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Abstract: A reservoir is an integrated water resource management infrastructure that can be used for
water storage, flood control, power generation, and recreational activities. Predicting reservoir levels
is critical for water supply management and can influence operations and intervention strategies.
Currently, the water supply monitoring index is used to warn the water level of most reservoirs.
However, there is no precise calculation method for the current water supply monitoring index to
warn about the adequacy of the domestic water demand. Therefore, taking Feitsui Reservoir as an
example, this study proposes a new early warning water survival index (WSI) to warn users whether
there is a shortage of domestic water demand in the future. The calculation of WSI was divided into
two stages. In the first stage, the daily rainfall, daily inflow, daily outflow, and daily water level of
the Feitsui Reservoir were used as input variables to predict the water level of the Feitsui Reservoir
by the machine learning method. In the second stage, the interpolation method was used to calculate
the daily domestic water demand in Greater Taipei. Combined with the water level prediction results
of the Feitsui Reservoir in the first stage, the remaining estimated days of domestic water supply
from the Feitsui Reservoir to Greater Taipei City were calculated. Then, the difference between the
estimated remaining days of domestic water demand and the moving average was converted by the
bias ratio to obtain a new WSI. WSI can be divided into short-term bias ratios and long-term bias
ratios. In this study, the degree of the bias ratio of WSI was given in three colors, namely, condition
blue, condition green, and condition red, to provide users with a warning of the shortage of domestic
water in the future. The research results showed that compared with the existing water supply
monitoring index, the new WSI proposed in this study can faithfully present the warning of the lack
of domestic water demand in the future.

Keywords: reservoir water level prediction; water supply monitoring index; machine learning; water
survival index; bias ratio

MSC: 68T05; 68Q32

1. Introduction

Water is an essential resource for many economic activities, and if unchecked or mis-
handled, it can lead to problems in economic development. The chip industry contributes
significantly to Taiwan'’s overall economy but requires much water to clean the wafers.
Suppose Taiwan’s reservoirs run dry or there is insufficient water supply. In that case, it
could be terrible for the global electronics industry because Taiwan’s dominant position in
the global semiconductor foundry means that supply chain bottlenecks caused by drought
may manifest as shortages of consumer electronics [1,2]. In 2021, the northern part of
Taiwan was hit by drought, which also affected Hsinchu Science Park, causing a massive
impact on the country’s economy.
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A reservoir is an integrated water resource management infrastructure for water
storage, flood control, power generation, and recreational activities [3,4]. If the changing
trend of reservoir water level can be understood in advance, the application of these water
resources will be significantly improved [5]. Floods related to the flooding of reservoirs
and lake or river levels are significant problems for protecting life and property. At the
same time, low water levels may also cause considerable impacts on water quality, river
navigation, and aquatic ecosystems [6]. Therefore, proper planning and management of
water resources is a necessary condition for the future world [7]. The current warning
for reservoirs uses the water supply monitoring index, which uses water supply units to
hold scheduling coordination meetings and make decisions based on the weather provided
by the Meteorological Bureau. However, without a clear standard, the water supply
monitoring index cannot give people an actual water supply situation.

In recent years, many methods have been developed to predict the water level of
reservoirs and lakes. For example, in [8] a wavelet-based artificial neural network, WANN)
and a wavelet-based adaptive neuro-fuzzy inference system (WANFIS) were used to predict
the daily water level. In [9], a feedforward neural network (FFNN) and deep learning
(DL) were used to predict the water level of Lake Poland one month in advance. In [10],
the observed water levels for the previous three days were utilized and machine learning
was incorporated to predict the daily water levels for the next day. In [5], fuzzy neural
networks were used, and the total inflow of the reservoir was subtracted from the total
flood discharge to predict the reservoir’s water level in advance for the first 48 h. However,
these studies only predicted the reservoir’s water level and did not make an in-depth
analysis of how to manage and warn of the water resources needed in the future.

On the other hand, domestic water demand forecasting is indispensable in short-
and long-term management plans. In [11], new artificial neural network technology was
used to predict weekly water consumption at the Indian Institute of Technology, Kanpur.
In [12], daily water consumption and climate data were used to construct a combination of
artificial neural networks (ANNSs) and time series models to predict future daily domestic
water demand in Khobar City, Saudi Arabia. Zubaidi et al. [13] used a new method
combining discrete wavelet transform (DWT) and an adaptive neurofuzzy inference system
(ANFIS) to predict monthly urban water demand according to several intervals of historical
water demand.

There are three criteria used to evaluate the water resources system. These measures
describe the possibility of system failure (reliability), the speed of recovery from failure
(resiliency), and the severity of the consequences of failure (vulnerability) [14]. These
criteria can be used to help evaluate and select an alternative design and operational
policies for various water projects. It is hoped that water resources are better managed and
treated under water shortages [15]. The water-shortage index (SI) and generalized water-
shortage index (GSI) used in the analysis were evaluated and modified by considering the
cost of damage caused by water supply failures and the construction cost of water supply
systems in South Korea [16]. Previous reservoir studies mainly focused on water quality,
the ecological environment, risks, and uncertainties, but there is no further analysis and
application of the reservoir water level, and the main problem is the lack of a reliable model
to simulate the impact of the water level on the reservoir operation [17-19].

The current hydrological warning system used in Taiwan is the supply monitoring
index, which the Water Resources Department publishes to let the public know the water
supply and demand situation. At present, the supply monitoring index of the reservoir
uses the water supply and water units to hold water resource management meetings and
make decisions, according to the future weather provided by the Meteorological Bureau, to
decide whether to take relevant measures and change the warning situation. However, the
water supply monitoring index has yet to give a clear standard, so the public cannot know
when these states will change, and so it cannot give the public an actual water situation.
Therefore, this study uses a data-driven water survival index to help calculate the estimated
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remaining days of domestic water demand for people in greater Taipei to help the public
and decision-makers provide more practical information and decision-making ability.

This study proposed a new early warning water survival index (WSI) for the Feitsui
Reservoir. The calculation of the WSI was divided into two stages. In the first stage, daily
rainfall, daily inflow, daily outflow, and daily water level of Feitsui Reservoir were used as
input variables, and the machine learning method was used to predict the water level of
Feitsui Reservoir on subsequent days. In the second stage, the interpolation method was
used to calculate the daily domestic water demand in Greater Taipei City. Combined with
the water level prediction results of the Feitsui Reservoir in the first stage, the remaining
estimated days of domestic water demand from the Feitsui Reservoir to Greater Taipei City
were calculated. Then a new early warning WSI was obtained by converting the distance
between the estimated remaining days of domestic water demand and the moving average
by bias ratio. The WSI could be divided into a short-term 6-year bias ratio (WSl j) and a
long-term 12-year bias ratio (WSl j). According to the degree of the bias ratio of the WSI,
condition blue, condition green, and condition red were given to warn users whether there
would be a shortage of domestic water demand in the future.

2. Preliminary
2.1. Water Supply Monitoring Index

Regarding the latest meteorological forecasts of the Central Weather Bureau and the
information on rainfall and reservoir storage in various regions, the Water Resources
Department of the Ministry of Economic Affairs, after a comprehensive assessment of
the latest water situation of each water supply area in Taiwan, represents the latest water
situation by a condition light signal. Condition blue means the water situation is normal,
condition green means water supply preparedness, condition yellow represents reducing
the water pressure, condition orange represents reducing the water supply volume, and
condition red means a rotating water supply. The water supply monitoring index issued by
the Water Resources Department is used to provide the public with a clear understanding
of the supply and demand situation of water resources to strengthen water conservation. In
practice, the system first defines the appropriate water resource allocation area according
to the characteristics of the local water supply system, and then the water resources bureau
of each district of the Water Resources Department establishes the water resources early
warning index according to the characteristics of meteorology, hydrology, water sources,
and the water supply system of each water resources dispatching area under its jurisdiction,
which serves as the corresponding index for initiating relevant countermeasures and
the relevant units after the confirmation of the condition light. When the pre-warning
conditions of blue, green, yellow, orange, and red stages are reached, the water supply and
water use units are invited to hold a water supply scheduling and coordination meeting
according to the procedure, after referring to the future meteorological outlook, and then
they will decide what measures to take and whether to change the condition lights and
review the response measures and light signal content on a rolling basis. According to the
principle, condition blue and condition green should be evaluated once a month; condition
yellow, condition orange, and condition red should be evaluated once every ten days; and
the frequency should be increased if.

Currently, most reservoir-level warnings use the water supply monitoring index
without any standard. However, there should be a standard way to calculate the water
supply monitoring index to warn of the adequacy of water storage in the reservoir.

2.2. Water Level Prediction

Water levels play an essential role in social well-being and economic livelihoods, and
the accurate prediction of reservoir water levels is essential for optimal water resources
management. Changes in the water level can affect the physical processes of a lake or
reservoir, thereby further affecting water quality and aquatic ecosystems. Therefore, the



Mathematics 2022, 10, 4478

40f19

International Joint Commission (IJC) advocates that the existing water level monitoring
and prediction methods should be improved.

In recent years, there have been several studies on water level prediction. Chang and
Chang [20] used an Adaptive Network-Based Fuzzy Inference System (ANFIS) to build
a reservoir prediction model. In total, 132 typhoon records and rainstorm events were
used, as well as 8640 h datasets collected from the past 31 years. Ehteram et al. [21] used
an improved Adaptive Neuro-Fuzzy Inference System (ANFIS), a Multilayer Perceptron
(MLP) model, and the Sunflower Optimization (SO) algorithm and carried out a lake level
simulation. Tsao et al. [5] used fuzzy neural networks to predict the water level of the Techi
Reservoir in three stages. In the first stage, the reservoir inflow of the Techi Reservoir was
estimated, and the water inflow directly into the reservoir was estimated by considering
the electricity /water ratio of the hydroelectric units and the flood discharge volume. The
second stage was 48 h ahead of reservoir inflow prediction, considering the impact of upper
basin observations, and numerically predicted the effects of rainfall on future inflow and
current inflow estimation measurements to predict 48 h Techi reservoir inflow. The third
stage output the water level of the Techi Reservoir.

2.3. Domestic Water Prediction

In recent years, water crises have emerged due to rapid urbanization and climate
change, and accurate prediction of urban water demand has become more critical for many
cities and demand operating systems for real-time data. Related studies on domestic water
demand prediction are as follows.

Zubaidi et al. [22] used signal preprocessing methods to analyze water consumption
in Baghdad and then applied autoregressive (AR) models to predict monthly water con-
sumption. Zubaidi et al. [23] used an artificial neural network (ANN) model to predict
urban monthly water demand by optimizing the latest slime mold algorithm (SMA-ANN).
Mu et al. [24] compared the performance of the LSTM-based model with the autoregressive
integral moving average (ARIMA) model, support vector regression (SVR) model, and the
random forest (RF) model for basic and seasonal water consumption.

2.4. Hydrologic Indicators

In recent years, the number of socioeconomic drought events has increased, leading in
many cases to significant economic losses [15]. Drought, or lack of water, can be indexed.
The Palmer Drought Severity Index (PDSI) is a dryness measure based on precipitation
and temperature that defines the amount of water needed for “climate-appropriate pre-
cipitation” and the actual precipitation and its difference to define the water profit and
loss situation. PDSI is a drought index that can objectively and reasonably quantitatively
describe a drought [25]. McKee et al. [26] proposed the Standardized Precipitation Index
(SPI). SPI is calculated by the rainfall status of the local long-term climate and reflects the
possibility of rainfall observation. The more severe the drought, the greater the negative
value of SPI. Vicente-Serrano et al. [27] proposed the Standardized Precipitation Evapotran-
spiration Index (SPEI), which can reflect the duration of drought, making it an ideal index
for assessing, monitoring, and evaluating drought in the context of global warming [28].

2.5. Machine Learning

Machine learning (ML) is an artificial intelligence (AI) branch that focuses on training
computers to learn from data and improve upon the experience. In machine learning,
algorithms are trained to look for patterns and associations in large datasets and make
decisions and predictions based on that analysis. The following describes several machine
learning methods used in this study.

2.5.1. Random Forest

In machine learning, random forests combine the outputs of multiple decision trees
to reach a single result. This study adopted the same random forest (RF) algorithm as
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Breiman [29]. However, the random forest algorithm originally evolved from random
decision forests proposed by Ho [30]. Breiman [29] extended Ho’s algorithm and developed
its application in many aspects. Zhang et al. [31] used the bootstrap resampling method
to extract multiple samples from the original sample and modeled a decision tree for
each bootstrap sample. This model increases the diversity of decision trees by having
backtracking samples and randomly changing different trees. Then, the prediction of
multiple decision trees was combined and averaged to obtain the final result.

2.5.2. M5 Model Trees

The M5P algorithm of Quinlan [32] was used in this study. There is a set of training
samples (T); each training sample has a set of fixed attributes, namely, input values, and a
corresponding target, namely, output values. Initially, T is associated with the leaves of the
stored linear regression function or split into subsets considering the output, and the same
process is then recursed on the subsets [10]. In this process, the appropriate attributes are
selected to split T. In order to minimize the expected error of a specific node, a splitting
criterion is needed, and the standard deviation reduction is the expected error reduction.
As shown in Equation (1),

SDR = sd(T) — }_ [Til og 1)
— T

2.5.3. Multiple Linear Regression

Multiple linear regression is a classical statistical tool and supervised machine learning
algorithm used to formulate complex input and output relationships [33]. This study
adopts the same method as that adopted by Niu et al. [34], which estimates the output
value according to the input characteristics of the data of the input model. In regression,
features derived from the dataset are used as inputs to the regression model to predict
continuous value outputs. This prediction is made by learning the relationship between
the input x and the output y. Multiple linear regression models are applicable, where the
objective is to find an approximately linear function between a set of independent and
dependent variables. The regression line in MLR can be expressed as Equation (2):

y=Bo+Biat - +PBixit t+Puxte )

2.5.4. Support Vector Regression

Cortes and Vapnik [35] proposed an SVM model in machine learning, which is widely
used in pattern recognition, regression, and probability density function estimation. The
SVR algorithm is an extension of the SVM model, and the same SVR method as used by
Mohammadi et al. [36] was used in this study. SVR can learn and model the nonlinear
relationship between input and output data in higher dimensions to minimize the observed
training error and distribution error range and achieve generalized regression efficiency [37].
The SVR equation is shown in Equation (3):

f(x) = wl x o™ +b 3)

3. Materials and Methods
3.1. Feitsui Reservoir

The Feitsui Reservoir is one of the main reservoirs in Taiwan’s Taipei metropolitan
area. It is located on the Beishi River, a tributary of the Xindian River. The reservoir
covers Xindian District, Shiding District, and Pinglin District in Greater Taipei City, with
a total capacity of about 406 million cubic meters, making it the second largest reservoir
in Taiwan. The reservoir is about 30 km away from downtown Taipei. The catchment
area covers Xindian District, Shiding District, Pinglin District, and Shuangxi District in
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Greater Taipei City, with a total area of 303 square kilometers, as shown in Figure 1
(https:/ /www.feitsui.gov.taipei/, accessed on 1 October 2022).

New Taipei City

E J
P
WV“;}
(1 Beishi river
4

e

/4/{ \ eits Reservoir
' N

1 S
Nanshi river

' Rainfall Station

Figure 1. Location map of the Feitsui Reservoir.

The data in this study were collected from the monthly operating report of the Feitsui
Reservoir of the Ministry of Economic Affairs and Water Conservancy of the Executive
Yuan, and these data cover the period from January 2000 to December 2021. The data are
daily data, numbering a total of 8036 data points. The input variables used in the first stage
were daily rainfall, daily inflow minus daily outflow, and the historical water levels of the
Feitsui Reservoir. The variable description of the first stage data is shown in Table 1. The
domestic water demand statistics are from 1 January 2016 to 31 December 2021, a total of
72 monthly data points. Since domestic water demand results are released monthly, this
study used the same interpolation method as in Ibanez et al. [38] to convert monthly data
into daily time series. The data description of the second stage is shown in Table 2.

Table 1. Variable description of the Feitsui Reservoir.

Variables

Definition

x1(t — k), ..., x1(t): Daily water level

xp(t — k), ..., Xp(t): Daily rainfall

x3(t — k), ..., x3(t): Daily inflow — daily outflow
y1(t + 1): Predicted water level at next day

ya(t + 30): Predicted water level at next 30th day
y3(t + 90): Predicted water level at next 90th day
ya(t + 180): Predicted water level at next 180th day

Feitsui Reservoir daily historical water level

Historical mean daily rainfall in the catchment

Reservoir daily historical inflow minus release flow

yit+1) =f10qt = k), ..., x1 (1), xo(t = m), ..., x2(t), x3(t — 1), ..
ya(t +30) = fox1(t = k), ..., xq1(t), xo(t —m), ..., xo(t), x3(t — n), .
ys(t +90) =f3(X1(t —k), ..., xq (1), xo(t — m), ..., xo(t), x3(t — n), .
ya(t +180) = f4(x1(t — k), ..., x1(t), x2(t — m), ..., x2(t), x3(t — 1),

- x3(t)

-, x3(1))
. x3()
o, xa(t)

Table 2. Data description of domestic water demand.

Variables

Definition

z1(t — k), ..., z1(t): Domestic water consumption

y5(t + 1): Estimated domestic water consumption

ye(t + 1): Estimated remaining days of water use

Daily historical total domestic water consumption
(liters/person/day)

Total domestic water consumption per person at time t + 1 (in
liters /person/day)

The remaining days of domestic water at time t + 1
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3.2. Research Framework

In many types of research on reservoir water levels, many related kinds of research
only end with the water level prediction. This study hopes that subsequent warning studies
can be conducted after obtaining the water level prediction to provide relevant units as
a reference. Therefore, the study was divided into two stages. In the first stage, daily
rainfall, daily inflow minus daily outflow, and historical Feitsui Reservoir water level were
used to predict the water level of the Feitsui Reservoir in the future. The second stage
converted the monthly domestic water demand into daily domestic water demand by
the interpolation method. The reservoir water level was converted into water quantity
to calculate the remaining days as the output variable. Finally, the WSI proposed in this
study was calculated to provide the domestic water warning. The overall research process
is shown in Figure 2.

Stage 1 Stage 2
. . Daily Inflow — Daily Water Domestic Water
[ Daily Rainfall J [ Daily Outflow ] [ Level ] [ Demand ]

Predict Water Estimate Domestic
Level Water Demand
Estimate
Remaining Days

Water Survival
Index

Figure 2. Proposed approach.

3.2.1. Process of Stage 1

In the first stage, the data source of this study was the monthly operating report of
the Feitsui Reservoir of the Ministry of Economic Affairs and Water Conservancy of the
Executive Yuan, from 1 January 2000 to 31 December 2021, in the Open Platform of Govern-
ment data. First, it was determined whether missing values existed in the data, and then
a correlation analysis was conducted. An analysis result of zero indicated no correlation
between the two variables, and the larger the value, the stronger the correlation [10]. Next,
the data were normalized. Then, 70% of the integrated dataset samples were used as
training, 15% as validation, and 15% as testing. In machine learning, RE, M5P, LR, and SVR
were used as models to predict the water level value of the Feitsui Reservoir on the next
prediction days. Finally, R2, RMSE, MAE, and MAPE were used to evaluate the model’s
performance, as shown in Figure 3.

Stage 1
Daily Rainfall
Daily Inflow — Data leinm fomst ]MSP Predict Water P;gfon;;ns; }.Evﬁl‘:aél(.m :
Daily Outflow Preprocessing Multiple Lmearmgmslon » Level , MAPE '
Daily Water
Level

Figure 3. First stage of the proposed approach.

3.2.2. Process of Stage 2

Figure 4 shows the input and output of the second stage of this study. The input of the
second stage was the historical domestic water demand. This study obtained the statistics of
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domestic water consumption from the open data platform of the Water Resources Bureau of
the Ministry of Economic Affairs, Executive Yuan; these data were from 1 January 2016 to 31
December 2021. Firstly, the monthly data of domestic water consumption were converted
into daily domestic water consumption statistics by the interpolation method, and the best
result of water level prediction of the Feitsui Reservoir in the first stage were used as the
input variables, the amount of water converted to the Feitsui Reservoir was calculated,
and then the remaining days of domestic water as the output variable were calculated.
Secondly, the proposed WSI was calculated to provide water warnings for people. In order
to provide short-term and long-term warning predictions of domestic water consumption,
this study divided the WSI into short-term and long-term warnings of 30 days, 90 days,
and 180 days. Three types of water signals, namely, condition blue, condition green, and
condition red, were also defined to provide warnings. More detailed calculations of the
subsistence WSI are explained in the next section.

Stage 2
Predict
Water Level
t ] .
II;/‘I) (:I?eh‘l? Data Daily Domestic Water ‘Water
stic " P :
Water Demand S y d
Water demand Preprocessing Remaining days Survival Index

Figure 4. Second stage of the proposed approach.

3.3. Water Survival Index (WSI)

In a report on the effective water storage of the Feitsui Reservoir by the Accounting
Office of the Taipei Municipal Government, the effective water storage equation of Feitsui
Reservoir was not mentioned, and the current water supply monitoring index also could
not give people a precise number to achieve an effective reminder. Therefore, this study
proposes a method for the remaining days of domestic water consumption in Greater Taipei
City and calculates the short-term and long-term survival water index.

In this study, the reservoir’s water levels, y; (t + 1), ya2(t + 30), y3(t + 90), and y4(t + 180),
were predicted from Stage 1 first and then multiplied by the effective area of the reservoir
to obtain the effective water storage (WS) capacity of the reservoir. Then, the effective water
storage capacity of the reservoir was divided by the daily domestic water demand of the
population of Greater Taipei City, and the result was the remaining days (RDs) of water in
the reservoir. By calculating the bias ratio of RD, the proposed WSI was obtained. The WSI
proposed was divided into short-term and long-term, and the warning was divided into
30 days, 90 days, and 180 days. The three signals of condition blue, condition green, and
condition red were given to provide the warning. The remaining days of domestic water
demand in the reservoir are shown in Equation (4):

WS

RD = $6p x WD

@)
RD = The remaining days of domestic water demand in the reservoir;
WS = Effective water storage capacity of the reservoir;
POP = The population of Great Taipei (currently assume a Taipei City population of
2.49 million and a New Taipei City population of 3.99 million);

e WD = Domestic water demand per person in Greater Taipei.

The bias ratio is a technical indicator extended by the buying and selling rule of
the moving average of the stock price to analyze the degree of deviation of the stock
price from the average price (average cost) of a certain period, and the bias ratio can be
divided into positive bias ratio and negative bias ratio. According to Brock et al. [39], a
buy (sell) signal for a stock occurs when the short-term moving average is above (below)
the long-term moving average. Fifield et al. [40] also argued that the moving average rule
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relies on comparing short-term and long-term moving averages to generate buying and
selling signals.

This study extended the concept of bias ratio to water demand and supply. When
the remaining days of domestic water demand are above the historical moving average,
it is called a positive bias ratio and means that the domestic water supply is sufficient to
satisfy the demand. When the remaining days of the reservoir’s domestic water demand
are below the historical moving average, it is called a negative bias ratio and indicates that
the domestic water supply may be insufficient to satisfy the demand. Therefore, this study
proposed a modified equation for calculating the WSI to represent the bias ratio of the
remaining days of domestic water supply, as shown in Equation (5):

WSIijj(t+1) = [RDp(t+ 1) — RD;(t+1)] /RD;(t + 1) x 100% (5)

where

e WSI;; (t + 1): Water survival index at time t + 1 (i = 6 or 12),(j = 30, 90, 180);

e  RDp(t + 1): The predicted value of the remaining days of the reservoir’s domestic
water demand at time t + 1;

e RDj(t + 1): The i-year historical average of the remaining days of the reservoir’s
domestic water demand at time t + 1.

As defined in this study, the short-term water survival index is taken as a 6-year
moving average (i = 6):

WSl j(t + 1) = [RDp(t + 1) — RDg(t + 1)]/RDg (t + 1) x 100%

where WSl (t + 1) < — 3% is condition red; WSl (t + 1) > 3.5% is condition blue; the others
are condition green.

As defined in this study, when the water survival index is taken as a 12-year moving
average (i = 12), it is the long-term water survival index.

WSy, i(t + 1) = [RDp(t + 1) — RDya(t + 1)]/RDya(t + 1) x 100%

where WSI1,;(t + 1) < — 4.5% is condition red; WSIy;(t + 1) > 5% is condition blue; the
others are condition green.

The solid line presents the short-term WSI; defined in this study, and the long-term
WSy, is presented by the solid line plus the dashed line. The WSl is at 30, 90, and 180 days.

3.4. Performance Metrics

In this study, four evaluation methods of Ibanez et al. [38] were used to evaluate
the accuracy of the model, including coefficient of determination (R?), root means square
error (RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE).
While R? describes the difference between observations and predictions, in the case of
multiple regression, the variance of observations is predictable. RMSE describes the model’s
overall accuracy, and a small RMSE indicates superior prediction performance. MAE is
another loss function used in regression models and is the sum of the absolute values of
the difference between the target and predicted values. The evaluation metrics are shown
in Equations (6)-(9):

% Z%il (vi — }A’i)z

RZ=1-— (6)
N i (i — v)*
1Y 2
MSE = \l N Z(Yi - %) @)
i=1

1 n
MAE = HE|yi—><i| (8)
i=1
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4. Results
4.1. Data Preprocessing

In this study, the time capture range of the Feitsui Reservoir operation monthly report
data was set as 1 January 2000 to 31 December 2021, with a total of 8036 data points. First,
the IsNull method of the DataFrame object in Python was used to check whether there
were any missing values in the data table. Then, the sum method was applied to return
several missing values in each feature field, and the return number of each field was 0 to
verify that there were no missing values. In addition, Mutual Information (MI) was used
for correlation analysis. Firstly, the study conducted an autocorrelation analysis of the daily
water level of the Feitsui Reservoir, as shown in Figure 5. Secondly, a correlation was made
between the daily water level of the Feitsui Reservoir and the delay of daily rainfall in the
catchment area. Finally, a correlation was made between the daily water level of the Feitsui
Reservoir and the daily inflow minus the daily outflow of the reservoir. In the final process
of data pre-processing, the data of the Feitsui Reservoir with a daily water level delayed for
15 days were selected for the subsequent study. Due to the significant differences between
the values of each variable data, this study used normalization and finally used 70% of the
integrated dataset samples as training, 15% as validation, and 15% as testing.

Water Level MI Scores

Water_level(t - 1) 3.1980
Water_level(t - 2) 2.5327
Water_level(t - 3) 21633
Water_level(t - 4) 1.9100
Water_level(t - 5) 1.7255
Water_level(t - 6) 15919
Water_level(t - 7) 1.4910

Water_level(t - 8) 1.3987
Water_level(t - 9) 13151

Water_level(t - 10) 1.2626

Water_level(t - 11 1.1992

Water_level(t - 12 11415

Water_level(t - 13) 1.0944

Water_level(t - 14) 1.0471

Water_level(t - 15) 1.0183

Water_level(t - 16) se— 5539

Water_level(t - 17) ———— (.5640

Water_level(t - 18) m—————————.9521

Water_level(t — 19) se——— .9206

Water_|evel(t — 20) e———0 5930

Water_level(t — 21) se————— 3658

Water_level(t — 22 ) se——— 0 8437

Waterflevel(t - 23) —

Water_|eve|(t - 24) —— (.80 1

Water_level(t — 25) m——————0.8015
Water_level(t — 26) me——0.716

Water level(t — 27) ™——— (.7460
Water level(t — 28) w————— 0.7263

Water_level(t — 29 ) se— 07285
Water_level(t — 30) s— 0 7202

0.0000 0.5000 1.0000 1.5000 2.0000 2.5000 3.0000 3.5000
Figure 5. Autocorrelation of daily water levels in the Feitsui Reservoir.

4.2. Results of Stage 1

In the first stage of this study, four methods, namely, random forest (RF), tree regression
algorithm (M5P), multiple linear regression (MLR), and support vector regression (SVR),
were used to predict the reservoir water level with the segmentation method of 70% training,
15% validation, and 15% testing. The test results of the water level prediction model in
this study are shown in Table 3. Among these four methods, the model evaluation results
of SVR, R?, RMSE, and MAPE were 0.9980, 0.2234, and 0.0772, respectively, which were
the best among the four methods, while the model evaluation of MLR was the worst
among the four methods. Therefore, SVR was used in this study to make subsequent water
level predictions.
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Table 3. Test results of the Feitsui Reservoir water level prediction.
Method R? RMSE MAE MAPE
SVR 0.9980 0.2234 0.1255 0.0772
M5P 0.9968 0.3660 0.1173 0.1174
RF 0.9943 0.5825 0.2612 0.2615
MLR 0.8464 2.8235 1.3218 1.3229

4.3. Results of Stage 2

The second stage of this study was to use SVR to predict the reservoir water level
after 30, 90, and 180 days and then calculate the effective storage volume of the reservoir
from the reservoir water level, dividing the current effective reservoir capacity by the daily
domestic water demand of the Greater Taipei City’s population. The result was the number
of days remaining in the reservoir. Finally, the WSI proposed in this study was obtained by
using short-term and long-term bias ratios. The calculation results of the WSI are explained
in the next section.

In the second stage of this study, SVR was used to predict the reservoir water level
after 30 days, 90 days, and 180 days. The prediction results are shown in Figure 6, and
Table 4 shows the evaluation of the SVR prediction model.

170 SVR 30,90 & 180Day Water Level

165

(=)
(=3

water level

w
[

—— Actual

1501 — SVR 30day Predict
—— SVR 90day Predict
—— SVR 180day Predict W

2018-09 2019-01 2019-05 2019-09 2020-01 2020-05 2020-09 2021-01 2021-05 2021-09 2022-01
date

Figure 6. SVR reservoir level prediction results for 30, 90, and 180 days.

Table 4. SVR 30, 90, 180 days prediction and evaluation of reservoir water level.

Model R2? RMSE MAE MAPE
SVR 30 day 0.9364 1.3185 0.7363 0.4633
SVR 90 day 0.762 3.1978 2.7542 1.6921
SVR 180 day 0.3611 5.7291 4.9457 3.0306

As can be seen from Table 4, the R? value of SVR’s prediction results of reservoir water
levels after 30 days and 90 days was greater than 0.5, indicating good prediction results.
However, the R? of SVR’s prediction results of the reservoir water level after 180 days
was less than 0.5, indicating poor prediction results. Therefore, this study preferred not to
discuss the WSI after 180 days.

4.4. Results of WSI

The WSI was calculated by using SVR to predict the water level of the reservoir after
30, 90, and 180 days and then predicting the effective storage volume of the reservoir from
the water level of the reservoir and dividing the current effective reservoir capacity by
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the daily domestic water demand of Greater Taipei City’s population. The result was the
number of days remaining in the reservoir. Finally, the water survival index WSI;; proposed
in this study was obtained by using the short-term and long-term bias ratio calculation
methods. When the water survival index was calculated as the 6-year moving average
(i=6), it was the short-term WSl ;, and when the water survival index was calculated as
the 12-year moving average (i = 12), it was the long-term WSl

As the warning of the reservoir water level focuses on the warning of a water shortage,
two periods with large water shortage levels were marked with red frames in this study,
as shown in Figure 7, so as to facilitate subsequent discussion. Zone 1 had 117 days from
the green circle high on 2 June 2020 to the red circle low on 27 September 2020, and Zone
2 had 101 days from the green circle high on 18 February 2021 to the red circle low on 30
May 2021.

170 Water Level

1651

1601

water level

w
by

1501

2018-09 2019-01 2019-05 2019-09 2020-01 2020-05 2020-09 2021-01 2021-05 2021-09 2022-01
date

Figure 7. The water level trend of the Feitsui Reservoir.

The research results of calculated short-term WSI, 39 after 30 days (j = 30) are shown
in Figure 8, and the research results of long-term WSI;, 39 are shown in Figure 9, where the
water survival index values were WSI 30 RED (condition red, reducing water delivery),
WSI 50 BLUE (condition blue, water supply normal), and the WSJ; 30 GREEN (condition
green, water supply preparedness).

160

, ,
\ | v
" \ '
| > il rI|
A I ' [V i|.‘ "' ' '
. 'l
W WSI6,30 RED
WS16,30 GREEN
150 . WSI6,30 BLUE
~—ACTUAL

—SVR_30Day_Predict

145

> &
Y N
%\o)\ o

) N
Q N ;\9 '\Q

g ™ ™ S g ] ™ ™ ™ o » » ™ S S » n C
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Figure 8. Analysis result of WSIg 3.
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Figure 9. Analysis result of WSI;; 3.

As can be seen from Figure 8, in Zone 1, there were condition red (reducing water
delivery) alerts at WSl 390 on 2020/5/13, and there were continuous red alerts, denoting
the short-term survival water index WSIg 39, which could give warning of water shortage
in the reservoir 20 days in advance. However, in Zone 2, WSl 39 began to put forward the
warning of reservoir condition red after 19 March 2021.

In addition, as can be seen from Figure 9, in Zone 1, there were condition red (reducing
water delivery) alerts on 22 May 2020 for the long-term water survival index WSIy; 39,
and there were continuous red alerts, which indicated that the long-term water survival
index WSl 39 could give warnings of a water shortage in the reservoir 11 days in advance.
However, in Zone 2, the long-term water survival index WSI;; 39 began to give the condition
red warning on 19 March 2021.

The calculated short-term survival water index WSIg 99 after 90 days (j = 90) is shown
in Figure 10, while the long-term survival water index WSIy; g9 is shown in Figure 11,
where the values of the water survival index were as follows: WSIj 9o RED (condition red,
reducing water delivery), WSI; g9 BLUE (condition blue, water supply normal), and WSIj 99
GREEN (condition green, water supply preparedness).

170

165

155

m=WSI6,90 RED
WS16,90 GREEN
150 mwsi6,90 BLUE

—ACTUAL

~-SVR_90Day_Predict 205

145
g » g S g S g g \g g S ™ S g g g » g g g
MR MNP L A A SN (A R N S i R A A ¢
R N Nt St St I P P S v
P S O S U S S A S S R R A . I S

Figure 10. Analysis result of WS, g9.
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Figure 11. Analysis result of WSl 9.

As can be seen from Figure 10, in Zone 1, the short-term survival water index WSIg g9
presented condition red (reducing water delivery) alerts on 14 March 2020 and continuously
presented red alerts, denoting the short-term survival water index WSI 99, which could
give warnings of water shortages in reservoirs 80 days in advance. However, in Zone 2,
WHSIg 90, the warning of condition red, was presented 30 days in advance on 19 January 2021.

In addition, it can be seen from Figure 11 that in Zone 1, there were condition red
(reducing water delivery) alerts for long-term survival water index WSI;, 99 on 4 March
2020, reducing continuously, and the long-term survival water index WSl 99 could give
a warning of a water shortage 72 days in advance. However, in Zone 2, the long-term
survival water index WSI;, g9 gave the warning of condition red 30 days in advance on
4 March 2020.

As shown in Table 4, the SVR prediction value of the reservoir water level after
180 days was not good; we skipped the research results of two water survival indexes,
namely, WSl 150 and WSI; 150 at 180 days.

5. Discussion
5.1. Stage 1 Research Result Discussion

In the results of Figure 6, the predicted water levels seem consistently lower than
the true values. The main reason for this gap is that the proposed model uses the current
reservoir water level value to predict the reservoir water level after 30 days and 90 days. If a
constant can be added to adjust the prediction model, then the model will be invulnerable.

In addition, Zhu et al. [9] mentioned in their study that the deep learning (DL) model
is not superior to the traditional feedforward neural network (FFNN) model in predictions
of lake levels; for lake level predictions, the use of traditional machine learning models is
sufficient if the model is well calibrated. In order to verify such a conclusion, deep learning
methods such as GRU, LSTM, and MLP are also used in this study to predict the water
level of the Feitsui Reservoir, and the evaluation and comparison of SVR and deep learning
models are shown in Table 5. According to the research results in Table 5, the performance
of deep learning in predictions of reservoir water levels is no better than that of machine
learning SVR; moreover, deep learning takes a longer time than SVR, so it is reasonable to
use machine learning models in water level predictions in this study.
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Table 5. Evaluation and comparison of SVR and deep learning prediction models.
Algorithm R? RMSE MAE MAPE Time
SVR 0.9980 0.2234 0.1255 0.0772 120s
GRU 0.9568 1.0912 0.8207 0.8174 362s
LSTM 0.9708 0.8101 0.772 0.728 650's
MLP 0.9861 0.5357 0.3226 0.4615 318s

This study sorted out studies related to reservoir water levels and compared model
performance, as shown in Table 6. It can be seen from the table that while most studies
related to reservoirs make short-term predictions from the next 3 h to 30 days, the water level
prediction in this study is the same as that proposed by Ibanez et al. [38], which is 1 day,
30 days, 90 days, and 180 days. The performance comparison at 1 day and 180 days in this
study is slightly worse than that of Ibanez et al. [38]. The results of this study at 30 days and
90 days are better than those of Ibanez et al. [38].

Table 6. Comparison with other water level studies.

Authors Duration R? RMSE MAE MAPE
Chang and Chang [20] 3h - 0.597 0.436 -
Giildal and Tongal [41] 30 day 0.97 0.126 - -

Liang et al. [42] 1 day 0.999 0.083 - -
Zhu et al. [9] 30 day 0.83 0.0515 - -
1 day 0.9990 0.1980 0.1980 0.0010
< 30 day 0.9100 3.2730 2.8920 0.0150
Tbaniez et al. [35] 90 day 0.7460 5.9620 5.1030 0.0270
180 day 0.5810 8.1280 6.6520 0.0360
1 day 0.9980 0.1934 0.0772 0.0770
Our Stud 30 day 0.9364 1.3185 0.7363 0.4633
y 90 day 0.762 3.1978 2.7542 1.6921
180 day 0.3611 5.7291 4.9457 3.0306

5.2. WSI Performance Measures

In order to verify the warning effect of the water survival index, this study intended
to compare the WSI with the Drought Warning Stage. The Drought Warning Stage data
source is the Government Data Open Platform Taichung Ministry of Economic Affairs
Water Conservancy (https://data.gov.tw/dataset/36695, accessed on 1 October 2022), and
this information provides the water supply Drought Warning Stage (DWS) notification for
various regions in Taiwan. Data were collected from 1 January 2021 to 31 December 2021
for comparison.

Figure 12 shows the comparison of the warning lights of the Drought Warning Stage
for the short-term survival water index WSl (j = 30, 60, 180). Figure 12a shows the com-
parison between the water level of the Drought Warning Stage of the Water Conservancy
Department and the Feitsui Reservoir. In 2021, the water condition light of the Feitsui
Reservoir was always condition blue. Figure 12b—d show the comparison of reservoir
water levels with the water survival indices WSIg 39, WSIg 99, and WSIg 159 proposed in this
study. It was found that the water level of the reservoir was very low during the period of
18 April 2021 to 5 June 2021, and the water survival index WSl ; from this study had shown
a condition red warning. However, the water supply monitoring index in the Drought
Warning Stage of the Water Conservancy Department remained in condition blue. The
results show that the short-term water survival index proposed in this study can actually
present the effect of early warning.
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Figure 12. Comparison of the Water Conservancy Drought Warning Stage with the WSl ; proposed
in this study.

Figure 13 shows the comparison of the water supply monitoring index between the
Drought Warning Stage of the Water Conservancy Department and the long-term water
survival index WSl (j = 30, 60, 180). Figure 13a shows that the condition blue of the
Drought Warning Stage of the water Conservancy Department always indicated normal
water conditions. Figure 13b—d show the long-term water survival indices proposed in this
study, including the WSl 39 warning, WSl 99 warning, and WS 1590 warning. It was
found that the water level of the reservoir had been low during the period from 19 April
2021 to 4 June 2021, and the long-term water survival index WSy, in this study showed
condition red warnings, but the water supply monitoring index of the Feitsui Reservoir
remained in condition blue. The results show that the long-term water survival index
proposed in this study can also actually present the effect of early warning.
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Figure 13. Comparison of the Water Conservancy Drought Warning Stage with the WSl ; proposed
in this study.
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When designing the proposed WSI, there is a premise assuming that in the absence
of an external force intervention, there is no significant difference between the reservoir
water level on a certain day and the average value of the reservoir water level on that day
in past years. If the difference is too large, a condition red or condition blue light may be
applied. Therefore, if the reservoir water level seems high on one day, why is the condition
red light generated? It is purely because the reservoir water level of that day is different
from the historical statistical average of that day. Possible solutions to avoid this situation
is to consider the historical reservoir water level of that day and the bias ratio of the current
year’s reservoir water level at the same time. This issue will be left to other researchers for
future research.

6. Conclusions

A reservoir is an integrated water resource management infrastructure that can be used
for water storage, flood control, power generation, and recreational activities. Predicting
reservoir levels is critical for water supply management and can influence operations and
intervention strategies. Taking the Feitsui Reservoir as an example, this study proposes a
new water survival index to warn users whether there will be a shortage of domestic water
in the future. The research results show that compared with the existing water supply
monitoring index, the new water survival index proposed in this study can faithfully
present the warning of the lack of domestic water in the future.

The results of this study are limited to the Feitsui Reservoir. Since the data on the
Feitsui Reservoir are relatively complete, and the water supply of the Feitsui Reservoir is
limited to the domestic water supply of the Greater Taipei City area, it is easier to estimate
the demand for water sources. For many reservoirs that not only supply water for people’s
domestic water demand, it is not easy to calculate the consumption of water; therefore, the
research results of this study may not be very applicable. In addition, when calculating the
WHEI using a bias ratio, the WSI currently uses moving averages of 6 years and 12 years as
the short-term and long-term bias ratios, respectively; if the set value of the bias ratios is
different, the research results may be different, which can be used as a reference for future
researchers to do further investigation.

Machine learning was adopted in this study to predict the reservoir’s water level,
mainly because the result of deep learning in this study was slightly inferior to that of
machine learning. If similar cases are encountered in the future, deep learning can still be
referred to, and the prediction effect may be different.
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