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ABSTRACT

T he need to create the optimal water quality management process has motivated researchers to
pursue prediction modeling development. One of the widely important forecasting models is the
sessional autoregressive integrated moving average (SARIMA) model. In the present study, a
SARIMA model was developed in R software to fit a time series data of monthly fluoride
content collected from six stations on Tigris River for the period from 2004 to 2014. The
adequate SARIMA model that has the least Akaike's information criterion (AIC) and mean
squared error (MSE) was found to be SARIMA (2, 0, 0) (0,1,1). The model parameters were
identified and diagnosed to derive the forecasting equations at each selected location. The
correlation coefficient between the actual and predicted values for fluoride concentration at the
six locations, Al-Karakh, East Tigris, Al-Wathbah, AL-Karamah, Al-Rashid and Al-Wahda
WTP intakes, was 0.93, 0.82, 0.86, 0.90, 0.83 and 0.89, respectively. Model verification results
indicated that the model forecasting outputs rationally estimated the actual monthly fluoride
content in the selected locations.

Keywords: water quality management, time series analysis and prediction, SARIMA model, R software.

(R) 74t 2 J2354 (SARIMA) aladinady Alaa jgd 8 (g ) 1) s 5lill (g ginay gl

TA O she Ly a0 orad Cpa auly 30 Laallae Mg ciblge 3 a0
Fiadl) Ravigl and Agiaal) Luavigl) o Aiadl) Ausvigl
oz daala/Asaigl) 4408 sy daala/Auaigl) 4,1€ alazy daala/Auigl) 418
LAY

il CJLAJ Credal g, ganil) CJLA.} skt Alal el pfialil) & e 28 sliall due 533 HlaY (il (-a\.Lu S Aalald)
48154 (R) @ebin ¢l (SARIMA) zised sk o A ll oda (3 (SARIMA) LY dasd 5l 5 degal
3 35 (2014-2004) e Aia 3l 5 AL Ao Jes (@ se A 5ol ) (s siaal Fie 1 Judlud)
(01¢1) oS3 (SARIMA) 4ais (MSE) Wil @ 30 Jaxe 4ad 5 (AIC) 4 Jil o 20l siaY cansil) 3 ol
Aladll 2l 0 Jal )Y Jalre Baasall @l gall JS 8 5iil) hYolae GLELY Cuadiliy < je 3 23 saill allaa (2:040)
<0.82 ¢0.93 S sas gl 5 )l Aal JSI Aol Alan (3,8 o SI 23l Al a8l pall B o ) Slall 5 53 Aa gl
S (5 gima 8 8 3 sall il @l o sl JLAT il iy B 5 e 0.89 50.83 ¢ 0.90 <0.86
S 5l adl sall & Aedll (g el

"R 2l SARIMA g5t ¢ i 3 Judall il 5 (s olial) e 555 513 sigunsi ) ilals

75


mailto:d.alsaqqar@yahoo.com

Number 8 Volume 22 August 2016 Journal of Engineering

1. INTRODUCTION

Water quality is a critical subject of the ongoing environmental concerns. Impairment of water
quality has motivated researchers to develop methods to monitor water characteristics. Usually
monitoring water quality in lakes, streams and rivers is performed through the conventional
methods which involve field measurements and laboratory analysis. The conventional methods
are useful for small water surfaces. However, for large areas, the conventional methods are
expensive and incapable for monitoring and evaluating of regional water quality when numerous
sampling locations need to be evaluated periodically , Hirsch et al., 1982. Therefore, thoughtful
water quality management efforts have been taken into consideration in many countries to be
utilized in conjunction with conventional methods.

Water quality management includes modeling, forecasting and analysis of water bodies’ quality.
Developing precise forecasting model of future water parameter is the essence of optimal water
quality management. Modeling methods have been improved with the continued development of
computer science and statistics particularly for discovering time series data patterns. Time series
prediction is ongoing area of forecasting approaches. Past collected observations of the same
parameter are investigated to create a model that describes the underlying relationship.
Afterwards, the developed model is used to estimate the parameter in the future.

One of the most useful and important time series prediction models is the autoregressive
integrated moving average (ARIMA) model , Sowell, 1992. The advantages of the ARIMA
model can be attributed to its statistical characteristics, represented by the famous Box—Jenkins
methodology ,Harvey, 1990 in the model building process. Moreover, ARIMA models can be
performed to represent several exponential smoothing applications including environmental
applications ,Williams and Hoel, 1999. The development of ARIMA models have continued
over decades. The basic ARIMA model has been implemented to include pure autoregressive
(AR) or pure moving average (MA). Then, it was developed to combine both autoregressive and
moving average (ARMA) compounds. To implant this model for non-stationary time series data,
the integrated compound was included in the model to be the ARIMA model. Afterwards, studies
have investigated the effect of seasonality on fitting an accurate ARIMA model and found that
seasonality causes weakly stationary condition. Therefore, seasonal compound was added to the
original ARIMA model to decompose a time series data uniquely into equally independent
additive seasonal, trend, and irregular noise components Hillmer and Tiao, 1982, Williams and
Hoel, 2003. Recently, the seasonal ARIMA (SARIMA) model has been used for water quality
management applications, Lehmann and Rode, 2001, Kurung et al., 2005.

Various programing languages and statistical software were utilized to build SARIMA models
such as Matlab language, SAS and Stata software. To date, R software is rarely used in modeling
processes of water management applications. R is a language and environment similar to the S
language which is used for statistical applications. R offers a variation of statistical techniques
that can be utilized for linear and nonlinear modelling, statistical tests and time series analysis.
Unlike the other statistical software and environments, R software is a free software which gives
the advantage of being an open source in the modeling methodology.

In the present study, Time series analysis of monthly fluoride content was carried on using R
software. Also, R software was used to code and construct a SARIMA model to forecast monthly
fluoride concentration in Tigris River.
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2. MATERIALS AND METHOD
2.1 Study Area and Data Collection

The study area in this work is Tigris River in Baghdad City. This river is considered the
main source for Baghdad City water supply systems. Sample collection locations were chosen to
represent water quality in the main flow stream, including upstream, downstream and between at
different water treatment plant intakes. Al-Karakh and East Tigris WTP intakes represent the
upstream flow locations, Al-Wathbah and AL-Karamah WTP intakes represent in between
upstream and downstream location, and Al-Rashid and Al-Wahda WTP intake represent
downstream locations. The data used in this study were provided from Baghdad Mayoralty
(Amanat Baghdad)-Water office which represents the fluoride content at the selected locations
which were measured monthly according to the standard methods for water and wastewater
examination , APHA et al., 2005. Monthly time series data of fluoride concentration from 2004
to 2014 was used in this study.

3. MATHEMATICAL STRUCTURE OF SARIMA MODEL

This model assumes that the predicted value of a variable is a linear function of multi
previous observations with random errors, Box et al., 2011. The model structure is identified as
the below expression:

ARIMA (p, d, g)(P, D, Q)s

This expression can be broken down into two terms, non-seasonal and seasonal terms and the
mathematical formula of a SARIMA is presented in Eg. (1):

@p(B)DpP(B5)VIVYy, = 9,(B)6,(B*)e; 1)
Where:
p and ¢,,: the order of auto-regressive (AR) and the AR operator of order p, respectively.

P and @p: the order of seasonal auto-regressive and the seasonal AR parameter of order P,
respectively.

B: the backshift operator of y;.

d and V¢: the order of integration and the differencing operator, respectively.

D and V2: the order of seasonal integration and the seasonal differencing operator, respectively.
g and 9, order of moving average and the MA operator of order g, respectively.

Q and 6,: order of seasonal moving average (MA) and the seasonal MA parameter of order Q,
respectively.

s : The seasonal period.

¥ - The value at time point t.
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e; . The white noise (random walk) of the stochastic model.

To fit predictive equations for fluoride content in the selected locations, a SARIMA model was
constructed by proceeding multi steps, model identification, parameter estimation, diagnostic
checking and model validation.

3.1 SARIMA Model Development

As mentioned above a SARIMA model was constructed for fluoride concentration at
each location. An R software code was developed to construct the SARIMA model. Time series
inputs for fluoride concentration from 2004 to 2012 were used to develop the SARIMA model.
Data from 2013 to 2014 was used to validate the constructed model. To fit the optimal SARIMA,
model parameters, p, P, d, D, g, Q, s, were identified. Parameter identification was performed
based on examining the autocorrelation (ACF) and partial autocorrelation (PACF) functions of
the transformed data. Additionally, it was examined to give the minimum Akaike's information
criterion (AIC) and mean squared error (MSE). After identifying the model, the model was
diagnosed and verified for being appropriately fitting the series. The diagnostic process was
conducted by examining the model residuals based on its ACF, normal quantile-quantile plot (Q-
Q plot) and Ljung-Box statistics results (Box et al., 2011). Validation of the model was
performed by running correlation analysis to determine whether predicted and actual data are
significantly different or not.

4. RESULTS AND DISCUSSION:

Fig. 1 shows monthly data variation of fluoride concentration at each location for the
study period. The monthly data was examined for its stationary condition. This was achieved by
performing Augmented Dickey-Fuller test to decide if transformation of the data is neede |,
Harvey, 1990. The time series input was found to be not stationary (p>0.05). Seasonality could
result in nonstationary condition. Mainly, this is possible due to the difference between the
average values at some particular times within the seasonal period and the average values at
other times. Therefore, the monthly data was differentiated to yield stationary input series with
respect to yearly periodicity by seasonally transformation.

4.1 SARIMA model construction

To fit the optimal SARIMA model parameters for fluoride data series, several trails were
performed. The model parameters were chosen based on the statistical residual diagnostic test.
Time series inputs from 2004 to 2012 were used for model calibration and to find the adequate
model that fits fluoride content in each location. Data from 2013 to 2014 were used for model
verification. The data was differentiated to overcome seasonal effects.

To identify and find the persistence model structure, the ACF, PACF, MSE and AIC were tested.
The best fitted model was chosen to give the least ACF, PACF, MSE and AIC values. The most
appropriate SARIMA model included non-sessional and sessional compounds. The model
parameters, p,d,q, P,D, Q, s, were 2, 0, 0, 0, 1, 1, 12, respectively, for all locations. The
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SARIMA (2, 0, 0) (0, 1, 1)1, equation was derived from equation 1 based on the selected model
compounds. Equation 2 is the SARIMA (2, 0, 0) (0, 1, 1)1, equation

yt:(plyt_l+(p2yt_2+yt_12'(p1yt_13' (p2yt_14+et+elet-12 (2)

To compute the model parameters, the computational steps proposed by , Box and Jenkins,
1976. were followed. The residuals of the computed parameters were diagnostic to make sure
that the adequate model was selected for their independence, constant variance and normality.
Fig. 2 shows the results of the statistical residual diagnostic test for the selected model of the
monthly fluoride content collected at the East Tigris WTP intake. This test showed similar
results for the other locations. According to, EI-Din and Smith, 2002, to estimate a decent
prediction model, the residuals of the fitted model should satisfy the white noise method
requirements which should be uncorrelated and normally distributed around a zero mean. The
statistic test showed that the ACF values of the residuals and p value were adequately distributed
within confidence limits (98%) and no significant “spikes” among 35 lags which confirms the
normality of the residuals. Also, the results exhibited no significant correlation between the
residuals of the fluoride content at each location. Moreover, the normal quantile-quantile plot (Q-
Q plot) exhibits that the residuals were laying closely on the theoretical line, which obviously
supports the normality of the residuals. The diagnostic test showed that the selected SARIMA
model is appropriately fitting the time series data.

Based on the above analyses, the model parameters were selected. Table 1 demonstrates the
sessional compounds as well as the MSE and AIC for the selected model at each location. The
results exhibit that the fitted model for fluoride content at Al-Wathbah WTP intake has the
highest MSE among the other location. The forecasting equation for each location can be
determined by substituting the corresponding computed parameters to each location from Table
1in Eq. (2).

4.2 Monthly Fluoride Content Prediction and Verification

Using the fitted SARIMA model, monthly fluoride concentration at each location was predicted
for the period from 2013 to 2016 as shown in Fig. 3. Predicted data from 2013 to 2014 was
compared to the actual data to verify the fitted model. Fig. 4 shows the correlation between the
actual data and the predicted data at each location. The correlation coefficient between the actual
and predicted values for fluoride concentration at Al-Karakh, East Tigris, Al-Wathbah, AL-
Karamah, Al-Rashid and Al-Wahda WTP intakes was 0.93, 0.82, 0.86, 0.90, 0.83 and 0.89,
respectively. These values are acceptable in common model applications, Faruk, 2010, Zhang,
2003, Nourani et al., 2011. Model verification results state that the model forecasting outputs
reasonably estimated the actual monthly fluoride content in the selected locations.

5. CONCLUSIONS

In the last few decades, time series analysis and prediction have been considered a
dynamic study area. Researchers have never stopped to improve the accuracy efficiency of
prediction models of water quality. Using R software, an effective SARIMA model was
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developed for monthly fluoride concentration in Tigris River. The model validation
demonstrated that the fitted model is adequately forecasting monthly fluoride content. The
outcomes of this study are necessary in the environmental applications especially with the raised
concerns regarding water bodies impairment phenomenon.
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Table 1. Summary of the statistical parameters of the selected SARIMA model fitted to fluoride
concentration at all locations.

Plant O} ©, 0, AIC MSE
AL_KARAKH 0.4974 | 0.3788 -1 -7.0644 | 0.000261
EAST TIGRIS 0.4413 | 0.327 |-0.9999 [ -6.5953 | 0.00041

AL-WATHBAH 0.4458 | 0.2069 -1 -4.8524 1 0.00235
AL-KARAMAH 0.461 |-0.0879 | -0.7834 | -6.0299 | 0.00074
AL_RASHID 0.2707 | 0.0539 | -0.7947 | -6.0299 | 0.0013

AL_WAHDA 0.3943 | -0.0758 | -0.775 | -6.1358 | 0.00082
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Figure 1. Box plots of monthly fluoride concentration data from 2004 to 2014 at different WTP
intakes. a) Al-Karakh WTP intake. b) East Tigris WTP intake. ¢) Al-Wathbah WTP intake. d)
Al-Karamah WTP intake. €) AL-Rashid WTP intake. f) Al-Wahda WTP intake.
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Figure 2. The residual statistical results of the fitted model for monthly fluoride content at the
East Tigris WTP intake.
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Figure 3. Prediction of monthly fluoride content at various locations in Tigris River. Black solid
line is the actual data from 2004 to 2012 used to calibrate the model. Blue solid line is the
predicted data for the period from 2013 to 2016. Gray areas shows the upper and lower limits of
the predicted values based on 95% confidence intervals. a) Al-Karakh WTP intake. b) East Tigris
WTP intake. ¢) Al-Wathbah WTP intake. d) Al-Karamah WTP intake. e) AL-Rashid WTP
intake. f) Al-Wahda WTP intake.
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Figure 4. Actual versus predicted fluoride concentration data for correlation analysis at the
selected locations. a) Al-Karakh WTP intake. b) East Tigris WTP intake. c) Al-Wathbah WTP
intake. d) Al-Karamah WTP intake. e) AL-Rashid WTP intake. f) Al-Wahda WTP intake.
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