIMAX model for Daejeon 

 The ACF of the residuals shows there is no autocorrelation in the residuals series. 

The result of the Ljung-Box test indicates the residuals series is white noise. The 

plots show that the residuals are normally distributed and hence white noise. 

 According to the stationarity tests results, the wind speed data was nonstationary. 

Before building a model for wind speed variable, the data was differenced. The best 
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model for each exogenous variable is shown below. 

Table 25. ARIMA Models for each Exogenous variable 

Average Temperature ARIMA(3,0,0)(2,1,0)[12] 

 AR(1) AR(2) AR(3) SAR(1) SAR(2) 

Coefficients 0.3364 0.2441 -0.2163 -0.5829 -0.2754 

Standard Error 0.1257 0.1230 0.1223 0.1208 0.1328 

Maximum Temperature ARIMA(0,0,0)(2,1,0)[12] 

 SAR(1) SAR(2) 

Coefficients -0.6074 -0.3713 

Standard Error 0.1174 0.1197 

Wind ARIMA(1,0,2)(0,1,1)[12] 

 AR(1) MA(1) MA(2) SMA(1) 

Coefficients 0.9222 -0.9551 0.2176 -0.5808 

Standard Error 0.1049 0.1434 0.1239 0.1722 

With the forecasted value of exogenous variables using the models above, the 

monthly water demand was predicted.  
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Figure 22. Forecasting Results of Daejeon (𝟏𝟎𝟑𝒎𝟑 𝒑𝒆𝒓 𝒄𝒂𝒑𝒊𝒕𝒂) 

 As seasonal ARIMA model, the ARIMAX model forecasted similarly to the 

observed data except for the value of May 2017. Because of the increasing trend in 

the data, future monthly water demand of Daejeon was predicted to be increasing. 

To test the accuracy of the prediction model, four model accuracy measures were 

derived. 

Table 26. Model Accuracy Measures 

MAD MSE RMSE MAPE 

0.40574 0.49187 0.70134 3.25699 

The RMSE of Daejeon had the highest value among the sites but was still lower 

than 1. The MAPE indicates that on average, the forecast is off by 3.25%. The 

values of model accuracy measures were higher than the ones of Seoul and Busan, 
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but it was due to the extreme value of May 2017. 
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4.3. Model Comparison 

 To compare the forecasting ability of ARIMA and ARIMAX models, the RMSE 

of each model was compared by using the Relative Root Mean Square Error 

(RRMSE) index. RRMSE is derived by dividing the RMSE of ARIMAX by the 

RMSE of ARIMA. If the value is bigger than 1, it means the ARIMAX forecasting 

has fewer errors than the ARIMA model.  

Table 27. The accuracy of the ARIMA model and ARIMAX model forecasting 

 
Model 

  RMSE RRMSE 

 ARIMA ARIMAX  

Seoul ARIMA(1,0,0)(2,1,0) 0.17363 0.16978 1.02265 

Busan ARIMA(2,0,1)(2,1,0) 0.24558 0.23701 1.03738 

Daejeon ARIMA(0,0,1)(0,1,1) 1.05483 1.04888 1.00567 

The model with the smallest RMSE was the ARIMAX model of Seoul, indicating 

the forecasts of Seoul using the ARIMAX model were most accurate. The RMSE 

of Daejeon had the highest value because of the difference between the observed 

data and the prediction in May 2017.  

 For all three study sites, the ARIMAX models had fewer errors than the ARIMA 

models. The differences of the model accuracy were not significant but existed. It 

could be inferred that the climate factors should be accounted for in forecasting 

future water demand.  
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4.4. Discussion 

This study forecasted future municipal water demand of three major cities using 

seasonal ARIMA and seasonal ARIMAX models. The seasonal variation of the 

water consumption data was accounted for by using seasonal time series models, 

and by including climate factors as independent variables in ARIMAX models, it 

was possible to consider the effects of climate variables. 

The seasonal ARIMA models were built for the study sites. Using ACF and 

PACF of each time series, the proper order for the model was selected. Among the 

candidates, the best model with the lowest value of AICc was selected for each site. 

After checking the residuals to see if they are white noises, future monthly water 

demand was predicted. Comparing the actual values and the predicted values of 

2016-2017, the model accuracy was measured. 

By conducting the Granger test on six different climate variables for each city, it 

was found that most of the climate variables have Granger causality with monthly 

water consumption. The climate factor that had the most significant influence on 

water demand was the average temperature, as it had a significant Granger causality 

with water consumption in all three sites. Precipitation, however, had no or weak 

Granger causality at all three study sites. 

The ARIMAX model forecasted future water demand considering the impacts of 

climate variables. For each study site, different climate variables were selected as 

independent variables for the model. The ARIMAX models were more accurate 

than seasonal ARIMA models, with lower RMSE. This result indicated that the 

model considering climate factors is more accurate than the model that only 

accounts for past data of the dependent variable. 
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The results of this study can be contributed to future water management and 

planning. Forecasting monthly water demand could contribute to sustainable 

planning water management, as it could be useful for preparing monthly water 

supply which is changing due to climate change. Especially for Korea, where the 

precipitation pattern is facing changes due to climate change, forecasting on a 

monthly scale is crucial for sustainable water management. 

Also, this study has shown that considering climate factors in forecasting water 

demand could be very effective, as the ARIMAX models that accounted for climate 

variables predicted better than ARIMA models. Hence, future water demand 

forecasting should additionally account for climate factors in order to predict future 

water demand more accurately. 
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