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The operation and management of Angat Dam as a multipurpose dam for domestic,
irrigation, power, and flood control purposes, is governed by the operation rule curve of
dam water level. This study was conducted to understand the behavioral pattern and to
provide short-term forecast of the monthly closing water level of Angat Dam using the
Seasonal Autoregressive Integrated Moving Average (SARIMA) model, considering the
data from January 1990 to December 202 1. Series decomposition revealed the absence
of an overall trend component but the presence of seasonality in the dataset. An almost
perfect partial correlation between the closing water level of a certain month and the
preceding two months’ records was observed in the correlogram. Different SARIMA
models were evaluated and subjected to diagnostic checking and based on minimum
Akaike Information and Bayesian Information criteria, SARIMA (1,0,1) (0,1,1)12
model with estimated coefficients of ¢, = 0.8050, 01 = 0.2278, and @, = -0.999 was
selected to forecast the monthly closing water level of Angat Dam. The model fits
with a root mean square error (RMSE) of 4.79 meters, mean absolute error (MAE)
of 3.45 meters and coefficient of determination (R,) of 0.93. On average, the forecast
water levels of the best SARIMA model are off by around 1.8% of the actual value.
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INTRODUCTION

As water demand increases, the availability of
freshwater is likely to decrease. This demand originates
from agriculture, energy production, industrial uses, and
human consumption (UNESCO - WWAP 2021). In some
developing, and highly populated countries, a decrease
availability was apparent. The Philippines, particularly
Metro Manila which is the most congested Asian city,
has been experiencing water shortage (Laforga 2019).

The Angat Dam, a multi-purpose reservoir completed
in 1967 in Norzagaray, Bulacan, Philippines, is the
primary source of water for Metro Manila. It supplies
935 million gallons of water per day to water-deficient
areas which include Metro Manila and 18 municipalities
within the Metropolitan Waterworks and Sewerage
System franchise area (MWSS 2012). The water from
Angat Dam is distributed by Manila Water (east zone)
and Maynilad (west zone) which accounts for more
than 90% of Metro Manila’s water supply (Zansengco-
Schapero et al. 2013; Ibafiez et al. 2022). It also provides
water to the actual irrigated area of about 17,500 ha and
24,000 ha during the wet and dry cropping seasons,
respectively (Tabios and De Leon 2020). Moreover, the
dam helps minimize flood destruction and generates

246,000 kilowatt electricity required for the Luzon
Grid consumption (DOE 2023).

Angat Dam has a normal high water level (NHWL)
of 210 m during the flood season (May 1 to October 31)
and 212 m during non-seasonal flood season (December
1 to April 30) (NWRB 2009). The dam operating zone is
bounded by the NHWL and the minimum operating level
or critical level which is set at 180 m. The reservoir's
water level shall not be allowed to fall into critical level
or the drought zone, except during critical water shortage
periods, where water releases shall be provided in the
following order of priority: municipal use, irrigation use,
and river maintenance (NWRB 2009). In the first quarter
of 2019, roughly 12 million people were affected by
the water crisis in Metro Manila which was associated
with a continuous decrease of the water level of Angat
Dam (Sabillo 2019). In June 30, 2019, the water level in
Angat Dam was at 159.54 m which was 20.46 m below
its minimum operating level. Intermittent rainfall did not
cause significant rise in the water level of Angat Dam
due to the presence of a weak El Nifio in the tropical
Pacific (DOST-PAGASA 2019; Tejada et al. 2023). This
continuous decrease in the water level of Angat Dam
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implied a decrease in water allocations for irrigation
and agriculture to prioritize other purposes such as
domestic and industrial sectors (Rola and Elazegui 2008,
Jaranilla-Sanchez et al. 2013, Torio et al. 2019).

This critical situation of the Angat Dam water level
can be explored by a modeling procedure such as time
series analysis which has a wide range of applications in
hydrological studies. Time series analysis is used to detect
and describe quantitatively the underlying stochastic
processes in given observations, build mathematical
models used to generate synthetic hydrologic records,
forecast hydrologic events, detect trends and shifts in
hydrologic records, and fill in missing data and extend
records (Machiwal and Jha 2006). Time series of
historical records of a single hydrological parameter may
use the univariate Box—Jenkins method like the seasonal
autoregressive integrated moving average (SARIMA) to
predict the coming observations without looking for the
time series of other variables (Adhikary and Gupta 2012,
Tadesse and Dinka 2017; Gharde 2016). Many studies in
the field of hydrology utilized SARIMA for short-term
forecasting of river streamflow (Tadesse and Dinka 2017,
Moeenietal 2017; Abudu et al. 2010; Adnan et al. 2020;
Tarakanov et al. 2022), and rainfall (Wang et al. 2013;
Chang et al. 2012, Kokilavani et al. 2020), with only a
few focusing its application on the water level of natural
or man-made reservoir. In the previous years, the potential
of SARIMA in forecasting water level was explored at
Lake Malawi in East Africa (Mulumpwa et al. 2018), and
Lake Urmia in Northwestern Iran (Fathian et al. 2016).

In the case of Angat Dam, there were already existing
studies that intended to provide forecasts of using
time series models. One of those was done by Tabios
(2008) who developed an appropriate SARIMA model
with SAR(1) and SAR(2) parameters. Tabios’ (2008),
however, focused only on using inflow with 6-month
forecasting horizon. The forecasted inflow was then
incorporated as an input in the optimization-simulation
runs of Angat Dam. Moreover, in a recent study by /bariez
etal (2022),an ARIMA model was developed to forecast
Angat Dam water level at a different forecasting horizon.

Although there had been studies related to forecasting
of Angat Dam parameters, this study was conducted to
understand the behavioral pattern and to forecast the
monthly closing water level of Angat Dam. Closing water
was considered in the study because it has been used as
indicator variable or the basis for crafting the short-term
dam management of Angat Dam including the water
allocation for irrigation and domestic use. Specifically,
it can contribute to studying the feasibility of using a

single parameter in the feasibility of management despite
being multi-sectoral of Angat Dam. Hence, this study
considered components of historical closing water level
data to explain underlying behavioral pattern. It used
SARIMA Model for short-term forecasts of the monthly
closing water level of Angat Dam.

MATERIALS AND METHODS

The recommended methodology for SARIMA model
development and evaluation by Box and Jenkins (1976)
was adopted in this study (Figure 1).

The SARIMA is based on stochastic theory
considering the serial autocorrelation among the
realizations to identify an appropriate statistical model
to for the process (Valipour 2015). The fitting of the
model includes identification, estimation, and diagnostic
analysis. SARIMA (p,d,q)(P,D,Q) was defined using lag
operator B as:

9,(BYD (B )(1-B")Z,= 6,(B)O,, (B')a, (1)

where ¢(B) and 6(B) are polynomials of order p and
q, respectively; ®(Bs) and ®(Bs) are polynomials of
degrees P and Q, respectively; p (or AR) is the order of
non-seasonal auto-regression; d is the number of regular
differences; q (or MA) is the order of nonseasonal
moving average; P (or SAR) is the order of seasonal
autoregression; D is the number of seasonal differences;
Q (or SMA) is the order of seasonal moving average;
and S is the length of season. In this study, Z stands
for the monthly closing water level of Angat Dam. All
statistical calculations and analysis were done using R
software packages like forecast (Hyndman et al. 2022)
for fitting of candidate best SARIMA models and tseries
(Trapletti and Hornik 2022) for conducting stationary
test and tests on residuals. The significance level for all
conducted statistical procedures was set to 5%.

Data Preparation and Model Development

The water level record of Angat Dam from January
1990 to December 2021 was acquired from the
National Water Resources Board (NWRB). For model
development, the water level data obtained on the last
day of every month were utilized. The components of the
time series data which include secular trends, seasonal
variation, cyclical fluctuations, and irregular movements
were dissected to analyze and explain their underlying
behavioral pattern. The Mann Kendall trend test (Kendall
1955; Mann 1945) and the linear trend test was applied
for trend detection on the data.
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Data Preparation
-Transform data to stabilize variance
-Difference data to obtain stationary series

.

Model Selection

-Examine data, Autocorrelation Function (ACF) and Partial- e

Autocorrelation Function (PACF) to identify the initial model
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Phase 11

-Estimate parameters of candidate models
-Select candidate model (s) using suitable criterion
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:

Diagnostic

Check the residuals of candidate model(s) for adequacy
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Phase 111
Application

Forecast

Is model
satisfactory?

Figure 1. Methodology Framework of SARIMA Model used in this study for forecasting Angat
Dam Water Level. Adopted from Box and Jenkins (1976).

Model Identification and Parameter Estimation

To satisfy the requirement of SARIMA, the series
was examined for stationarity by examining an
Autocorrelation Function (ACF) plot, and conducting
Augmented Dickey Fuller (ADF) Test for Stationarity
(Dickey and Fuller 1979), Philips-Perron (PP) Test
(Phillips and Perron 1988) and Kwiatkowski-Philips-
Schmidt-Shin (KPSS) Test (Kwiatkowski and Phillips
1992). Necessary differencing was done to transform the
data into a stationary series and remove the presence of
seasonality.

The identification of the candidates and ordering of
the model were based on the observed significant spikes
in ACF and Partial Autocorrelation Function (PACF) of
the stationary series. From the identified initial model,
necessary underfitting and overfitting of orders were
considered to name the candidate models for diagnostic
checking and performance evaluation. The selection
of candidate models was based on the satisfaction of
invertibility property of the model and the significance
of the estimated parameters.

Diagnostic Checking, Measure of Fit

In determining the statistical adequacy of candidate
models, a diagnostic checking through residual analysis
was done. The residuals were checked if these were
uncorrelated or independent each other using the Ljung-
Box Test Plot (Jung 1978), have zero mean using t-test,
have constant variance using ARCH Engle’s Test For

Residual Heteroscedasticity (Engle 1982), and followed
normal distribution using Jarque-Bera Test (Jarqgue
1980). To determine the best fitted model, measures
of fit namely Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) were computed.

e, =2Z,—Z, (2
BIC = n3) (Z?=T'-l"§) @

Where Z is the actual water level at time t, ZAt is the
forecast water level at time t, e, is the forecast error
or residuals at time t, k is the number of estimable
parameters, and n is the number of observation points.

Model Evaluation and Forecasting

The evaluation of the performance of the selected
best model was done through out-sample validation
i.e., refitting the model by withholding the recent 10%
of the time series data (January 1990 to December
2017). The consistency of the model for forecasting
was checked with acceptable change in the values of
estimated parameters between the model development
set and model evaluation set. The model’s accuracies are
evaluated through coefficient of determination (R2), root
mean square error (RMSE), mean absolute error (MAE),
mean absolute percentage error (MAE), and Nash—



Journal of Environmental Science and Management Vol. 26 No. 2 (December 2023)

Sutcliffe —Efficiency (NSE):

2
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Where Z ,and VA ,1s the mean of the actual and fitted water
level until time t, respectively. Twelve-month horizon
of model forecasts from January 2021 to December
2021 were assessed using the best SARIMA model.
The performance of the model for dynamic forecasting
whichis based on real-time updating of monthly data
on a rolling basis, was also evaluated with three-month
forecasts horizon.

RESULTS AND DISCUSSIONS

The top image illustrates the time series plot of Angat
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Dam’s water level from January 1990 to December
2020 (Figure 2). Focusing on the last decade, the lowest
recorded monthly closing water level was 158.74 m in
June 2019, and the highest recorded water level was
214.37 m on January 2017. The graph shows seasonality
in the data with January as the peak and June as the
trough. This indicated that in every January of each year,
there was a high water level which decreased on the onset
of the summer season. After reaching its lowest point in
July, it began to rise again in September, near the end
of flood season. On years 2010, 2014, 2015, 2019, the
water level was observed below the minimum operating
level of the dam for more than three consecutive months,
coinciding with the past meteorological drought events
in the Angat watershed (7ejada et al 2023).

To further investigate the behavior of the data series,
its components were dissected with the plot on the
seasonality of the data as apparent every year (Figure 2).
Mann-Kendall trend test (p-value = 0.9873) and linear
trend test (y = 0.00135x + 196.5, p-value = 0.8350)
indicate the absence of overall trend in the given data
which supplemented the graph of the trend component.
The remainder component indicates the presence of
irregular fluctuations in the water level data through the
years.

200

Angat Dam
Water Level (m)

180

160

Seasonal

Trend

Irregularity

1990 1995 2000

2005

2010 2015 2020

Figure 2. Monthly closing water level (in meters) of Angat Dam from January 1990 to December 2020 (top image) and

its seasonal trend, and irregular components.



46
Models Identification and Parameter Estimation

The computed p-value for ADF, PP and KPSS test of
the original series indicates the stationarity at 5% level of
significance (Table 1).

The ACF correlogram of the original series shows
the presence of significant spikes observed at intervals
of every 12 months (12th, 24th, 36th lags, ....) (Figure
3). These spikes revealed that observed monthly flow
series was seasonally non stationary; hence, a seasonal
differencing (D=12 or lag 12) was done. The seasonally
differenced series (D=12) was determined to be stationary
based on the results of test statistics (Table 1).

In the ACF correlogram, there were relatively
long spikes indicating that there were existing
autocorrelations among monthly closing water levels
(Figure 4). This is understood since the current water
level is simply the accumulated water level that depends
on the waterlevels of the previous months. Moreover,
the PACF correlogram showed that the first and second
spikes were relatively long indicating an almost perfect
partial correlation between a certain month’s closing
waterlevel with that of the preceding two months’ closing
water level. In addition, the 13th spike was also long,
indicating a relatively high partial correlation between
the closing water level of a certain month and that of the

Forecasting of Monthly Closing Water Level of Angat Dam

same month of the previous year. For instance, closing
the water level for January is highly influenced by the
closing water level of January in the previous year. This
then indicates that there was seasonality in the series.

Therefore, the initial model is SARIMA (1,0,1)
(1,1,1),,. Upon overfitting and underfitting the parameters
by unity, only three models were identified to be invertible
and had a significant value of parameters based on Z-test
of coefficients (Table 2). Model 1 SARIMA (0,1,0)
(1,1,0),,, Model 2 SARIMA (1,0,1) (0,1,1),,, and Model
3 SARIMA (1,0,0) (0,1,1) .

122

Diagnostic Checking and Measure of Fit

Only Model 2: SARIMA (1,0,1) (0,1,1),, satisfied the
assumptions onmeanresiduals equal to zero, have constant
variance and independence with each other (Table 3).
The non-normality of the residuals of Model 2 should
not affect the evaluation of the forecasting capabilities
of the SARIMA model because this was not intended
to draw any inference about the coefficients or compute
confidence intervals (Hyndman and Athanasopoulos
2013). Model 2 also obtained the lowest AIC and BIC
that indicating its appropriateness to forecast the closing
monthly water level of Angat Dam among the candidate
models. The diagnostic check done for SARIMA (1,0,1)
(0,1,1),, which suggested that the residuals indeed

Table 1. Computed p-value on the stationary test for the original and differenced data sets (significance level sets as
5%) for the Angat Dam monthly closing water level.

Dataset ADF PP KPSS
Test Stat | p-value Test Stat p-value Test Stat p-value
Original Data -6.8966 <0.01 -90.0746 <0.01 0.0339 >0.1
Seasonally Differenced Data (lag 12) | -6.8966 <0.01 -61.7809 <0.01 0.0211 >0.1
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Figure 3. Observed Angat Dam monthly closing water level from January 1990 to December 2020: (Right) correlogram
of the estimated autocorrelation function (ACF) coefficients and (Left) estimated partial autocorrelation

function (PACF) coefficients.
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Table 2. Parameter estimates of candidate SARIMA
Models (significance level at 5%).

Model Parameter | Estimated Z-value
Coefficient (p-value)

1 | SARIMA AR (1) o, 0.8728 34.218 (<0.01)
(1,0,0) SAR (1) @, -0.4935 -10.377 (<0.01)
(15190)]2

2 | SARIMA AR (1) o, 0.8050 22.500 (<0.01)
(1,0,1) MA (1) 6, 0.2278 3.985 (<0.01)
(0,1,1),, [ SMA(1) ®, -0.9999 -18.32 (<0.01)

3 | SARIMA AR (1) o, 0.8617 22.500 (<0.01)
(1,0,0) SMA (1) ©, -0.9999 -19.597 (<0.01)
(05191)]2

ote: ¢ is the estimate of AR model parameter
0 is the estimate of MA model parameter

@ is the estimate of the seasonal AR model parameter
O is the estimate of the seasonal MA model parameter
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fluctuate around a mean of zero, have uniform variance,
and are not correlated (Figure 5).

Model Evaluation and Forecasting

The selected best model SARIMA (1,0,1) (0,1,1) ,
indicate that the monthly closing water level of Angat
Dam denoted as Z is not only reliant on its preceding
months’ data Z _, but also to its preceding shocks a,_
and a_,. The estimated parameters of SARIMA (1,0,1)
(0,1,1),, from the model development set are 0.8050
for AR (1), 0.2278 for MA (1), and -0.999 for SMA (1)
(Table 4). There were consistent values on the estimated
coefficients between models with model development
and evaluation set. Since the AIC and BIC decreased
for the out-sampled model and parameters were still
significant, the model is indeed consistent.

Table 3. Computed p-value for diagnostic checking of residuals and measure of fit of candidate SARIMA models
(significance level sets as 5%).

-0.1

12
Lag

24 36

Candidate Analysis of Residuals AIC BIC
Models | Vean Equal to Zero | Constant Variance | Normal Distribution Independence
(SARIMA) (t-test) (ARCH LM Stat) | (Jaqrue-Bera Stat) | (Q-Stat Box Test)
1 0.9218 <0.01 <0.01 <0.01 2350.58 | 2362.24
2 0.8091 0.0664 <0.01 0.8816 2211.76 | 2227.30
3 0.7938 0.0631 <0.01 <0.01 2224.94 | 2236.60
20
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Figure 5. Residual’s diagnosis of SARIMA (1,0,1) (0,1,1),, (a) times series plot of residual (b) correlogram (c) histogram

plus

estimated density.
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The time series and scatter plot of the actual versus
the fitted water level of Angat Dam were generated with
the model SARIMA (1,0,1) (0,1,1),, (Figure 6). The fitted
values were satisfactory based on the computed RMSE of
4.79 m, MAE of 3.50 m, and NSE of 0.872. The result of
MAPE indicated that, on the average, the forecast water
levels of SARIMA (0,1,0) (2,1,0),, are off by around 1.8%.

The 12-month lead forecast (January to December
2021) showed 80 and 95% confidence intervals of
SARIMA (0,1,0) (2,1,0),, (Figure 7). By the end of
2021, the model forecasted an Angat Dam water level
of 210.10 m which is higher than the recorded level of
202.80 m. It is observable that as the forecast go further
from the last actual data used in the model (December
2020) the uncertainty or the range between the upper and
lower limits of confidence intervals increases. To support

Forecasting of Monthly Closing Water Level of Angat Dam

the validity of SARIMA (0,1,0) (2,1,0),, through time,
simulations using additional new actual monthly values of
water level on a rolling basis were also evaluated (Figure
8). The upper right image shows that with the addition
of January 2021 data in the model development, the
forecast closing water level for February 2021 (red line)
was observed to be closer to the actual value (gray line)
compared to the 12-month led forecasts with December
2020 as the last data (blue line) (Figure 8). This is
consistent with the results on the PACF correlogram that
shows the dependency of the current water level with the
previous two preceding months (Figure 5).

Tabios (2008) suggests the need for dynamic
and anticipatory reservoir operating strategy in
themanagement of Angat Dam with the application of
forecasting in actual and real-time reservoir operations.

Table 4. Comparison of parameters estimate of the obtained best SARIMA Model in model development and model

evaluation set.

Parameter Model Development Set Model Evaluation Set
(1990-2020) (1990-2017)
AR (1) ¢, Estimated Coefficient 0.8050 0.8267
Significant Error 0.0358 0.0356
p-value <0.01 <0.01
MA (1) 6, Estimated Coefficient 0.2278 0.1770
Significant Error 0.0572 0.0595
p-value <0.01 <0.01
SMA (1) ®, | Estimated Coefficient -0.999 -0.999
Significant Error 0.0546 0.0511
p-value <0.01 <0.01
AIC 2211.8 1979.4
BIC 2227.3 1994.5
R2 0.93 0.93
RMSE (m) 4.79 4.67
MAE (m) 3.45 3.38
MAPE (%) 1.80 1.73
NSE 0.87 0.88
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Figure 6. Actual vs fitted Angat Dam monthly closing water level generated from SARIMA (0,1,0) (2,1,0),,.
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Figure 7. Actual and forecasted Angat Dam monthly
closing water level (in meters) from January
to December 2021 using SARIMA (1,0,1)
(0,1,1),, with in-sampling datasets.
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The developed SARIMA model in this study could be a
supplement tool for short-term forecasting of Angat Dam
water level without looking for the time series of other
variables. Modeling of dam water level was a challenge
because it should factor in both the watershed’s hydro-
meteorological response and the reservoir’s management
and operation.

CONCLUSIONS AND RECOMMENDATIONS

The current reservoir operations procedures in Angat
Dam are governed by the rule curve of dam water level.
This parameter has been used as indicator variable or the
basis for crafting the short-term management of Angat
Dam including the water allocation for irrigation and
domestic use. Forecasting of this parameter is valuable
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Figure 8. Actual and forecasted Angat Dam monthly closing water level (in meters) from February to July 2021 using
SARIMA (1,0,1) (0,1,1),, using the datasets from model development set (blue line) and with additional new
actual values (red line). Blue line has 12-month forecasts horizon while the red line has 3-month forecasts

horizon.
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because it could give decision-makers horizon for
planning and executing operations to minimize potential
risks and optimize solutions. In this study, time-series
analysis was executed to understand the past behavioral
pattern and provide short-term forecast of Angat Dam
water level. Series decomposition revealed the absence
of over-all trend component but presence of seasonality
in the dataset. The correlogram shows an almost perfect
partial correlation between a certain month’s closing
water level with that of the preceding two months’
closing water level. The best identified model SARIMA
(1,0,1) (0,1,1),, offers a satisfactory and adequate short-
term forecast of the monthly closing water level of Angat
Dam with RMSE of 4.78 m, MAE of 3.45 m, NSE of
0.87 and MAPE of 1.8%. This study also demonstrated
the adequacy of the model for dynamic forecasting based
on real-time updating of monthly data on a rolling basis.

The developed SARIMA model in this study could
be improved by implementing SARIMAX which support
other important exogenous variable such as rainfall, dam
inflow, and demands. Other computational intelligent
techniques  self-exciting  threshold autoregressive
(SETAR), multivariate adaptive regression splines
(MARS), and random forests (RF) models can be
explored in future studies for model comparison and
improvement.
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