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Abstrak

Keputusan pelepasan air bagi takungan serba guna memerlukan pakar bagi membuat
keputusan dengan menghimpunkan maklumat pemutusan kompleks yang wujud
secara masa nyata. Keputusan perlu mengambil kira lebihan air takungan yang
mencukupi bagi mengekalkan fungsi serba guna takungan dan menyediakan ruang
yang mencukupi untuk hujan lebat dan aliran masuk air. Amat penting juga,
pelepasan air tidak boleh melebihi tahap maksimum sungai di hilir supaya ia tidak
akan menyebabkan banjir. Hujan dan paras air adalah maklumat kabur, oleh itu
model keputusan memerlukan keupayaan untuk mengendalikan maklumat yang
kabur. Tambahan pula, hujan yang direkodkan di lokasi yang berbeza mengambil
masa berbeza untuk sampai ke dalam takungan. Situasi ini menunjukkan terdapat
hubungan ruang masa yang tersembunyi di antara setiap stesen pengukur dan
takungan. Oleh itu, kajian ini mencadangkan model keputusan pelepasan air
takungan dinamik yang menggunakan kedua-dua maklumat ruang dan masa dalam
corak input. Berdasarkan kepada corak berkenaan, model ini akan mencadangkan
bila air takungan perlu dilepaskan. Model ini menggunakan Penyesuaian sistem
inferens neuro-kabur (ANFIS) untuk mengendalikan dengan maklumat yang kabur.
Data yang digunakan dalam kajian ini diperolehi daripada Jabatan Pengairan dan
Saliran Perlis. Algoritma Sliding Window yang telah diubahsuai telah digunakan bagi
membentuk corak masa bagi hujan, manakala maklumat ruang telah diperolehi
melalui simulasi corak hujan dan paras air takungan yang telah dipetakan. Prestasi
model telah diukur berdasarkan Root Mean Square Error (RMSE) dan Mean
Absolute Error (MAE). Hasil daripada kajian ini menunjukkan ANFIS menghasilkan
RMSE dan MAE paling rendah apabila dibandingkan dengan model Autoregressive
Integrated Moving Average (ARIMA) dan Backpropagation Neural Network
(BPNN). Model ini boleh digunakan oleh operator takungan bagi membantu
pembuatan keputusan dan menyokong operator takungan baharu sewaktu ketiadaan
operator yang berpengalaman.

Kata Kunci: Penyesuaian sistem inferens neuro-kabur (ANFIS), Kepintaran
pengkomputan (CI), Pembuatan keputusan dinamik, Pembuatan keputusan pelepasan
air takungan, Perolehan data ruang masa.



Abstract

The multi-purpose reservoir water release decision requires an expert to make a
decision by assembling complex decision information that occurred in real time. The
decision needs to consider adequate reservoir water balance in order to maintain
reservoir multi-purpose function and provide enough space for incoming heavy
rainfall and inflow. Crucially, the water release should not exceed the downstream
maximum river level so that it will not cause flood. The rainfall and water level are
fuzzy information, thus the decision model needs the ability to handle the fuzzy
information. Moreover, the rainfalls that are recorded at different location take
different time to reach into the reservoir. This situation shows that there is spatial
temporal relationship hidden in between each gauging station and the reservoir.
Thus, this study proposed dynamic reservoir water release decision model that utilize
both spatial and temporal information in the input pattern. Based on the patterns, the
model will suggest when the reservoir water should be released. The model adopts
Adaptive Neuro-Fuzzy Inference System (ANFIS) in order to deal with the fuzzy
information. The data used in this study was obtained from the Perlis Department of
Irrigation and Drainage. The modified Sliding Window algorithm was used to
construct the rainfall temporal pattern, while the spatial information was established
by simulating the mapped rainfall and reservoir water level pattern. The model
performance was measured based on the Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE). Findings from this study shows that ANFIS produces the
lowest RMSE and MAE when compare to Autoregressive Integrated Moving
Average (ARIMA) and Backpropagation Neural Network (BPNN) model. The
model can be used by the reservoir operator to assist their decision. making and
support the new reservoir operator -in the absence of an experience reservoir
operator.

Keywords: Adaptive Neuro-Fuzzy Inference System (ANFIS), Computational
intelligence (CI), Dynamic decision making, Reservoir water release decision,
Spatial temporal data mining.
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CHAPTER ONE
INTRODUCTION

This chapter provides an overview of this study, which includes research
background, problem statement, research objectives, scope of study, research

significance and organization of the thesis.

1.1 Research Background

Emergency situation is one of the complex situations that require fast and accurate
decisions, since the decision is very crucial to save human lives. Emergency
situations can be identified by a few characteristics such as dynamic (Philips-Wren,
2009), complex (Norwawi, 2004) and action dependent (Feigh and Pritchett, 2006).
Naturally, decisions that are made by people during these situations are based on
instances and their past experiences. According to this view, the concept of new
theory for understanding how people make decisions are important to illustrate that
decisions which have been made do not only depend on a set of alternatives, but also
based on their experiences. A decision is defined as the choice of one among a
number of alternatives (Bohanec, 2001; Beach & Mitchell, 1978; Hersh, 1999).
Naturalistic decision theory is one of the decision making approaches that defined
how humans naturally make decisions in urgency and complex environments (Klein
& Kilinger, 1991). Decision makers have applied this theory during emergency
situation such as fire fighting (Hersh, 1999). In emergency situations, typically,
decisions are made under dynamic situations and also can be referred as dynamic
decision making. Dynamic decision making can be defined as a series of decision

that occurs in situations that change over time, where the future decision depends on



the earlier decision, and the state of the problem changes as a consequence of earlier

actions of the decision makers (Brehmer, 1992; Busemeyer, 1999).

Flood is one of the emergency situations that need serious attention from the
authorities involved. It is one of the natural disasters that strike due to heavy rainfall
and extreme weather conditions. The impacts of flood are huge ranging from
physical and structural damages to loss of life. In Malaysia, flood is one of major
serious threats as the country faces two series of monsoons every year that bring
heavy rain. Moreover, many areas in this country are geographically prone to
flooding. A flood mitigation program has been executed in many countries to reduce
its risk and impact. Flood mitigation can be divided into two approaches that are
non-structural and structural approach (Tucci, 2002). Structural approach is related
to the physical control of the flood, while non-structural approach iIs a procedure-
based control. Physical control can be classified into developments of constructions
or devices such as dams, planting forecast and dikes, whereas procedure-based

control can be described as flood forecasting and flood zoning activities.

The reservoir is one of the structural flood mitigation approaches that aim to store
water during heavy rainfall in order to maintain safe discharges at the downstream
areas (Smith and Ward, 1998). The reservoir can be defined as a natural or artificial
lake, or pond, where water is collected and stored which are used for multi-purpose
operation such as water supply, flood control, hydropower generation, and other
purposes like agricultural and recreation (Wan Ishak et al., 2011c, Dictonary.com,

2012). The reservoir is constructed based on the types of reservoir systems that
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consist of single and multi-reservoir systems (USACE, 1991). The single reservoir
system represents the single operation of the reservoir, and the multi-reservoir

system involves more than one reservoirs system operating at the same time.

Reservoir water release decision is an important action that needs to be accomplished
by experienced reservoir operators due to extreme events or emergency situations.
The reservoir capacity needs to be maintained in order to prevent downstream flood
and to reduce water shortage problems in the future. During both situations, the gate
opening decision is crucial as a late decision might cause overflow at the
downstream river and might affect the dam’s structure. However, different reservoirs
have different purposes and multiple objective, thus requires different operation rules
(Wan Ishak et al., 2012). Reservoir operation rule, or also known as operation policy,
can be defined as a series of guidelines which provide guidance for reservoir

operators to determine release decisions (Rittima, 2009).

Traditionally, reservoir operates based on the standard operating procedure (SOP)
which was devised by the reservoir engineer when it was built. The SOP provides
reservoir engineers the guidelines on how the reservoir should be operated.
However, the reservoir operation is also influenced by several factors such as
sediment (Naik & Jay, 2011; Talib et al.,, 2012), water usage, climate change
(Koutroulis et al., 2013; Raje & Mujumdar, 2010), and urbanization at reservoir
upstream (Suriya & Mudgal, 2012; Du et al., 2012). These factors reduce the
efficacy of the SOP and the operation rule. Eventually, reservoir operators have to

apply heuristic procedures by embracing rule curves and subjective judgements
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(Ngo, 2006). Hence, the rules need to be periodically re-evaluated and updated to
improve the reservoir operation. In practice, reservoir operators apply their heuristic
decisions on top of the current standard operation procedure (SOP). The heuristic
decisions are recorded in the reservoir operating log book. Over the years, the log
book has become a knowledge repository that is rich with heuristic knowledge of the
reservoir operation. This knowledge might be unique as different reservoirs may

require different SOPs and employ different data features.

The reservoir operational data contains dynamic characteristics that refer to the
dependent decisions which are made based on past human experiences. Typically,
the water that flow into the reservoir comes from the upstream river network. The
gauging station is the tools that record the river water level and rainfall. The gauging
stations are located at different locations and the distance between the gauging
stations and the reservoir varies. This information indicates that there are spatial
relationships between the gauging stations and reservoir. In addition, the distance
between the gauging stations and reservoir causes delay effect, where rainfall
recorded at gauging stations may take some time to reach into the reservoir. This

information is called temporal information.

Both spatial and temporal information can be extracted from the reservoir
operational database using spatial temporal data mining technique. Spatial temporal
data mining, or referred as spatio-temporal data mining, is an emerging research area
in the application of computational techniques for spatial and temporal data analysis.

Temporal data mining is concerned with data mining of large sequential data sets

4



(Laxman and Sastry, 2006). Spatial data mining, on the other hand, focuses on
discovering meaningful patterns of large spatial data sets (Shekhar et al., 2010). In
theory, temporal data can be classified as data that explicitly refer to time, where
spatial data carries information that defines a location or distances. The combination
of these two areas has led to the introduction of a new research area called spatial
temporal data mining. Spatial temporal data mining covers both activities for
discovering useful information or other patterns stored in spatial temporal database.

Spatial temporal data mining identifies for both spatial and temporal relationship.

In recent decades, there have been many studies which applied computational
intelligence techniques for solving complex problems in hydrological and water
recourse management including reservoir operation covering artificial neural
network (ANN), evolutionary computation, genetic algorithms (GAs), fuzzy logic
(FL) etc. Computational . Intelligence can be defined .is a.set of computational
methodologies and approaches to address complexities and computational problems
due to the limitations of the traditional methods (Palit & Popovic, 2006). The
application of hybrid computational intelligence (CI) techniques such as
combinations of ANN and other methods including fuzzy logic (Valizadeh et al.,
2014; Valizadeh & El-Shafie, 2013), genetic algorithm (Pinthong et al., 2009; Liu et
al., 2011) etc, have been introduced with various strengths that are able to address

the weaknesses of previous methods.

The focus of this research is to develop a reservoir water release dynamic decision

model by using hybrid computational intelligence technique. The spatial temporal
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data mining technique has been used to extract spatial temporal pattern from
reservoir operational data. This model is aimed for improving the performances of

reservoir operation and management.

1.2 Problem Statement

Reservoir water release decision is one of the critical actions that take place in the
reservoir operation due to emergency situations. Flood is one of the emergency
situations that need serious attentions and fast decisions from the experts in order to
reduce the risk of flooding and save human lives. However, this situation requires an
expert to make a decision by using their experience to control particular complex
situations occurring in real time environment. Decisions made under these situations
are dynamic (Philips-Wren, 2009; Becerra-Fernandez et al., 2008) and action
dependent (Feigh & Pritchett, 2006), which meet the characteristics of the

emergency situations.

The decision on reservoir water release is crucial especially on a reservoir that is
built as a multi - purpose reservoir. In addition, as a flood defence mechanism, the
reservoir may serve water for other purposes such as irrigation, water supply, and
recreation. Therefore, the release decision needs to consider adequate reservoir water
balance in order to maintain its water supply and provide enough space for incoming
inflow. The volume of water release should not exceed the safe carrying capacity of
the downstream channel, so that it will not cause overflow. The exact amount of
water to be released is hard to determine as the incoming inflow is fuzzy. Therefore,

reservoir water release decision needs the ability to handle the fuzzy information.
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Typically, reservoir water release decision is based on upstream inflow that is
observed through the magnitude of the upstream rainfall and the river water level.
The total volume of rainfall may come from several gauging stations and their
distances to the reservoir are varied. Thus, rainfall observed at those gauging stations
may take different time period to reach into the reservoir. This situation shows that
there is spatial temporal relationship hidden in between each gauging station and the
reservoir. Currently, there are limited studies that focus on this situation, as most of
the previous studies focus on temporal relationship and the total rainfall volume
(Mohan & Revesz, 2012; Wan Ishak et al., 2011b, 2012). Thus, the spatial temporal

relationship needs to be considered for modelling reservoir water release decision.

One of the well-known computational intelligence techniques used for modelling
reservoir water release decision is Artificial Neural Network (ANN) (Wan Ishak et
al., 2012; Wan Ishak et al., 2011a; Wan Ishak et al., 2011c; Wan Ishak et al., 2011d).
However, this technique suffers from poor interpretability, since it is difficult for
humans to explain the practicality and logical meaning behind the learned weights of
the model (Wei & Hsu, 2008; Jothiprakash & Kote, 2011; Kajornrit et al., 2013).
This problem can be solved by integrating ANN with other techniques, to form a
hybrid model, which combines the strength of the techniques. In this study, a hybrid
computational intelligence technique, namely Adaptive Neuro Fuzy Inference
System (ANFIS) (Jang, 1993; Chang & Chang, 2006; Valizadeh & EI-Shafie, 2013)
is adopted to model reservoir water release decision. ANFIS is the hybrid intelligent

system which combines the learning capability of fuzzy logic and artificial neural
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network. The construction of ANFIS model provides an explanation on the decisions
made from the knowledge embedded in the trained neural network and resolves the
issues of interpretability. The application of ANFIS has been successfully used in
modelling reservoir operation, forecasting and prediction (Chang & Chang, 2006;
Mehta & Jain, 2009; Deka & Chandramouli, 2009; Valizadeh & EI-Shafie, 2013;
Valizadeh et al.,2014). Nonetheless, most of the ANFIS model which has been
proposed focuses on water level forecasting and prediction. In addition, the existing
models do not consider the spatial temporal relationship that exists in modelling
reservoir operation problems. Hence, this study is presented by considering both
spatial temporal relationships in modelling reservoir water release decision using the

ANFIS.

1.3 Research Questions
The following research questions will be investigated in order to develop a reservoir
water release dynamic decision model based on spatial temporal patterns:

1. s there any spatial temporal pattern of rainfall of each gauging station?

2. How to develop reservoir water release dynamic decision model based on

spatial temporal patterns?



1.4 Research Objective
The main objective of this study is to develop a reservoir water release dynamic
decision model based on spatial temporal patterns. This main objective is supported
by the following objectives:
I. To identify spatial temporal pattern of rainfall of each gauging
station.
ii. To develop ANFIS model for reservoir water release decision using

spatial temporal patterns of rainfall and reservoir water level.

1.5 Research Scope

The scope of this study is to develop a reservoir water release dynamic decision
model based on spatial temporal patterns. The spatial temporal pattern has been
extracted from reservoir operational data using spatial temporal data mining
techniques. This study focuses on multipurpose reservoir specifically flood related
reservoirs, and Timah Tasoh reservoir was selected as a case study due to its purpose
which serves as a flood mitigation approach. Reservoir operational data and
hydrological data have been collected from the Timah Tasoh dam (1999-2012) and
DID which contain information of daily reservoir operation and rainfall data from
five gauging stations (Padang Besar, Tasoh, Kaki Bukit, Wang Kelian and Lubuk
Sirih). These rainfall stations are chosen because the locations of these stations are

closest to Timah Tasoh reservoir.



1.6 Research Significance

The main significance of the study is to propose a reservoir water release dynamic
decision model for reservoir operation and management. In practice, this decision
model will be able to enhance performances of the reservoir system in order to
support accurate water release decisions during emergency situations. This decision
model has been developed by adopting a hybrid computational intelligence
technique, specifically Adaptive Neuro-Fuzzy Inference System (ANFIS). This
ANFIS model is examined based on spatial temporal patterns which extracted using
spatial temporal data mining technique from the reservoir operational data. A spatial
temporal pattern extraction procedure has been determined in order to identify

spatial temporal relationships that exist in modelling reservoir water release decision.

Finally, the other outcome of this study is that it cannot stop the hydrological events
such as flood, heavy rainfall, or drought from occurring, but it will reduce the risk of
the events. Therefore, this risk will be prevented by addressing the signs of flood in
order to ensure that the reservoir capacity is at a safe level and water discharges will

not trigger a downstream flood.
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1.7 Organization of the Thesis

This chapter introduced the background of the study and the research problems that
need to be solved which gives direction to this study. This thesis consists of six
chapters. The general ideas of the content of the following chapters are described as

follows:

Chapter 2 reviews the literatures on the related study areas includes types of decision
making approaches, reservoir operation, reservoir water release decision,
computational intelligence approaches in reservoir operation and spatial temporal

data mining.

Chapter 3 describes the research methodology adopted in this study.

Chapter 4 discusses the experimental results on the spatial temporal data mining. The
detail explanation on how to extract spatial temporal pattern has been discussed. A

spatial temporal pattern extraction procedure adopted in this study is also presented.

Chapter 5 presents the findings and discussion on the development of reservoir water
release dynamic decision model using Adaptive Neuro-Fuzzy Inference System

(ANFIS).

Chapter 6 summarizes the thesis with contributions of this study and provides ideas

of future work.
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CHAPTER TWO
LITERATURE REVIEW

This chapter reviews the literatures of existing research related to decision making
approaches, reservoir operation, reservoir water release decision, reservoir operating
policy, computational intelligence approaches in reservoir operation and decision

modelling, spatial temporal data mining and a summary of the chapter.

2.1 Decision Making in Emergency Situation

Decision making becomes one of the critical processes that require faster and
accurate decision during emergency situations. Every decision making process
produces a final choice of possible alternatives to provide a solution to overcome the
problems. Decision making can be defined as a process of finding passible solutions
by selecting a choice from a set of alternatives (Azuma et al., 2006; Hersh, 1999).
Modelling decision-making is' classified into two main approaches based on the

classical or naturalistic decision theory (Hersh, 1999).

Previously, people make decisions based on classical decision theory (Hersh, 1999)
that outlines how people should make the decision. This theory concentrates on the
choice of an alternative or decision event from a fixed set (Hersh, 1999). A classical
decision model is focused on the idea of reasonable choice and decision maker make
decisions through choosing a solution among a set of available alternatives that are
satisfied with the target (Hersh, 1999; Azuma et al., 2006). As an example of
classical decision theory is a rational decision making model which decisions made

based on the rationality of the decision maker (Li, 2008). However, classical
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decision model assumes that decision makers have mental capacities for analysis and
evaluation that vastly beyond those actually overcome by people (Club Managers
Association of America (CMAA), 1999). These limitations of the classical decision
model provide an attempt to the decision makers to introduce a new theory called

naturalistic decision making (Wan Ishak et al., 2011c).

Naturalistic decision making has a different idea. Naturalistic decision theory is
proposed to model the actions and behaviour of the decision makers (Klein &
Klinger, 1991). These models can be defined as how humans actually make a
decision in complex real world settings such as during floods, fire fighting and other
emergency situations. This model believes that the best solution comes from the
actions, from observing the results. It does not attempt to derive the optimal and
ideal solution (Azuma et al. 2006). This allows decision makers to predict the action
by imagining it in a particular situation, look forward to, important steps, and

considering the most likely reaction to it (Hersh, 1999).

Klein and Klinger (1991) presented naturalistic decision making that shows how
people can make effective decisions without performing analyses. They have studied
command and control decision making and have generated a recognized model of
naturalistic decision making. According to Lipshitz et al. (2001), this study discussed
four essential characteristics of NDM, which are process orientation, situation-
action matching decision rules, context-bound in formal modelling and empirical-
based prescription. Process orientation refers to the input-output orientation which

describes the cognitive process of decision makers. Situation- action matching
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decision rules indicates the decision makers matching the action with the appropriate
situations rather than making a choice. Context-bound in formal modelling refers to
the experience-tied knowledge of decision makers, meanwhile empirical-based
prescription illustrates on how prescriptions are derived from descriptive models of

expert performance.

2.2 Modelling Reservoir Water Release Decision

Modelling reservoir operation is crucial in order to make decisions either to maintain
or to release a reservoir capacity. Reservoir water release decision is one of the
critical actions especially during emergency situations such as flood, heavy rainfall
or drought. In practice, reservoir water release decision involves many decision
variables and multi-purpose objectives that need to be considered. However, these
release decisions are guided by a reservoir operating policy in order to determine
accurate water release decision as well as to improve performances of the reservoir

operation.

2.2.1 Reservoir Operation

Reservoir operation is a complex problem in water resource management which
involves many hydrological variables and multi-purpose objectives due to
unpredicted situations such as flood or drought. The reservoir is constructed based
on the types of reservoir systems that consist of single and multi-reservoir systems
(USACE, 1991). Furthermore, reservoirs can be classified according to their function
and purposes. It can be classified into two types: single-purpose and multi-purpose
reservoir. Generally, a single-purpose reservoir is operated for a particular operation
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purpose only, such as for flood control or hydropower generation. Meanwhile, a
multi-purpose reservoir is constructed for several operational purposes such as flood
control, water supply, hydropower generation, recreation and irrigation. Figure 2.1

shows the example for classification of storage zones of the reservoir.

Conservation zone
{Only minimum releases)

Inactive

(Source: MIKE Basin, n.d)

Figure 2.1. Classifications of Storage Zones of the Reservoir

The operation and management of a reservoir system is a complicated problem due
to the variations of demand for multi-purpose reservoir operations and multiple
conflicting objectives. Reservoir operation involves many critical decisions which
make it difficult for decision makers and reservoir operators. Oliveira and Loucks
(1997) described that reservoir has a complex operational structure which involves
many decision variables and multi-purpose operation as well as considerable risk and

uncertainty that requires urgent decision making as a result of unpredicted
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circumstances such as flood or high inflow event. Figure 2.2 shows the conceptual
model of the reservoir system which consists of four components: upstream,

reservoir catchment, spillway gate and downstream.

' Spillway
LOCATION ! Upstream Reservoir gate Downstream
________ l_....__.....___-___..________-__--_.._..._
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|

I

|

' —_

I
RESERVOIR | \Water Source/ Water Release/
STRUCTURE | |nfiow Outflow

1 >
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I
________ |_..._..__._______-.._..___-_._____..__-..
DATA/ : River Water Level  Reservoir Water Level No. of gate
INFORMATION  Rainfall Rainfall Size of opening
________ :_ s s Opening Duration
DATASOURCE | JGauging Station  _IOperation Log Book _lOperation Log Book

, Telemetric JTelemetric

Recorder ~Recorder

(Source: Wan Ishak et al., 2011e)

Figure 2.2. Conceptual Model of Reservoir System

In practice, reservoir operations use certain operating rules. However, each reservoir
system is unique and has a different way to define its operating rules (Wan Ishak et
al., 2011a). Operation policy can be defined as a series of guidelines or strategies
generated for reservoir planners and operators to guide the release decisions
(Rittima, 2009). Typically, operation rules are identified from the reservoir operation
manual when it first operated (Wan Ishak et al., 2012). Conventionally, reservoir
operation is operated based on the judgments, heuristic procedures or past
experiences of the reservoir operator. This provides guidelines in making water
release decision according to the hydrological conditions, current reservoir storage

level, reservoir purpose etc. (Ngo, 2006).
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2.2.2 Reservoir Water Release Decision

Reservoir water release decision is one of the challenging tasks for the reservoir
operator since the decision deals with many complicated decision variables and
multi-purpose operation. During flood and drought seasons, reservoir water release
decisions are guided by the reservoir operating policy that helps reservoir operators
to determine accurate time for water release decision. The release decision consists
of actions to determine the amount of water to be retained and to be discharged from
a reservoir under various conditions (Wurbs, 1993). Jain and Singh (2003) described
that the decision making on water releases relies on the reservoir storage level,

demands, inflows, time, previous release etc.

Gate operation is one of the main significant functions of the reservoir that must be
considered for water release decisions. Gated spillways are designed as hydraulic
controls that provide a unique relationship between the reservoir water level and the
discharge (Afsar and Salehi, 2011). The decision on the gate opening is made based
on the reservoir water level which changes over time due to volume of rainfall. The
decision to open the spillway gate is very critical because any mistake by the
reservoir operator will cause downstream flood which gives impact to the human life

and property (Hassin et al., 2006).

The operation of gate opening involves typical information that needs to be
considered before making any decisions regarding water release, such as the number
of the gate opening, size of the opening, and duration of the opening (Wan Ishak et

al., 2011a). The amount of water that can be discharged through spillway gates
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depends on the reservoir operating policies. Thus, the spillway gate must be
regulated according to hydrological conditions and needs to be controlled in order to

support the reservoir operation.

The reservoir operator needs to determine the right time before making a decision to
release water through the spillway gate to the downstream. In practice, experts use
their experience or knowledge to make a decision either to open or close the gate, but
they need to develop the skills by understanding the basic structure and the current

system of the reservoir operation before using that knowledge (Hassin et al., 2006).

2.2.3 Reservoir Operating Policy

Reservoir operating policy is one of the most important procedures in the reservoir
operation. These policies are used to guide reservoir operators in making water
release decisions. In general, reservoir operating rules are determined at the early
stage when it’s operated. However, different reservoirs require different operating
rules (Ngo 2006; Husain 2012). There are numerous types of reservoir operating

policies have been previously suggested and discussed:
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I. Standard Operating Policy (SOP)

Standard operating policy (SOP) is designed based on an idea, which is to discharge

as much water to fulfil the target delivery based on the capacity that can be provided

by a reservoir (Tu et al. 2008). SOP is the simplest and most often-used reservoir

policy that releases water as close to meet the demand as possible, and does not

preserve water for future requirements. If sufficient water is not available to meet the

demand, the reservoir is emptied (Neelakantan and Pundarikanthan, 1999). SOP is

the optimal operating policy with an objective to minimize the total deficit over the

time horizon. Figure 2.3 shows the Standard Operating Policies (SOP) that has been

applied for reservoir operation and management.

Release, R4
Researvoir
Spills
Filling Phase
- — o — — — -
A
D S B
' |
! |
! |
[
I | N
(8] D D+ K Water Available, S+ Q

(Source: Majumdar & Mujumdar, 2005)

Figure 2.3. Standard Operating Policies (SOP)
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ii.  Rule Curves

Rule curves are one of the basic operating policies for managing and guiding
reservoir operation. The term "rule curve" is used to refer to the elevations which
define ideal (desirable or target) storage volumes and provides a mechanism for
release rules to be specified as a function of storage content (USACE, 1991).
However, this rule requires to be updated when drought occurs (Hoshimoto et al.,
1982). These policies traditionally are derived through simulation techniques (Chang

et al., 2005).

Chang et al. (2005) proposed operating rule curves for managing multi-purpose
reservoir operation by using genetic algorithms. The twao genetic algorithms (GAS)
have been investigated to prove the effectiveness of both coded for optimizing the
operating rule curves. The result indicates that genetic algorithms provide better
performances for deriving a new rule curve in terms of water release compared to

current M-5 operating rule curves.

According to Tu et al. (2003), this study described that reservoir rule curves consist
of three storage curves, which are known as flood control curve (the upper curve),
target storage curve (the middle curve), and firm storage curve (the lower curve).
These curves are defined when the reservoirs start operation. Figure 2.4 shows the
storage curves for multi-purpose reservoir. These rule curves are used as a trigger
function of the beginning reservoir storage level to start hedging for managing multi-

purpose reservoir operations.
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Figure 2.4. Rule Curves for Multi-Purpose Reservoir

iii.  Hedging Rules

Hedging rule is one of the reservoir operating policies that are designed to trigger the
water release and reserve water for future use (You, 2008). These policies allow a
minimum deficit in the current delivery to reduce the probability of water shortage
problems in the future. Based on this principle, hedging rules are used to discharge
water based on the water demand and maintain it for the next use (Draper & Lund,

2004).

Many previous studies have been made by numerous researchers on the development
of hedging rules for improving reservoir system operation (Tu et al., 2003, 2008;
Draper & Lund, 2004; Shiau & Lee, 2005; You & Cai, 2007, 2008a, 2008b; Rittima,
2009; Shiau, 2009, You & Cai, 2009; Guo et al., 2012; Taghian et al., 2013). Table

2.1 summarizes some of the related studies to the application of hedging rules in
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reservoir operation and management. Based on the literatures stated in Table 2.1, it
can be concluded here that most of the studies applied the implementation of
hedging rule for improving reservoir operation which has be done using a
numerical/mathematical model. Draper and Lund (2004) presented the common
forms of hedging policy which are described in the following manners as shown in

Figure 2.5 (Rittima, 2009):
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(Source: Rittima, 2009)

Figure 2.5. Types of Hedging Rules
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Table 2.1

Application of Hedging Rules in Reservoir Operation

Authors/ Title Objective

Model

Method

Suggestion/ Remarks

To develop a mixed integer
linear programming model that
considers both traditional rule

Tu et al. 2003 curves and hedging rules to
manage and operate multi-
purpose, multi-reservoir

systems.

Mathematical Model

MILP
Branch-and-bound

algorithm

The reservoir rule curves
and the hedging rules
provide operating
guidelines that can be
followed to minimize the

impacts of a drought.

To devise new hedging rules for

Tu et al. 2008 an existing multi-reservoir

system

Optimization Model
Mathematical Model

Transformation technique
Mixed Integer Nonlinear
Programming Model to
Mixed-Integer Quadratic

Programming Model

The reservoir hedging rules
are recommended to be re-
evaluated and updated to

improve reservoir systems.

o To simulate reservoir operations
Rittima, 2009

using a hedging policy

Simulation Model

Simulink Toolbox in
Matlab

Optimization techniques

should be used in order to
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determine the most
adequate hedging pattern
for real-life reservoir

systems.

This theoretical analysis will be

used to improve numerical

modelling for reservoir
) operations.
You & Cai, 2008a
To develop a conceptual two-

period model for reservoir

operations with hedging

policies.

Conceptual Model
Numerical Model

Hedging rules

Because of the limitation of
theoretical derivation,
several analyses are left
without an explicit result.
For example: bounds of
water availability for

hedging.

To develop a new numerical
) method that incorporates
You & Cai, 2008b ) )
hedging rules derived from

theoretical analysis.

Numerical model

Hedging rules

This study is limited to a
two-period model. The
predicted inflows are I.1.D
with foresight limited to the
next period.

The model is not for
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intrayear reservoir
operations, which may take
account hedging season to
season, month to month or
with even shorter time

interval.

To derive optimal hedging rules
for minimizing short-term and
) long-term shortage
Shiau and Lee, 2005 o
characteristics for a water-

supply reservoir.

Optimization Model
Mathematical

Hedging rule |
Hedging rule I
Compromise

Programming

The accuracy of future
inflows has greater
significant effects on HR |1
than HR | because it
depends on future shortage
conditions to determine
hedging. However, the
results are limited to the
assumption of uniformly
distributed monthly
demand. Further studies are

needed to explore the
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optimal hedging rules for

the variable monthly

demand.

The proposed rule can make

Guo et al., 2012

To derive an operating rule for
multi-reservoir systems by
combining parametric rule with
the hedging rule to avoid severe
short supply during drought.

Optimization and
Simulation Model

Particle swarm ) _
a radical reduction of

optimization o _
decision variables for

optimizing reservoir system.

The result shows the hybrid

Taghian et al., 2013

To improve reservoir
performances by developing a
hybrid model for optimizing
both conventional rule curve and
hedging rule.

Hybrid Model

Genetic Algorithms model will improve the

Linear Programming and
Simulation Program

reservoir performances

compared to applying the
rule curve alone.
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2.3 Computational Intelligence Approaches in Reservoir Operation and

Decision Modelling

Computational intelligence (CI) can be defined as computational methodologies and
approaches that are designed based on Al-based methods including artificial neural
networks (ANN), genetic algorithms, fuzzy logic etc. In the last several years, the
popularity of ClI techniques has been increasing in various water resources problems,
including reservoir operations, as these techniques can deal with many complexities
compared to the use of traditional methods. Generally, CI techniques may be able to
solve the problems of the uncertainty of hydrological data and the complexity of the
physical characteristic of a reservoir system. The application of computational
intelligence techniques has been reviewed to be related to the reservoir operation and

decision modelling.

2.3.1 Artificial Neural Network

Artificial Neural Networks (ANN) is' one of the popular artificial intelligence
methods that have the ability to handle non-linear, dynamic and noisy data
effectively. It represents a computational mechanism based on a simplified
mathematical model of the perceptrons (neurons). Artificial Neural Network has
been widely used for modelling reservoir operations especially in terms of deriving
operating policies to guide reservoir operators in making water release decisions
(Raman & Chandramouli, 1996; Neelakantan & Pundarikanthan, 2000; Cancelliere
et al., 2002; Ramani Bai et al., 2007; Sharifi et al., 2005; Wan Ishak et al., 20114,
2012). Raman and Chandramouli (1996) proposed reservoir operating policies by
using neural network for improving the reservoir operation. The performances of

Dynamic Programming (DP) model, Stochastic Dynamic Programming (SDP)
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model, Standard Operating Policy (SOP) model and Multiple Linear Regression
Procedure (DPR) model are compared, and it has been found that neural network
based on dynamic programming algorithm provides better performance compared to

other models.

According to Neelakantan and Pundarikanthan (2000), a simulation-optimization
model based on neural network has been developed for water supply reservoir
systems. This study involves three stages of general framework for developing a
simulation-optimization model. The result of this study indicates this model
performs well compared to the conventional simulation-optimization model. On the
other hand, Ramani Bai et al. (2007) proposed a model based on neural network with
four different multi-layer feed forward neural network (MLFFNN) modes for dam
operation and control by representing the training set to the network in the following
four different data forms, which are HANN, ANN, IANN, and EANN. The findings
show that data representation based on the explicit method of using optimized values
(EANN) yield better performance compared to the other representations. This study

recommends that NN should be used with data mining rather than optimization alone.

According to Cancelliere et al. (2002), artificial neural networks with dynamic
programming techniques were used for deriving irrigation reservoir operating rules.
The results of this study show that the operating rules improve performances of the
system operation in both normal and drought periods. On the other hand, Wan Ishak
et al. (2011a; 2012) applied Neural Network to model reservoir water release

decisions. Temporal data mining technique has been successfully used for extracting
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temporal patterns from reservoir operational data. NN model was developed to
classify the rules of reservoir water release. The finding of this study indicates the

performance of NN depicted acceptable performance.

2.3.2 Fuzzy Logic

Fuzzy Logic is another method of artificial intelligence that has the ability to deal
with uncertainty in the reservoir operation due to various hydrological condition,
complex structure and regulating policy. The following studies have been reviewed
on the application of fuzzy logic for modelling reservoir operations (Panigrahi &

Mujumdar, 2000; Dubrovin et al., 2002).

Panigrahi and Mujumdar (2000) suggested fuzzy rule based system for improving
single reservoir systems. The fuzzy rule based operation model is developed and
compared with SDP operation for release decisions (Panigrahi & Mujumdar, 2000).
The result of this study shows that the fuzzy rule based operation and SDP operation
provide results in different values of the performance index by using two
performance criteria: reliability and resiliency. This result is derived because of the
different discretisation schemes and the way the two policies are used in operation.
However, the application of this model may remain limited to the single reservoir

system problems.

On the other hand, Dubrovin et al. (2002) presented a real-time fuzzy rule-based
model for improving multi-purpose reservoir system. The application of a new

method for fuzzy inference, total fuzzy similarity was applied and compared to a
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traditional method. This model consists of two sub models which are reference water
level model and release model. The results show that the model performs well but it
did not consider expert judgment in the most unpredicted circumstances (Dubrovin
et al., 2002). The several weaknesses of the model have been highlighted in this
study, among them is the inability to observe the situations of forward and backward

at several time steps.

2.3.3 Genetic Algorithm

Genetic algorithm becomes one of the popular techniques over other techniques
because of its ability to overcome the complexity problems and search for optimum
solution. The application of Genetic Algorithms (GA) has been used widely to derive
reservoir operating policies for managing reservoir operations (Ahmed & Sarma,
2005; Jothiprakash & Shanthi, 2006; Momtahen & Darianie, 2007; Chen et al., 2007;

Jothiprakash et al., 2011).

A Genetic Algorithm (GA) model was presented by Ahmed and Sarma (2005) for
deriving an operating policy for multi-purpose reservoir. The GA model has been
proposed to derive optimal operating policy, and the performances of the model are
evaluated with stochastic dynamic programming (SDP). Momtahen and Darianie
(2007) proposed the direct search approach for deriving optimal operational policies.
Moreover, a GA optimization method was applied and compared to the conventional
models concerning ESO and ISO approaches. The result shows that the proposed

models performed better compared to ISO models in various forms of policies, in
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which the optimization for the objective functions can be easily conducted with this

approach (Momtahen & Darianie, 2007).

Jothiprakash and Shanthi (2006) proposed a genetic algorithm model for deriving the
optimal operating policies for multi-purpose reservoir operations. The objective
function has been used along with operating rule curves in order to minimize the
annual sum of squared deviation of desired releases. The result shows the application
of the model performs better in the real-time reservoir operation. Jothiprakash et al.
(2011) have developed a genetic algorithm (GA) and a backward moving stochastic
dynamic programming (SDP) model to derive optimal operating policies for a multi-
reservoir system. This model has been developed to reduce the annual sum of
squared deviation of desired target releases. As a result of this study, the GA
provided better performances for finding operating policies for improving multi-

reservoir systems as compared to SDP madels.

2.3.4 Hybrid Computational Intelligence Model

In recent years, the limitations in the current optimization and simulation models to
solve the complex problems in reservoir operations has led to the introduction of
hybrid techniques for improving the current reservoir operation systems. The
application of the hybrid techniques has been widely used for modelling complex

reservoir operation and prediction
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2.3.4.1 Adaptive Neuro-Fuzzy Inference System (ANFIS)
Fundamentally, ANFIS can be defined as a network model representation of the
Sugeno-type fuzzy system whose membership function parameters are adjusted
using either a back propagation algorithm alone, or in combination with a least
square type of method (Jang, 1993). A first order Sugeno-type fuzzy model has rules
as the following (Cruz & Mestrado, 2009):

Rule 1: If x is Ajand y is By then fi=pix +qpy +rl

Rule 2: If x is A;and y is By then f,=p,x +qoy +r2

Neuro- fuzzy systems have been developed as a result of the integration of two
techniques: neural networks and fuzzy logic. The strengths of both neural network
and fuzzy logic have been captured into a single framework by using neuro-fuzzy
system (Mehta & Jain, 2009). The application of ANFIS has been used widely in
prediction and modelling reservoir operation. Chang and Chang (2006) presented a
neuro-fuzzy hybrid approach to develop a system for water level prediction during
flood. Prediction models for reservoir management have been developed using the
Adaptive Network Based Fuzzy Inference System (ANFIS). In this study, two
ANFIS models have been developed: Model 1 with human decision as input
variables, Model 2 without human decision as input variables. The result
demonstrates that the application of ANFIS can be used successfully to forecast
reservoir water level for the next three hours. However, this study focuses on
prediction of reservoir water level and this might be significant different from
modelling reservoir water release decision because of the variables involves of

modelling technique.
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The Neuro-fuzzy technique has been proposed by Mehta and Jain (2009) to develop
an operation policy which is used for multi-purpose reservoirs and can be easily
implemented by operators. Three models of Fuzzy Rule Based (FRB) have been
developed and tested. Adaptive Neuro-Fuzzy Interactive System (ANFIS) and Fuzzy
Mamdani (FM) have been used to compute the release from all developed models.
The result shows that the ANFIS-cluster provides the best performances compared to

FM, but FM is more user friendly.

On the other hand, the application of hybrid model was successfully applied to
modelling reservoir operation during critical situations (Deka & Chandramouli,
2009). Deka and Chandramouli (2009) proposed the fuzzy neural network (FNN)
application which combines the ability of two techniques: artificial neural networks
and the fuzzy logic. In this study, the proposed modelling approach is initiated for
finding a reservoir operating policy. The performance comparison of DP, DPNN and
DPFNN were evaluated. The result of this study indicates that DPFNN model is
more efficient in order to find a non-linear relationship among different variables.
Nonetheless, the fuzzy rules do not give any explanation about the relationship
between the high flow and other environmental variables such as rainfall, watershed

and etc that are considered to be important.

Recently, Valizadeh and El-Shafie (2013) proposed multiple input fuzzifications in
ANFIS to predict the dam level using different types of membership functions. The
current model was compared with traditional ANFIS by fuzzifying each type of input

in the modelling system to demonstrate the behaviour of the different membership
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functions for each input. Three different time lags (RtOLt1, Rt1Ltl, and Rt2Lt2)
were observed with two different MFs for the two inputs, rainfall and dam level from
previous days. Based on three statistical evaluations, the model that employed
different types of MF’s performs better than other models, especially for time lag.
Nevertheless, this study does not consider the spatial temporal relationship between

dam level and rainfall distribution for water level forecasting.

Valizadeh et al. (2014) described a different ANFIS model in order to apply different
types of MFs for each type of input for water level forecasting. This study was
applied for two case studies: Klang Gates Dam and Rantau Panjang Station. Two
different ANFIS models have been proposed to observe the performance of the new
fuzzifying pattern in the ANFIS model with different types of membership function.
Based on the results, the model which applied the generalized bell-shaped MF and
the Gaussian MF provided. better results in the two case studies compared to the
model that used the generalized bell-shaped MF for the two types of inputs. Overall,
this study proved the ability of the model for applying different types of membership
function in the ANFIS model. However, this study focuses on reservoir water level
forecasting and as the input variables involves is not considering the spatial temporal

relationship exists for developing the ANFIS model.
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2.3.4.2 Other Hybrid Computational Intelligence Model

Pinthong et al. (2009) presented a hybrid application which combines genetic
algorithms and neurofuzzy system for improving water management system for
multi-purpose reservoir operations. The results demonstrate the releases predicted by
genetic algorithms and neurofuzzy model provide higher reliability for multi-purpose

operations compared to actual operations.

Luo et al. (2015) proposed a hybrid multi-objective optimization (MO) approach
named MO-PSO-EDA which combination of particle swarm optimization (PSO)
algorithm and the estimation of distribution algorithm (EDA) for solving the MO —
RFCO (Reservoir Flood Control Operation) problem. Three sub-populations and
probability models have been developed to solve complex multi-objective
optimization problem. The results illustrate MO-PSO-EDA model which combines
two methods provides better performance compared with its two variations MO-PSO
and MO-EDA. However, the study highlights the needs of comprehensive decision

making by considering the accurate estimation of flood damages in the future.

35



2.3.5 Comparison of Computational Intelligence Techniques

The comparisons of computational intelligence techniques such as Artificial Neural
Network (ANN), Fuzzy Logic (FL), Genetic Algorithm (GA) and Hybrid
Computational Intelligence Model are summarized in Table 2.2. The applications of
these techniques are compared according to their purpose, application, strength and
weaknesses. To conclude here, a hybrid computational intelligence model provides
better performances in terms of model development compared to stand-alone

techniques.
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Table 2.2

Comparison of Computational Intelligence Techniques

Techniques / Anrtificial Neural Network

Fuzzy Logic (FL)

Genetic Algorithm (GA)

Hybrid CI Model

Feature (ANN)
. To deal with To oyercome To overcome the
To handle dynamic, non- . complexity problems o
Purpose : . uncertainty and limitations of stand-
linear and noisy data i ] and search for
Inaccuracies i i alone methods
optimum solution
Forecasting
— Forec_asyng Expert System Optimization Op_tlmlza_tlon
Application Prediction : : Simulation
. L Embedded System Simulation
Simulation Expert System
Provides a novel solution to N A powerful capability Combines the learning
) Simplicity and . .
solve complex real-time - . to deal with a non- ability of the both
flexibility (Dubrovin & . .
problems (Dawson & Turunen, 2002) linear system global techniques (Deka &
Wilby, 2001). ’ ' optimization (Chaves Chandramouli, 2009).
Strength & Chang, 2008).

The development of the
model does not require
mathematical formulation
(Chaves & Chang, 2008).

Handle problems with
impreciseness and
uncertainty (Rani &
Moreira, 2010).

GA provides ability to
solve non-linear and

Enhance the reliability
and the accuracy in
terms of model
development (Deka &
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Chandramouli, 2009).

ANN has ability to handle

non-linear relationships of

data efficiently (Galavi &
Shui, 2012).

non-convex problems
(Chaves & Chang,
2008).

Weaknesses

Suffers from the black box
problems (Deka &
Chandramouli, 2005).

Time consuming for
training data (Chaves &
Chang, 2008).

Overfitting problem during
NN training (Othman &
Naseri, 2011).

Suffers from a lack of
solid mathematical
foundations (Dubrovin
& Turunen, 2002).

Suffers from a “curse
of dimensionality”
(Russell & Campbell,
1996).

The difficulty of explicitly
accounting for constraints
and maintaining feasible

solutions in the population
(Chaves & Chang, 2008).

N/A
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2.4 Spatial Temporal Data Mining in Reservoir Operation

Real time reservoir operation is a complex problem that involves many critical
decisions and always changes due to unpredicted circumstances, such as climate
change, extreme events, hydrological conditions etc. These situations are strongly
related to hydrological variables where the values dynamically change through time
and space. The concept of time explicitly refers to the temporal data where space
represents spatial data and spatial relationship involved in the reservoir operation.
Extracting the time and space information in the reservoir data can be done using

data mining techniques.

Data mining is a multi-disciplinary field which involves various research areas
including machine learning, database technology, statistics, information retrieval,
neural networks, pattern recognition, artificial intelligence, high-performance
computing, knowledge-based systems, and data visualization (Han et al., 2006). Data
mining is a part of the overall process of KDD (Knowledge Discovery in Database).
In other words, it can be referred to a particular step in this process. In theory, data
mining can be defined as a process for extracting useful patterns from data (Fayyad

etal., 1996; Han et al., 2006). Figure 2.6 shows the steps in KDD process.
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Figure 2.6. Steps in KDD process

2.4.1 Temporal Data Mining

Temporal data mining is one of the popular topics in data mining research. In
general, temporal data mining is an important extension of the data mining
techniques and it can be defined as a process of extracting implicit, potentially useful
patterns from the temporal database (Lin et al.,, 2002; Shekhar et al., 2010;
Shahnawaz et al., 2011; Wan-Ishak et al., 2012). Basically, temporal data mining
refers to the process for mining time series and sequential data sets. In practice,
temporal data mining focuses on the analysis of temporal data for discovering

temporal patterns from temporal data.

Temporal data can be classified into five categories that consists of static data,

sequences, time stamped, time series and fully temporal (Roddick & Spiliopoulou,
40



2002; Shahnawaz et al., 2011). Static data refers to the data that has zero temporality
where sequence data is events or transaction in a particular order. Time stamped,

time series and fully temporal data refer to data that has time related information.

The application of temporal data mining in modelling reservoir operation has been
successfully applied in previous studies by the following researchers (Wan Ishak et
al., 2011b, 2012; Mohan & Revesz, 2012). According to Wan Ishak et al. (2011b,
2012), the application of temporal data mining and neural network has been
proposed for modelling reservoir water release decision. Sliding window technique
was used to segment temporal pattern from the reservoir operational data. This study
demonstrates temporal data mining has been successfully applied in modelling
reservoir water release decision. However, this study only focuses on temporal
relationship of reservoir data which does not consider spatial relationship that exists
in modelling reservoir water release decision. Mohan and Revesz (2012) presented
the application of temporal data mining for handling reservoir data with uncertainty.
The experiments have been done using different types of data classification methods
in order to compare their performances in the case of uncertain data. The results of
this study show the uncertain temporal data mining provided better performances
compared to regular data mining. However, this study emphasizes a more
comprehensive modelling of reservoir systems needs to consider with their spatial

relationships.
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2.4.2 Spatial Data Mining

On the other hand, spatial data mining is the other process to discover meaningful
and interesting information from large spatial datasets (Shekar et al., 2005; Geetha et
al., 2008; Shekar et al., 2010). The process of extracting patterns of spatial data sets
iIs more difficult compared to traditional numeric and categorical data. In addition,
spatial data analyses are crucial due to the complexity and characteristics of spatial
data types, such as line, point, region, polygons etc. These types of data which are
usually handled by geographic information system (GIS) are used for spatial data

analysis.

Spatial data mining has become one of the popular study areas among the
researchers in numerous applications. According to Wang (2012), geographic
information system (GIS) and data mining methods have been applied for reservoir
characterization and horizontal well-placement guidance acquisition. This study has
been proposed to identify reservoir properties with spatial correlation. On the other
hand, Manikandan and Srinivasan (2013) presented spatial data mining and Prim’s
algorithm for mining spatially co-located moving objects. The R-TREE for mining
the patterns of spatial co-location has been applied for minimizing computation time.
The results of this study show the proposed technique performs better in terms of

memory space and time.
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2.4.3 Spatial Temporal Data Mining

Spatial temporal data mining, or also known as spatio-temporal data mining, is an
integration between spatial and temporal data mining that focuses on finding spatial
and temporal relationships or other patterns from spatio-temporal data (Kalyani &
Chaturvedi, 2012). It also can be considered as activities that integrate both spatial
and temporal concepts. Spatial temporal data mining defines both spatial and
temporal relationships. Two important attributes of spatial temporal data mining are
location and time, in which is location refers to spatial relationship and time refers to

temporal relationship of data.

In addition, the relationships of spatial and temporal are implicitly defined, that is,
they are not explicitly encoded in a database. These relations must be extracted from
the data and it is necessary to discover meaningful patterns in the data sets. The
process of extracting the interesting patterns from spatial temporal database is more
complex in order to consider both spatial and temporal relations. According to
Rashid and Hossain (2012), they described the challenging issues of spatio-temporal
data mining. The ability for analyzing the huge amount of data is still inadequate and
is needed to adapt data mining tools. The application of spatio-temporal data mining
has been widely discussed in reservoir operation and management. The need for
considering both spatial and temporal relationships has been highlighted in these

previous works (Chang & Chang, 2006; Mohan & Revesz, 2012).
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2.5 Summary

Decision making in reservoir operation is a very crucial especially in emergency
situations. Naturalistic decision theory is one of the decision making approaches that
illustrates how people made a decision based on their instances or past experiences.
This theory illustrates on how NDM take place in the emergency situation in order to
support decision making in the reservoir operation. Decision making regarding water
release is one of the challenging tasks in reservoir operation since the decision
involves many decision variables and multi-purpose operations. A literature on
computational intelligence on modelling reservoir operation and management has

also been reviewed.
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CHAPTER THREE
RESEARCH FRAMEWORK AND METHODOLOGY

This chapter elaborates the research framework and research methodology adopted
in this study. This research methodology elaborates the sequence of activities and

expected outcomes of each phase.

3.1 Research Framework

In this section, the research framework which has been implemented in this study
will be discussed. Figure 3.1 illustrate the research framework adopted in this study.
It involves two main phases, which are Spatial Temporal Data Mining and
Development of Reservoir Water Release Dynamic Decision Model. This research
framework describes the method or techniques used for achieving the research

objective and expected outcomes of each phase as shown in Figure 3.1.
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Phase Sub Phase Method and/or

. Outcomes
Techniques

Use Mean Value to
fill in missing value
Data Preparation

Pre-processed data
Use min-max

method to
normalize data

Spatial Temporal
Data Mining

Spatial Temporal

pattern of rainfall and

Spatial Temporal Sliding Window reservoir water level
Pattern Extraction

Neural Network (Objective 1)

:
ANFIS Mode! ‘F\dapt'l‘“:;'. Neuro Release Dynamic

Y " cC Decision Model
De " System (ANFIS)

Performance
iMeasurement:

Decision Model

) (Objective 2)
Development of I
Reservoir Water v
Release Dynamic .

ANFIS provides
MAE,-RMSE ] better performance

: compared to BP-NN
Techniques and ARIMA
Comparison: BP-

NN, ARIMA, ANFIS (Objective 2)

Performance
Evaluation

Figure 3.1. Research Framework
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3.2 Research Methodology

In this study, the research methodology adopted in this study will be discussed in

detail correspondingly in the subsequent sections.

3.2.1 Spatial Temporal Data Mining
This phase involves two major activities, which are data preparation and spatial
temporal pattern extraction. These activities will be elaborated in detail in the

subsequent sections:

i) Data Preparation

In this study, the Timah Tasoh reservoir was chosen and used as a case study
that is located in the state of Perlis, Malaysia. The Timah Tasoh reservoir is one
of the largest multi-purpose reservoirs in Northern Peninsular Malaysia. The
Timah Tasoh reservoir serves as flood mitigation and is the only reservoir that
has a gate structure that involves decisions. The data used has been retrieved

from Timah Tasoh operational data from 1999 until 2012.

The data have been obtained from two sources which are from reservoir
operational logbook and Department of Irrigation and Drainage (DID).
Reservoir operational logbook or also known as operational data has information
of daily reservoir operation such as reservoir water level and gate operation.
Meanwhile, data which has been retrieved from DID or also known as
hydrological data consist of hydrological information’s such as rainfall volume,

river water level and evaporation rate. The attributes selected as the input and
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output variables which are reservoir water level, rainfall from 5 gauging station,
and gate opening event. Table 3.1 shows the five categories of rainfall
measurement. These five categories of rainfall measurement are applied to
measure the volume of rainfall from five different gauging stations. Table 3.2
shows the four categories of flood stage which are used to measure the water
level at the Timah Tasoh reservoir. Both categories of rainfall measurement and

flood stage follow the standard measurement from DID.

Table 3.1

Five Categories of Rainfall Measurement

Min Max Code Number  Code Stage
0.00 0.00 0 N None
1.00 10.00 1 L Light
11.00 30.00 2 M Moderate
31.00 60.00 3 H Heavy
61.00 200.00 4 VH Very Heavy

Table 3.2

Four Categories of Flood Stage

Min Max Code Number Code Stage
0.00 28.99 0 N Normal
29.00 29.39 1 A Alert
29.40 29.59 2 wW Warning
29.60 30.00 3 D Danger

In this study, the selected data such as reservoir water level, rainfall from five
gauging stations and gate opening event has been retrieved and computerized
into a Microsoft Excel file. The computerized data has undergone data pre-

processing that involves several major tasks such as data cleaning and data
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transformation as shown in Figure 3.2. Table 3.3 shows an example of the

reservoir operational data.

Remove outliers & Fill in missing
values
METHOD: MEAN VALUE

Normalize data

METHOD: MIN-MAX METHOD

Figure 3.2. Data Pre-processing
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Table 3.3

Example of Reservoir Operational Data

CURAHAN HUJAN {mm) LUAHAN MELALUI SPILLWWAY LUAHAN MELALUI OUTLET

PARAS AIR| Padang | Tasoh | Lubuk* Kaki Wang * Guar [Jumlah gate Level gate Discharge Jumlah Discharge Jumlah
(m}) Besar Sireh Bukit Kelian Jentik di buka di buka {mm)}) In meter 3is (MCM) In meter 3/s (MCRT)
29.250 0.00 3.00 6.00 0.00 0.00 0.00 0 0 0 0 3.796 0.328
29.250 0.00 0.00 0.00 0.00 15.00 1400 | 0 i 0 r 0 r 0 3.796 0.328
20.255 0.00 0.00 0.00 10.00 4.50 1.00 i 0 r 0 [ 0 r 0 3.796 0.328
29.240 7.50 0.00 0.00 9.00 0.00 0.00 | 0 r 0 [ 0 "0 3.796 0.328
29.225 0.00 0.00 0.00 0.00 0.00 0.00 | 0 r 0 [ 0 "0 3.796 0.328
29.205 | 0.00 0.00 0.00 | 0.00 | 0.00 00 [ o [ 0 "0 C o 3.796 0.328
29190 | 0.00 0.00 0.00 | 2000 | 0.00 000 [ o [ 0 " 0 C o 3.796 0.328
29170 0.00 0.00 0.00 0.00 0.00 050 | 0 ! 0 ! 0 C 0 3.796 0.328
29.140 0.00 0.00 0.00 0.00 65.50 000 | 0 i 0 f ] ! 0 3.796 0.328
29115 0.00 0.00 0.00 0.00 0.00 8.00 i 0 r 0 r 0 i ] 3.796 0.328
29.100 10.00 4.50 38.00 6.00 58.50 41.00 i 0 ’ 0 ’ 0 ’ 0 3.796 0.328
29.155 0.00 0.00 0.00 0.00 1.50 050 | 0 ’ 0 r 0 "0 3.796 0.328
29165 0.00 0.00 0.00 7.00 0.00 0.00 | 0 r 0 r 0 "0 3.796 0.328
29145 0.00 0.00 3.00 0.00 8.50 850 | 0 r 0 r 0 "0 3.796 0.328
29.150 0.00 5.00 0.00 10.00 0.00 750 | 0 r 0 ’ 0 [0 3.796 0.328
29135 0.00 0.00 0.00 0.00 0.00 000 | 0 i 0 r 0 r 0 3.796 0.328
29125 0.00 0.00 0.00 0.00 0.00 000 | 0 i 0 r 0 r ] 3.796 0.328
29105 10.00 0.00 14.00 6.00 4,50 35.00 i 0 r 0 ’ 0 i 0 3.796 0.328
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i) Spatial Temporal Pattern Extraction
The second activity of this phase is to extract spatial temporal pattern of reservoir
water release decision by using the sliding window technique and neural network
(NN). A sliding window technique is selected because of its ability to capture the
time delay within the dataset (Ku-Mahamud et al., 2009; Wan Ishak et al., 2011a;
Wan Ishak et al., 2011b). In this phase, a few datasets have been formed based on
different sliding window sizes. The window size is defined by a fixed period of time.
Each of the sliding window size represents time of the delays. The best size of
sliding window has been determined in order to obtain the best pattern of reservoir’s

upstream rainfall.

As mentioned earlier, the Timah Tasoh reservoir is influenced by upstream rainfall
which is automatically recorded through five upstream gauging stations. Figure 3.3
shows the locations of the TIMAH TASOH reservoir and five gauging stations:
PADANG BESAR, TASOH, LUBUK SIREH, KAKI BUKIT and WANG KELIAN.
The temporal pattern of rainfall from these five gauging station has been trained
using Neural Network for discovering spatial information exists between the
reservoir and gauging stations. This spatial information represents different time

delays for water to flow into the reservoir from the five different gauging stations.
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Figure 3.3. Location of Timah Tasoh Reservoir and Five Gauging Stations

For the NN models, input and output has been formed based on sliding window
technique begins with size 2 that represent 2 days of delay. The maximum window
size was set to 6 which represent 6 days of delay. Rainfall at the time t, t-i, t-1,..., t-w
were used as the input data, while the current reservoir water level (WLt) is used as
the target. The constant t and w symbolize time and days of delay. Table 3.4 shows
the example of input and output of NN model which formed using window size 3
that represent 3 days of delay. Input of all model are normalized using min-max

method and the output was represented based on Binary-Coded-Decimal (BCD).
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Table 3.4

Example Input and Output of NN Model

Input Output

rf t-2 rft-1 rft WL t
-0.5 -0.5 -1.0 1.00
-1.0 0.0 0.0 1.00
1.0 0.0 -1.0 1.00
0.0 -1.0 -1.0 1.00
-0.5 0.0 0.5 1.00
-0.5 -0.5 0.5 1.00
0.0 -0.5 -1.0 1.00
-0.5 -1.0 -1.0 1.00
0.5 1.0 1.0 1.00
1.0 1.0 -1.0 1.00
1.0 -1.0 -1.0 1.00
-1.0 -1.0 -0.5 1.00
1.0 0.5 -1.0 1.00
0.5 -1.0 -1.0 1.00
0.5 0.5 -1.0 1.00
-1.0 -1.0 -1.0 1.00

For the ANFIS model, the input and output of the model has been formed based on
the findings from spatial temporal pattern extraction. The spatial temporal patterns of
rainfall from five gauging stations are used as the input variables and the status of
gate opening at time t+i (Go t+i) is used as the output variables. Figure 3.4 shows
the example of windows formed with the real operational data for ANFIS model.
The decision point is when there is a change in value of decision variables. In this
study, the gate opening events either open or close gate (1 or 0) is used as a decision

point. Zero (0) indicates gate is closed and one (1) represent the gate is opened.
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Figure 3.4. Example of Window Slice of 2

3.2.2 Development of Reservoir Water Release Dynamic Decision Model

In this study, Adaptive Neuro-Fuzzy Inference System (ANFIS) (Jang, 1993; Chang
& Chang, 2006; Valizadeh & EI-Shafie, 2013) is used to develop a reservoir water
release dynamic decision model. ANFIS is preferred because it combines the
learning ability of both techniques: neural network and fuzzy logic. The data in
ANFIS are usually divided into three sets: training set, checking set, and testing set.
The training data are used for the training of ANFIS, while the checking data are
used for verifying the identified ANFIS which prevents over-fitting networks. The

testing data are used to evaluate the model performance.

The ANFIS models were developed to create a fuzzy inference system in order to
determine reservoir water release decision based on the given input-output patterns.
Since the input variables used in this study are quite large: 23 and 22, which can
generate different possible conditions, the basic structure of ANFIS model becomes
expandable. In order to solve this problem, the subtractive clustering has been

applied to establish the rule base relationship between the input and output variables.
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The subtractive clustering usually can automatically verify the number of clustering
for the data sets. It considers each data point is a potential cluster centre and
calculates a measure of the probability that each data point would define the cluster
centre, based on the density of surrounding data points. The density index D; for each

data point x; is defined by:

l|xi —x||?
Di = p{‘ﬁ} ¢4

Where the value of r, radius represents a positive constant which defines a
neighbourhood of cluster centre. In order to avoid neighbourhood points of the first
cluster centre being selected as the second centre, the density measure of each data

point xi is revised as:

||%i =17
D; =D; — DC1exp {— (rb/—ZJ)Z} (3.2)

In general, 1y, is @ positive constant where the default value of setting ry is set equal to
1.5 ry The density measure will be modified in the remaining point set which is
applied in each step. The process of determining the cluster centre will be terminated
until the stop conditions have been reached. After several numbers of clustering are
evaluated, each model adopts the appropriate number of rules. It appears that the

subtractive fuzzy clustering does significantly reduce the number of rules.

Figure 3.5 shows the ANFIS Architecture for two inputs of Sugeno fuzzy model with
four rules. This architecture consists of five layers that represent layer 1- input
nodes, layer 2- rules nodes, layer 3- average nodes, layer 4- consequent nodes and
layer 5- output nodes (Wang et al., 2009).
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Figure 3.5. ANFIS Architecture
The Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) are
recommended as performance evaluation criteria which have been used in this study.

Figure 3.6 shows the process development of reservoir water release dynamic

decision model.

56



‘ Start \
A\ 4
Data /

Constructing Membership

Function

l

v

Reservoir Water
Release Dynamic
Decision Model

ANFIS ANFIS Model Spatial Temporal
Architecture Pattern of Rainfall

End

Figure 3.6. Process Flow for Development of Reservoir Water Release Dynamic
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) Performance Evaluation
To assess the model’s performances, the criteria used are follows:
1. Root Mean Square Error (RMSE) is used to measure the differences
between values predicted by a model and the observed values that are

being modelled.

Zinzl(XObSi o xmodel,i)2
n

RMSE = @3

2. Mean Absolute Error (MAE) is used to measure the average of the absolute

error and if the lower value is better.

1L 1<
MAE :H.Z:lll f; -y, |:H§|ei | (3.4)

3.3 Summary

In this chapter, the research methodology was designed and implemented for
experimentation purposes. Two main phases were applied in order to develop a
reservoir water release dynamic decision model. The performance of the decision
model was measured by using two performance criteria: RMSE and MAE. The next
chapter will discuss the steps for extracting spatial temporal patterns using spatial

temporal data mining technique.
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CHAPTER FOUR
SPATIAL TEMPORAL DATA MINING

This chapter discusses in detail on how to extract spatial temporal patterns from
reservoir operational data. This chapter also provides an explanation on how spatial

and temporal relationships are related in modelling reservoir water release decision.

4.1 Spatial Temporal Data Mining

Spatial temporal data mining is a process for finding spatial and temporal
relationships or other patterns from spatio-temporal data (Kalyani & Chaturvedi,
2012). In this study, data mining techniques specifically sliding window and neural
network have been used to identify spatial temporal patterns from reservoir

operational data.

4.1.1 Data Pre-processing

As mentioned in Chapter 3, data pre-processing involves several major tasks such as
data cleaning and data transformation. First, the data that has been collected from
Timah Tasoh Dam and DID must undergo the cleaning process. Cleaning process is
vital for detecting missing data, noisy data and outliers. In this study, missing data is
replaced with the Mean value. Table 4.1 shows the mean value for each category of
the flood stage: Normal, Alert, Warning and Danger. The missing data have been
filled with mean value based on the flood stage. The following formula is used to

find the mean value for each stage.
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N = AVERAGEIFS(B:B,B:B,">0.00", B: B,"<28.99")

(4.1)

N = AVERAGEIFS(B:B,B:B,">29.00",B: B,"<29.39") (4.2)
N = AVERAGEIFS(B:B,B:B,">29.40",B: B, "<29.59") (4.3
N = AVERAGEIFS(B:B,B:B,">29.00",B: B,"<30.00") 4.9
Where B refer to the name of the column
Table 4.1
Mean Value for Flood Stage
Min Max Stage Mean
0.00 28.99 Normal 28.43
29.00 29.39 Alert 29.13
29.40 29.59 Warning 29.46
29.60 30.00 Danger 29.72

Table 4.2 shows the example on how to fill in the missing value with the mean value.

For example, if there are missing values which value for the previous or the next data

are classified into normal stage then the mean value of 28.43 is used to fill in the

missing value.
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Table 4.2

Fill in Missing Value

TARIKH| ~ | PARAS Al ~ Tasoh | = |Padang Be| ~ |Lubuk Sin | Kaki Buk ~ [Wang Kel - |Gate Open ~
01-lan-07 28.550 0.00 0.00 0.00 0.00 0.00 0
02-lan-07 28.530 0.00 0.00 0.00 0.00 0.00 0
03-lan-07 28.510 0.00 0.00 0.00 0.00 0.00 1]
0d-lan-07 28.505 0.00 0.00 0.00 0.00 0.00 0
05-lan-07 28.500 0.00 4.00 0.00 0.00 2.00 0
06-lan-07 2.00 1.00 14.00 1.00 0.00 ]
07-lan-07 28.490 91.00 89.00 F1.00 83.00 0
08-lan-07 28.590 10.00 \SBJ.IL 5.00 12.00 30.00 0
09-lan-07 28.735 0.00 8.00 [—6.00 2.00 4.00 0
10-an-07 | N 0.00 .00 Tty Fill in Missing Value
11-lan-07 28.745 0.00 0.00 0.00 0.00
12-lan-07 28.750 1.00 0.00 0.00 0.00f with Mean Value

The values of data sets were normalized by using min-max method (Equation 4.5).

Min-max method transforms the value of x into a new range [new_min(A),

new_max(A)]. It transforms the value x into a range between [-1, 1] as shown in

Table 4.3 and Table 4.4. Min- max normalization is recommended as the relationship

of the original data values can be maintained (Han et al., 2006).

x—min(4)

Table 4.3

= m * (TLBW_ max(A) - new_min(A)) + new_min(A) (45)
Normalize Value for Rainfall Measurement
Min Max Code Stage Normalize
g Value (x)
0.00 0.00 N None -1
1.00 10.00 L Light -0.5
11.00 30.00 M Moderate 0
31.00 60.00 H Heavy 0.5
61.00 200.00 VH Very Heavy 1
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Table 4.4

Normalize Value for Flood Stage

Min Max Code Stage |\\|;Ja;rljl§|(l)f)e
0.00 28.99 N Normal -1
29.00 29.39 A Alert -0.33
29.40 29.59 w Warning 0.33
29.60 30.99 D Danger 1

Table 4.5 shows the example of data normalization using min-max method. The real

value has been transform into a new value based on the rainfall measurement and

flood stage.

Table 4.5

Data Normalization Using Min-Max Method

tarikh |- water level normalize |~ Kaki bukit - normalize [+| Jumlah gate [~
36161.00 28.53 -1.00 0.00 -1.0 o
36162.00 28.53 -1.00 12.00 0.0 o
36163.00 28.53 -1.00 0.00 -1.0 o
36164.00 28.70 -1.00 0.00 -1.0 o
36165.00 28.70 -1.00 0.00 -1.0 o
36166.00 28.71 -1.00 6.00 -0.5 o
36167.00 28.71 -1.00 0.00 -1.0 o
36168.00 28.70 -1.00 0.00 -1.0 o
36169.00 28.70 -1.00 7.00 -0.5 o
36170.00 28.69 -1.00 0.00 -1.0 o
36171.00 28.68 -1.00 0.00 -1.0 o
36172.00 28.67 -1.00 0.00 -1.0 o
36173.00 28.67 -1.00 5.00 -0.5 o
36174.00 28.67 -1.00 0.00 -1.0 o
36175.00 28.66 -1.00 0.00 -1.0 o
36176.00 28.66 -1.00 0.00 -1.0 o
36177.00 28.66 -1.00 0.00 -1.0 o

The output of each class is represented by using the Binary Coded-Decimal (BCD)

scheme where the value “0” has been represented by “-1” so that all output is in the

range [-1,1]as shown in Table 4.6. BCD is used as the total number of output nodes

can be reduced to the integer Log 2 M, where M is the number of classes (Chong &

Jia, 1994).
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Table 4.6

Output Class Using BCD

Output Class BCD Representation

0 -1 -1
1 -1 1
2 1 -1
3 1 1

4.1.2 Spatial Temporal Pattern Formation using Sliding Window

Spatial and temporal patterns of reservoir water release decision need to be extracted
from the past reservoir operational data which contains heuristic knowledge of
reservoir operation. Spatial information is identified by determining the time of
delays for water to flow into the reservoir from the five different gauging stations

which are Padang Besar, Tasoh, Lubuk Sireh, Kaki Bukit, and Wang Kelian.

The gauging stations are located at different locations and the distance between the
gauging stations and the reservoir varies. Thus, there are spatial relationships
between the reservoir and the gauging stations which need to be investigated in
making accurate decisions regarding water release. In the process to identify the
existence of spatial information in the temporal pattern of rainfall, the temporal data
mining classification process is applied in this study as shown in Figure 4.1. This
process shows the accuracy can be improved by considering the value until to a

number of n time units back in time.
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Figure 4.1. Temporal Data Mining Classification

The temporal information of the reservoir water level and rainfall are preserved by
using sliding window. The sliding window technique was applied because of its
ability to capture the time delay between the data sets (Wan Ishak et al., 2011c) and
able to discover pattern from temporal data (Ku-Mahamud et al., 2009). Table 4.7
shows the temporal data representation of reservoir operational data using sliding
window. It shows an example of data which has been formed using window size of
six. An experiment has been carried out to identify the best window size for the

sliding window technique.
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Table 4.7

Temporal Data Representation

rft-5 rft-4 rft-3 rft-2 rft-1 rft wit
-1.0 -1.0 -1.0 -0.5 -1.0 -1.0 -1.00
-1.0 -1.0 -0.5 -1.0 -1.0 -1.0 -1.00
-1.0 -0.5 -1.0 -1.0 -1.0 -1.0 -1.00
-0.5 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -0.5 -1.00
-1.0 -1.0 -1.0 -1.0 -0.5 -0.5 -1.00
-1.0 -1.0 -1.0 -0.5 -0.5 0.0 -1.00
-1.0 -1.0 -0.5 -0.5 0.0 -1.0 -1.00
-1.0 -0.5 -0.5 0.0 -1.0 -1.0 -1.00
-0.5 -0.5 0.0 -1.0 -1.0 -1.0 -1.00
-0.5 0.0 -1.0 -1.0 -1.0 -1.0 -1.00
0.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.00
-1.0 -1.0 -1.0 -1.0 -1.0 0.0 0.00

The pseudo-code used for the sliding window is shown in Figure 4.2.
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Read data gauging stations

If delays=6 days Then

Form window slices wrft-5 to t
Else

If delays= 5 days Then

Form window slices wrft-4 to t
Else

If delays= 4 days Then

Form window slices wrft-3 to t
Else

If delays= 3 days Then

Form window slices wrft-2 to t
Else

If delays= 2 days Then

Form window slices wrft-1 to t
End if

Until no more data

Classify window slices

Figure 4.2. Pseudo-code for the Sliding Window
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In this process, five data sets for five different gauging stations have been formed
and each data set represents the time of delay. Each data set symbolizes different
sliding window sizes. The window size begins with 2 which represent 2 days of
delays and the maximum window size is 6 that represent 6 days of delay. Table 4.8
summarizes the number of instances extracted for each data set based on the window

size.

Table 4.8

Data set and the Number of Instances based on the Window Size

Dataset Window  Padang Tasoh Lubuk Kaki Wang
Size Besar Sireh Bukit Kelian
1 2 25 25 25 25 25
2 3 110 106 107 100 114
3 4 313 296 336 274 386
4 5 665 620 755 587 910
5 6 1125 779 1355 1034 1576

4.2 Spatial Temporal Pattern Extraction Using Neural Network

The experiment on spatial temporal extraction was established by simulating the
mapped rainfall and reservoir water level pattern by using neural network. The
experiment was carried out to identify the best time of delays for water to flow into
the reservoir from five different gauging stations. In this study, five data sets have
been randomly divided into three: the training, validation/checking and testing data
sets for neural network modelling. The training data are used to train or adjust the
weight in NN model, while the validation data are used to find the best NN

configuration and training parameters, and the testing data are used to evaluate the
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performance of fully trained NN model. This study developed 25 neural network
models (5 different gauging stations and each gauging station has 5 data sets). Each
NN model is trained with different data set and with different combinations of
hidden unit, learning rate and momentum. Figure 4.3 shows the pseudo-code for NN
training. This procedure illustrates the value set for hidden unit, learning rate and

momentum.

for each HIDDEN UNIT
where HU = {3,5,7,9,11,13,15,17,19,21,23,25}

for each LEARNING RATE
where LR ={0.1,0.2,0.3,0.4,0.5,0.6, 0.7, 0.8, 0.9}

for each MOMENTUM
where MM = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}

Training:

Feedforward ()
Backpropagation of error ()
Weight update ()

Validation ()
End loop (MM)

End loop (LR)\
End loop (HU)

Figure 4.3. Pseudo-code for NN Training

4.2.1 Experimental Results on Spatial Temporal Pattern Extraction

The experimental results on spatial temporal pattern extraction for five different
gauging stations (PADANG BESAR, TASOH, KAKI BUKIT, LUBUK SIREH and
WANG KELIAN) have been discussed in this section. The following findings have
been obtained by analyzing the results that has best combination of highest

percentage of correctness and minimum errors for training, validation and testing.

68




The percentage of correctness has been calculated by using the following equation

(4.6).
correctness = (number instances with.correct output) x100 (46)
total number of instances
Table 4.9
Result for PADANG BESAR
Training Validation Testing
Dataset
MSE % MSE % MSE %

1 0.24303 83.02 0.56973 57.14 0.33564 85.71
2 0.22770 86.52 0.19834 87.53 0.15026 90.15
3 0.10907 94.82 0.14455 93.55 0.08984 96.77
4 0.06904 96.69 0.05576 98.80 0.07408 97.59
5 0.08433 97.03 0.04112 100.00 0.07210 98.47

Table 4.9 shows the result for PADANG BESAR gauging station. Each column
represents the MSE and percentage of correctness (%) for training, validation and
testing for each dataset. Overall, the result shows that the minimum training,
validation and testing errors for PADANG BESAR are 0.06904, 0.04112 and
0.07210 correspondingly, while the best percentage of correctness achieved for
training, validation/checking and testing are 97.03, 100.00, and 98.47. However, the
best combination of error and result achieved for PADANG BESAR are (0.08433,
97.03), (0.04112, 100.00) and (0.07210, 98.47). Based on the findings, data set 5 is
selected as the best data set which was formed using sliding size 6 that represents six
days of delay. This finding suggests that six days is the best time duration of delay
for the observation of the upstream rainfall from PADANG BESAR which will

significantly increase the water level at the reservoir.
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Table 4.10

Neural Network Parameters for PADANG BESAR

No of No of Hidden No of

Dataset Input Unit Unit Output Unit Learning rate Momentum
1 2 7 1 0.9 0.7
2 3 13 1 0.7 0.6
3 4 3 1 0.1 0.7
4 5 15 1 0.3 0.4
5 6 17 1 0.6 0.7

The values of network parameters achieved after the training is completed are shown
in Table 4.10. Overall, the results show that data set 5 provides better results with
learning rate (LR) equalling to 0.6 and momentum (MM) equalling to 0.7. The best

network architecture of neural network model achieved is 6-17-1.

Table 4.11

Results for TASOH

Datast Training Validation Testing
MSE % MSE % MSE %
1 0.16743 94.74 0.78214 33.33 0.25441 66.67
2 0.15311 94.74 0.05235 100.00 0.03944 100.00
3 0.13394 94.49 0.29744 80.00 0.12373 93.33
4 0.09358 96.13 0.11112 96.15 0.10316 96.15
5 0.09378 96.63 0.09660 93.59 0.06265 97.44

Table 4.11 shows the result for TASOH gauging station. Each column represents the
MSE and percentage of correctness (%) for training, validation and testing for each
dataset. Overall, the result shows that the minimum training, validation and testing
errors for TASOH are 0.13394, 0.05235 and 0.03944 respectively, while the best
percentage correctness achieved for the training, validation/checking and testing are

(94.74), (100.00) and (100.00). However, the best combination of error and result
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achieved for TASOH are (0.15311, 94.74), (0.05235, 100.00) and (0.03944, 100.00).
Based on the findings, data set 2 is selected as the best data set which was formed
using sliding size 3 that represents three days of delay. This finding suggests that
three days is the best time duration of delay for the observation of the upstream
rainfall from TASOH which will significantly increase the water level at the

reservoir.

Table 4.12

Neural Network Parameters for TASOH

No of Input  No of Hidden  No of Output

Dataset Learning rate  Momentum

Unit Unit Unit
1 2 9 1 0.4 0.5
2 3 9 1 0.2 0.7
3 4 3 1 0.5 0.7
4 5 7 1 0.9 0.4
5 6 25 1 0.5 0.1

The values of network parameters achieved after the completion of the training are
shown in Table 4.12. Overall, the results show that data set 2 provides better results
with learning rate equalling to 0.2 (LR) and momentum (MM) equalling to 0.7. The

best network architecture of neural network model achieved is 3-9-1.

Table 4.13

Results for LUBUK SIREH

Datasst Training Validation Testing
MSE % MSE % MSE %
1 0.03539 100.00 0.11076 100.00 0.41828 66.67
2 0.16553 91.76 0.18354 90.91 0.12410 100.00
3 0.01263 100.00 0.02659 100.00 0.00662 100.00
4 0.06950 97.68 0.09649 96.05 0.09787 94.74
5 0.08254 98.06 0.09668 95.59 0.07760 97.79

71



Table 4.13 shows the result for LUBUK SIREH gauging station. Each column
represents the MSE and percentage of correctness (%) for training, validation and
testing for each dataset. Overall, the result shows that the minimum training,
validation and testing errors for LUBUK SIREH are 0.01263, 0.02659 and 0.00662
respectively, while the best percentage of correctness achieved for the training,
validation/ checking and testing are (100.00), (100.00), and (100.00). Based on the
findings, data set 3 is selected as the best data set which was formed using sliding
size 4 that represents four days of delay. This finding suggests that four days is the
best time duration of delay for the observation of the upstream rainfall from LUBUK

SIREH which will significantly increase the water level at the reservoir.

Table 4.14

Neural Network Parameters for LUBUK SIREH

No of Input  No of Hidden No of Output

Dataset Unit Unit Unit Learning rate Momentum
1 2 3 1 0.8 0.2
2 3 3 1 0.2 0.9
3 4 3 1 0.3 0.2
4 5 13 1 0.5 0.2
5 6 7 1 0.8 0.7

The values of network parameters achieved after the training is completed are shown
in Table 4.14. Overall, the results show that data set 3 provides the best results with
learning rate equalling to 0.3 (LR) and momentum (Mom) equalling to 0.2. The best

network architecture of neural network model achieved is 4-3-1.
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Table 4.15

Results for KAKI BUKIT

Dataset Training Validation Testing
MSE % MSE % MSE %
1 0.02239 100.00 0.28815 66.67 0.97164 66.67
2 0.01347 100.00 0.00138 100.00 0.00013 100.00
3 0.11799 95.45 0.21663 85.19 0.08473 100.00
4 0.07642 97.44 0.09731 94.92 0.08712 96.61
5 0.05952 98.55 0.08294 97.09 0.04560 100.00

Table 4.15 shows the result for KAKI BUKIT gauging. Each column represents the

MSE and percentage of correctness (%) for training, validation and testing for each

dataset. Overall, the result shows that the minimum training, validation and testing

errors for KAKI BUKIT are 0.01347, 0.00138 and 0.00013 respectively, while the

best percentage of correctness achieved for the training, validation/ checking and

testing are (100.00), (100.00), and (100.00). Based on the findings, data set 2 is

selected as the best data set which was formed using sliding window size 3 that

represents three days of delay. This finding suggests that three days is the best time

duration of delay for the observation of the upstream rainfall from KAKI BUKIT

which will significantly increase the water level at the reservoir.

Table 4.16

Neural Network Parameters for KAKI BUKIT

Dataset No (Ejfnlir;put No oL:|i|tdden No OL(n)il:tpUt Learning rate Momentum
1 2 11 1 0.9 0.7
2 3 7 1 0.8 0.7
3 4 13 1 0.1 0.9
4 5 9 1 0.4 0.2
5 6 5 1 0.3 0.1
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The values of network parameters achieved after the completion of the training are
shown in Table 4.16. Overall, the results show that the data set 2 provides the best
results with learning rate equalling to 0.8 (LR) and momentum (MM) equalling to

0.7. The best network architecture of neural network model achieved is 3-7-1.

Table 4.17

Results for WANG KELIAN

Dataset Training Validation Testing
MSE % MSE % MSE %
1 0.00841 100.00 0.39774 66.67 0.40395 66.67
2 0.10821 94.57 0.33501 81.82 0.23830 81.82
3 0.21539 92.21 0.19389 89.74 0.15009 94.87
4 0.08485 96.70 0.07559 96.70 0.09012 95.60
5 0.04518 99.22 0.04180 98.31 0.04760 99.44

Table 4.17 shows the result for WANG KELIAN gauging station. Each column
represents the MSE and percentage of correctness (%) for training, validation and
testing for each dataset. Overall, the result shows that the minimum errors of
training, validation and testing for WANG KELIAN are 0.0084, 0.04180 and
0.04760 respectively, while the best percentage of correctness achieved for the
training, validation/checking and testing are (100.00), (98.31), and (99.44).
However, the best combinations of the error and results achieved for WANG
KELIAN are (0.04518, 99.22), (0.04180, 98.31) and (0.04760, 99.44). Based on the
findings, data set 5 is selected as the best data set which was formed using sliding
window size 6 that represents six days of delay. This finding suggests that six days is
the best time duration of delay for the observation of the upstream rainfall from

WANG KELIAN which will significantly increase the water level at the reservoir.
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Table 4.18

Neural Network Parameters for WANG KELIAN

No of Input

No of Hidden

No of Output

Dataset Unit Unit Unit Learning rate  Momentum
1 2 11 1 0.3 0.7
2 3 3 1 0.2 0.5
3 4 5 1 0.8 0.8
4 5 11 1 0.9 0.3
5 6 23 1 0.3 0.1

The values of network parameters achieved after the training is completed are shown

in Table 4.18. Overall, the results show that data set 5 provides the best results with

learning rate equalling to 0.3 (LR) and momentum (MM) equalling to 0.1. The best

network architecture of neural network model achieved is 6-23-1.

Table 4.19

Summary of the Findings

Gauging Window
Station Size
Padang Besar 6
Tasoh 3
Lubuk Sireh 4
Kaki Bukit 3
Wang Kelian 6

Training Validation Testing
MSE % MSE % MSE %
0.08433 97.03 0.04112  100.00 0.07210  98.47
0.15311 94.74 0.05235  100.00 0.03944  100.00
0.01263  100.00 0.02659  100.00 0.00662  100.00
0.01347  100.00 0.00138  100.00 0.00013  100.00
0.04518 99.22 0.04180 98.31  0.04760  99.44

Table 4.19 shows a summary of the findings for five gauging stations: PADANG

BESAR, TASOH, LUBUK SIREH, KAKI BUKIT and WANG KELIAN. In

addition, a summary of network specification for each gauging station is shown in

Table 4.20.
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Table 4.20

Summary of Network Specification

Gauging Hidden Learning
] Dataset #Input #Output ) Momentum
Station units Rate
Padang
5 6 1 17 0.6 0.7
Besar
Tasoh 2 3 1 9 0.2 0.7
Lubuk Sireh 3 4 1 3 0.3 0.2
Kaki Bukit 2 3 1 7 0.8 0.7
Wang
) 5 6 1 23 0.3 0.1
Kelian

4.2.2 Spatial Temporal Pattern of Rainfall

The finding of spatial temporal pattern extraction has been used as input variables
for modelling reservoir water release decision using ANFIS in the next chapter. This
model was derived based on the results of neural network modelling from spatial

temporal pattern extraction. The input and output of the model was represented as:

WL () = RF (pb (t-5), pb (t-4), pb (t-3), pb (t-2), pb (t-1), pb (t), ts (t-2),
ts (t-1), ts (1), Is (t-3), Is (t-2), Is (t-1), Is (t), kb (t-2), kb (t-1), kb (t), wk (t-5),

wk (t-4), wk (t-3), wk (t-2), wk (t-1), wk (1)) (4.7)

The output of the models is WL(t ) that represents the reservoir water level at time t;
RF represent rainfall at the each gauging station, where the subscripts pb, ts, Is, kb,
and wk represent gauging stations of Padang Besar, Tasoh, Lubuk Sireh, Kaki Bukit,

and Wang Kelian respectively.

76



4.3 Spatial Temporal Pattern Extraction Procedure

As mentioned earlier, the special pattern extraction procedure needs to be determined
in order to maintain the existence of spatial temporal relationship in the reservoir
water release decision pattern. Figure 4.4 shows the spatial temporal pattern

extraction procedure which has been adopted in this study.

This procedure starts with data collection from two sources: reservoir operational
data and hydrological data. The next step is data pre-processing that consists of two
activities which are data cleaning and data normalization. The next step followed by
spatial temporal information identification and spatial temporal pattern formation.
These two steps are most important step to identify the spatial temporal pattern by
using sliding window and neural network. The process to identify the best pattern is
start from applying sliding window to find temporal pattern of rainfall. After the
temporal pattern of rainfall has been extracted, neural network classifier has been
applied to identify the best NN model based on the results. The best results have
been compared based on the percentage of correctness (%) and error (MSE). The last
step is to select the best model which forms the best pattern of rainfall. Finally, the
best spatial temporal pattern has been identified and used as an input to develop

ANFIS model.
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Figure 4.4. Steps in Spatial Temporal Pattern Extraction Procedure
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4.4 Summary

In this chapter, the complete process of extracting spatial temporal pattern from
reservoir operational data has been described. The spatial and temporal data mining
technique was used to extract spatial temporal pattern from reservoir operational data
that contains information of experts’ knowledge and experiences. In this chapter, the
experimental result on the spatial temporal pattern extraction has also been provided.
In the next chapter, the explanation on the development reservoir water release

dynamic decision model will be discussed.
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CHAPTER FIVE
PROPOSED RESERVOIR WATER RELEASE DYNAMIC
DECISION MODEL BASED ON SPATIAL TEMPORAL
PATTERN

This chapter is presented to discuss on the development of reservoir water release
dynamic decision model. The steps show the detailed process on how to develop a
reservoir water release dynamic decision model using the Adaptive Neuro-Fuzzy

Inference System (ANFIS).

5.1 Development of Reservoir Water Release Dynamic Decision Model

As mentioned in the previous chapter, the development of a reservoir water release
dynamic decision model has been conducted by using ANFIS. The spatial temporal
pattern of rainfall that has been extracted from the previous phase has been used as
the input variables of the model. In this study, MATLAB tool is used to develop the
ANFIS model for reservoir water release decision. The following sub section shows

the steps for developing a reservoir water release dynamic decision model.

5.1.1 Constructing Fuzzy Membership Function

A membership function (MF) is a curve that defines how each point in the input
space is mapped to a membership value (or degree of membership) between 0 and 1.
In this study, a fuzzy membership function has been constructed for reservoir flood
stage. The minimum entropy method has been used to identify the threshold line for
classifying the samples while minimizing the entropy for an optimum partition. The

threshold value has been calculated by using Equations (5.1-5.7).
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S(x) =p (x)Sp(x) + q(x)Sq(x) (5.1)

where

Sp(x) = —[p1(x) Inpl(x) + p2(x)Inp2(x)]  (5.2)

Sq(x) = —[q1(x)Inq1(x) + q2(x)Ing2(x)]  (5.3)

and where

pk(x) and gk(x) = conditional probabilities that the class k sample is in the region
[x1, x1 + x] and [ x1 + x, x2], respectively

p(x) and g(x) = probabilities that all samples are in the region [x1, x1 + x] and [ x1
+ X, x2], respectively 12

p(x)+ q(x) =1

_ Me()+1
_ N+
ak(x) =40 (5.5)
— Mx
p(x) == (5.6)
q(x) =1 -=p(x) (5.7)
Where

nk(x)=number of class k samples located in [x; X3 + X]

n(x)=the total number of samples located in [xz, x; + X]
Nk(x)=number of class k samples located in [x; + X, X2]
N(x)= the total number of samples located in[x; + X, X,]

n = total number of samples in[xy, Xz]

Calculation of Membership Function using Minimum Entropy Method

This example shows the calculation of membership function using entropy method
for reservoir flood stage. There are four categories of flood stage: Normal, Alert,
Warning and Danger. Table 5.1 shows the segmentation of x value from the raw

data.
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Table 5.1

Segmentation of x into two arbitrary classes (from raw data)

N 1 2 3 4 5 6 7 8 9 10 11 12
x=a/b 27.80 28.10 2830 2850 2865 2885 2890 29.00 2925 2955 29.75 29.94
class 1 1 1 1 1 2 1 1 2 2 2 2

The value has been selected randomly from raw data and the data are classified into
two classes either class 1 or class 2. Figure 5.1 shows the illustration of threshold
value idea which divides the space into two regions: p and g. Each region has a value

from class 1 and class 2.

o " o® c e_o
a 9 oo OO -«

P region T q region

N RTE . TR

Figure 5.1. HHlustration of Threshold Value ldea

The calculation of Primary Threshold Value (PRI) is compulsory for dividing the
data into two sections: PO and NG sides. With this PRI value, the sections are
divided in two, in which PO or known as positive refers to the right side of the
primary threshold, and NG or known as negative refers to the left side of the primary
threshold. Table 5.2 shows the calculation of Primary Threshold Value (PRI). The
value of 29.10 has been selected as a Primary Threshold Value (PRI) because of

having the minimum S(x) value.
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Table 5.2

Calculation of Primary Threshold Value (PRI)

Value 1 2 3 4 5 6 7 8 9 10 11
x1 2790 28.20 28.40 28.60 28.80 28.87 2895 29.10 2940 29.60 29.80
pl 1 1 1 1 1 08571 0.875 0.8889 0.8 0.7273 0.6667
p2 0.5 03333 0.25 0.2 0.167 0.2857 0.25 0.2222 0.3 0.3636 0.4167
ql 0.5833 0.5455 0.5 0.444 0.375 0.4286 0.3333 0.2 025 0.3333 0.5
g2 0.5 0.5455 0.6 0.667 0.75 0.7143 0.8333 1 1 1 1
p(x) 0.0833 0.1667 0.25 0.333 0.417 0.5 0.5833 0.6667 0.75 0.8333 0.9167
q(x) 0.9167 0.8333 0.75 0.667 0.583 0.5 04167 0.3333 0.25 0.1667 0.0833
Sp(x) 0.347 0.366 0.347 0322 0.299 0490 0463 0439 0540 0599 0.635
Sq(x) 0.661 0.661 0.653 0.631 0584 0.603 0518 0.322 0.347 0.366 0.347
S(x) 0.635 0.612 0.576 0528 0465 0547 0486 0.400 0.491 0561 0.611

The next calculation is to determine the secondary threshold value of NG side. The

same procedure is applied to calculate this secondary threshold value. Table 5.3

shows the calculation of threshold value for NG side. The value of 28.80 has been

selected as a secondary threshold value for NG side because of having the minimum

S(x) value. S (x) values are selected based on the minimum entropy principle.

Table 5.3

Calculation Threshold Value of NG Side

Value 1 2 3 4 5 6 7
X2 27.9 28.2 28.40 28.60 28.80 28.87 28.95
pl 1 1 1 1 1 0.8571 0.875
p2 0.5 0.3333 0.25 0.2 0.167 0.2857 0.25
gl 0.875 0.8571 0.833 0.8 0.75 1 1
g2 0.25 0.2857 0.333 0.4 0.5 0.3333 0.5
p(x) 0.125 0.25 0.375 0.5 0.625 0.75 0.875
q(x) 0.875 0.75 0.625 0.5 0.375 0.25 0.125
Sp(x) 0.347 0.366 0.347 0.322 0.299 0.490 0.463
Sq(x) 0.463 0.490 0518 0.545 0562 0.366 0.347
S(x) 0.449 0.459 0.454 0.433 0.398 0.459 0.449
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The next calculation is to determine the secondary threshold value of PO side. Table
5.4 shows the calculation of threshold value for PO side. The value of 29.40 has been

selected as a threshold value for PO side because of having the minimum S(x) value.

Table 5.4

Calculation Threshold Value of PO Side

Value 1 2 3
X3 29.40 29.60 29.80
pl 0.5 0.3333 0.25
p2 1 1 1
ql 0.25 0.3333 0.5
g2 1 1 1
p(x) 0.25 05 0.75
q(x) 0.75 05 0.25

Sp(x) _0.347  0.366 0.347
Sq(x)  0.347 0.366 0.347
S(x) 0.347 0.366 0.347

This last step is to calculate the next threshold value of PO side. Table 5.5 shows the
calculation of threshold value for PO side. The value of 29.60 has been selected as

last threshold value for PO side because of having the minimum S(x) value.

Table 5.5

Calculation Threshold Value of PO Side

Value 1 2
x4 29.60 29.80
pl 0.5 0.3333
p2 1 1
ql 0.3333 0.5
g2 1 1

p(x) 0.3333 0.6667
q(x) 0.6667 0.3333
Sp(x) 0.347  0.366
Sq(x) 0.366  0.347
S(X) 0.360 0.360
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Figure 5.2 illustrates the membership function graph for reservoir flood stages:
Normal (N), Alert (A), Warning (W) and Danger (D). The threshold values for each
partition are mapped into a graph after the calculation has been completed. This
membership function which has been constructed will be used to develop an ANFIS

model for modelling reservoir water release decision.

28.9 281 284 206

Figure 5.2. Membership Function Graph for Flood Stage
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5.1.2 ANFIS Model Development

In this study, a hybrid computational intelligence approach, namely Adaptive Neuro-
Fuzzy Inference System (ANFIS) (Jang, 1993; Chang & Chang, 2006; Valizadeh &
El-Shafie, 2013) was used for modelling reservoir water release decision. The basic
architecture of the ANFIS model was shown in Figure 3.4 in chapter 3. The input
and output of the ANFIS model have been selected based on the gate opening events:
open or close gates. After the selection, only 249 data have been selected and these
data that represent the open or close gate events were divided into three datasets: the

training (70%), checking (15%), and testing sets (15%).

Table 5.6 shows an example of training set for the ANFIS models. Two ANFIS
models have been developed for gate opening decisions: Model 1 with rainfall
patterns from five gauging stations and current reservoir water level as an input
variable, Model 2 without reservoir water level. The rainfall data from five gauging
stations and the water level of the TIMAH TASOH reservoir are used as the input
variables. Because the distances between the gauging stations are different and the
times of water to flow to the TIMAH TASOH reservoir vary, the travel times from
five different gauging stations are being considered for constructing the models and
the shifted inputs of the five gauging stations are adopted. In total, there are two
models which have been developed with 23 input variables trained in Model 1 and
22 input variables trained in Model 2. The model inputs and outputs of the model are

represented as:
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Model 1 with 23 input variables (rainfall patterns from five gauging stations and
current reservoir water level):

Go (t + i) = RF (pb (t-5), pb (t-4), pb (t-3), pb (t-2), pb (t-1), pb (%), ts (t-2),

ts (t-1), ts (t), Is (t-3), Is (t-2), Is (t-1), Is (t), kb (t-2), kb (t-1), kb (t), wk (t-

5),wk (t-4), wk (t-3), wk (t-2), wk (t-1), wk (), WL (1) (5.8)

Model 2 with 22 input variables (rainfall patterns from five gauging stations without
current reservoir water level):

Go (t+i) = RF (pb (t-5), pb (t-4), pb (t-3), pb (t-2), pb (t-1), pb (1), ts (t-2),

ts (t-1), ts (t), Is (t-3), Is (t-2), Is (t-1), Is (t), kb (t-2), kb (t-1), kb (t), wk (t-5),

Wk (t-4), Wk (t-3), WK (t-2), wk (t-1), Wk (1)) (5.9)

The output of the models is Go(t + i) that represents the status of water release
which is either to open or close the gate at the time t + i; where the subscripts pb, ts,
Is, kb, and wk represent gauging stations of Padang Besar, Tasoh, Lubuk Sireh, Kaki

Bukit, and Wang Kelian respectively. Besides that, WL (t) represents the reservoir

water level at time t.
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Table 5.6

Example of Training Set for ANFIS Model 1

padang besar tasch lubuk sireh kaki bukit wang kelian water level| gate
0.00 2.00 000 | 1350 | 000 | 1200 | 1550 | 0.00 0.00 5.00 500 00| OOD| 900| 7.00 0.00| 0.00| 0.00{ 7.50| 0.00|18.50 2891 1
2.00 0.00 | 13.50 0.00 | 1200 | 250 0.00 | 0.00 0.00 5.00 600 000 | 900 | 700| 6.00 000| 000 750 000| 1850| 5.50 2891 0
58.00 0.00 0.00 000 | 700| B00 | 3900|2100 0.00 2.00 000 ( 000 | O00( 000 | 10.00 0.00] 0.00] 0.00{ 16.50] 0.00(11.50 25.14 0
0.00 0.00 0.00 700 | BO0|3200| 2100 | 0.00 0.00 0.00 0.00 | 67.00 | 0.00 | 10.00 | 11.00 0.00| 0.00| 16.50( 0.00| 11.50(35.50 2021 1
7.00 200 | 3200 100 | 2650 | 100 | 2300 | 38.00 | 28.00 1500 | 3900 ( 000 | 2050 | 000 0.00 0.00] 11.50| 3550 0.00| 1850 150 29.00 1
.00 | 32.00 100 | 2650 | 100| 050 | 3200 |28.00 2.00 39.00 000 (3100 (| OO0 (| DOD | 00D | 11.50( 35.50| 0.00| 1850| 1.50| 0.00 2007 0
32.00 1.00 | 26.50 100| 050 000 | 2800 200 | 2150 000 ( 3100 | 0.00 000 ( 900 | 3550/ 0.00| 1850 150| 0.00| 0.00 29.15 0
100 | 26.50 1.00 0.50 | 0.00 | 45.50 200 | 21.50 0.00 31.00 000 [ 0.00 o00 | 1050 | 000 1850) 150| 0.00| 0.00)13.50 2524 1
0.00 0.00 | 10,00 500| 750| 0.00 0.00/ | 0.00 0.00 0.00 500 | 3.00 600 (| 0.00| 000 000| 250 0.00| 56.50| 0.00 2801 1
0.00 | 10.00 5.00 750 | 000| 000 0.00 | 0.00 0.00 5.00 3.00 | 10.00 . 000 | 0.00 000 250| 0.00( 56.50| 000 2.00 2891 0
0.00 0.00 0.00 0.00 | 000| 0.00 500 | 700 | 000 3.00 000 ( 200 (2050 ( 00O | O0.00 250| 250| 3.50(2250| 0.00( 0.00 29.03 0
0.00 0.00 0.00 000 | 000| 000 7.00)( 10.00 000 0.0 BOO| 000 | OOO| 000 0.00 250| 350| 2250 0.00| 000 0.00 2821 1
0.00 0.00 0.00 000 | 000| 000 0.00 | 0000 | 00D 0.00 000 [ 000 | 000 ( 000 0.00 0.00] 000 0.00{ 000] 000 0.00 29.00 1
0.00 0.00 0.00 000 | 000| 000 0.00-| ;300 0.00 0.00 0.0 oo0 | 000 | OO0 () 0CD| 000 000" 000 000 000 000 0.00 28.99 0
B50 | 2900 | 1950 | 1550 100 | 000 | 29.00 | 26.00/| 38.00 3.00 | 5000 [ 35.00 | 35.00 | 0.00 | 0.00 | 11.00 3.50| B8.50| 35.50( 18.00| 000 2.50 29.19 0
2000 | 19.50 | 1550 100| 000| 000 | 2600 | 3800 0.00 | 5000 | 3500 | 3500| 000 | 0001100 | 000| BES50| 35.50| 12.00| 0.00| 2.50|40.00 2021 1
0.00 7.00 150 | 1000 | 1.00 | 13.00 0.00 | 7.50 3.00 5.00 | 10.00 100 | 1600 | OO0 | BOO| 6.00 0.00| B850| 1.50( 17.50| 36.00( 2.50 2897 1
7.00 150 | 10,00 1.00 | 13.00 | 40.00 750 | 3.00 0.00 | 10.00 100 | 1600 | 000 | 800 | 600) 000 8.50] 150| 17.50( 36.00) 250( 0.00 2891 0
400 | 4550 150 | 13.00 | 800 | 65.00 | 11.00 | 15.00 0.00 | 32.00 | &0.00 200 | 20.00 | 1450 | 10.00 | 11.00 | 2450(144.00| 10.50| 3450| £.50|17.50 2004 0
4550 150 | 13.00 800 | 65.00 | 39.50 | 1500 | 0.00 | 19.00 | 60.00 200 | 2000| 500|1000)11.00 | 14.00 |14400| 1050( 34.50] 650( 17.50|51.50 29.09 1
0.00 0.00 | 400 | 1000 | 2500 | 950 0.00 | 0.00 0.00 4.00 0.00 O00 (4500 | 100 (1000 | 100 0.00| 000 7.50( 2.50| 51.50(39.50 28.30 1
0.00 400 | 1000 | 25.00 | 950 | 18.00 0.00 | 0.00 | 3000 0.00 900 | 4500 | 000 | 1000 | 100| 0.00 0.00| 7.50| 2.50( 51.50| 39.50(42.50 28.90 0
25.00 9.50 | 12.00 100 | 000| 200 | 3000 |60.00 8.00 0.00 [ 2200 [ 3700 | 000 | 2000|3150 | 3450 | 51.50] 39.50| 4250( 250| 0.00(14.50 28.96 0
950 | 1B.00 1.00 000| 200| 000 | 6000 | 800 | 3050 | 2200 | 37.00 000 | 000 (3150 (3450 (| 000 | 3950 4250| 250| 0.00]| 14.50|20.50 28.98 1
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5.2 Development of Reservoir Water Release Dynamic Decision Model using
ANFIS

The experiment on the development of reservoir water release dynamic decision
model has been conducted by using ANFIS in which implementation has been done
in MATLAB tool. Table 5.7 shows the parameters used in these ANFIS model. The
number of epochs refers to the frequency to train the model. Method of optimization
refers to the optimization methods available for FIS training, namely hybrid (the
default, a combination of mixed least squares estimation and back propagation) or
back propa (back propagation) algorithm alone. A mixed least squares estimation is
used to determine the consequent parameters in the forward pass learning algorithm
and gradient descent is used to update the premise parameters in the backward pass
algorithm. Meanwhile, error tolerance is used to generate a training stopping
criterion, which is related to the error size (default=0). These numbers of parameters
are chosen based on the experiment made by training the model using different
number of parameters. The following parameters have been selected to train the

model.

Table 5.7

ANFIS Parameters

Parameters Value
Number of Epochs 20
Method of Optimization Hybrid, Back propagation
Error Tolerance 0.05
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As mentioned in Section 5.12, there are two ANFIS models which have been
developed with different numbers of input variables, i.e. 23 for Model 1 and 22 for
Model 2, respectively. The results are summarized in Table 5.8. The performances of
the ANFIS models are compared using three different datasets: training sets,
checking sets, and testing sets. Both Model 1 and Model 2 have been trained with
different methods of optimization: hybrid and back propagation. The performances

of the models were measured by using two performance criteria, RMSE and MAE as

shown in Figure 5.3.

0.9
0.8
0.7
0.6
§ 0.5 .
0.4 m Model 1 Hybrid
0.3 m Model 1 Back propa
0.2 Model 2 Hybrid
0.1 = Model 2 Back propa
O n :
-5 - ‘ 5 F ‘
RMSE | MAE |

Figure 5.3. Performance Comparison between Hybrid and Backpropagation Model

Based on the results in Table 5.8, the hybrid method performed well compared to
back propagation method. Both Model 1 and Model 2 have the lowest errors by
using the hybrid method. The lowest errors achieved for training, checking and
testing are (0.374083, 0.62738, 0.37408) and (0.38246, 0.66845, 0.38246) for Model
1 with 23 inputs. The development of Model 1 which includes the reservoir water

level as an input variable has better performance compared to Model 2. This
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situation demonstrates that the involvement of human decision through their

experiences and instances are important for the future reservoir system because the

previous decision is made based on their instances and past experiences is being

considered for modelling reservoir water release decision. In addition, the results

proved that the water level of the reservoir can be one of the variables that give

significant effects on the water release decision.

Overall, based on the results, it shows the proposed two ANFIS model by using

hybrid method perform well compared to backpropagation alone for modelling

reservoir water release decision. The results illustrate that the application of ANFIS

can be used to develop the decision models which might provide accurate water

release prediction.

Table 5.8

Results for ANFIS Model

ANFIS
Model Method Input
Hybrid 23
Model 1
Back 23
propa
Hybrid 22
Model 2
Back 29
propa

RMSE

MAE

0.38246

0.43847

0.41486

0.45392

Training Checking

0.66845

0.71756

0.69457

0.58141

Testing
0.38246
0.72843
0.41486

0.50492

Training Checking

0.37408

0.83175

0.41391

0.62303

0.62738

0.65645

0.6619

0.71281

Testing
0.37408
0.45022
0.41391

0.59164
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The results of ANFIS model 1 is shown in Table 5.9 with the following information:

Table 5.9

ANFIS Model 1 Result

Information Value
Number of nodes 122
Number of linear parameters 48
Number of nonlinear parameters 92
Total number of parameters 140
Number of training data pairs 248
Number of checking data pairs 42

Number of fuzzy rules 3

The ANFIS model structure is shown in Figure 5.4 and it illustrates the architecture
of ANFIS model that consists of five layers: input, inputmf, rule, outputmf and
output. This figure shows the number of rules is reduced significantly by using
subtractive fuzzy clustering. Since the input variables used in this study are quite
large: 23 and 22, which can generate different possible conditions, the basic structure
of ANFIS model becomes expandable. In order to solve this problem, the subtractive
clustering has been applied to establish the rule base relationship between the input

and output variables.
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Figure 5.4. ANFIS Model Structure

Figure 5.5 shows the training error and checking error for Model 1. The training

error was plotted with the checking error.

-
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Figure 5.5. Training Error & Checking error for Model 1
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Figure 5.6 shows the rule generated for Model 1. It shows three rules has been

produce from training Model 1.
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Figure 5.6. Rule Viewer for Model 1

The result of ANFIS Model 2 is shown in Table 5.10 with the following information:

Table 5.10

ANFIS Model 2 Result

Information Value
Number of nodes 117
Number of linear parameters 46
Number of nonlinear parameters 88
Total number of parameters 134
Number of training data pairs 163
Number of checking data pairs 42

Number of fuzzy rules 2
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Figure 5.7 demonstrates the training error and checking error for Model 2. The

training error was plotted with the checking error.
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Figure 5.8. Rule Viewer for Model 1
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5.3 Performance Evaluation

In this study, a comparison between BP NN, ANFIS, and ARIMA for modelling
reservoir water release decision is presented. The experiment was carried out by
using Matlab 2012b tool. The result has been obtained by run ANFIS, ARIMA and
NN model by using the same input and output datasets. Figure 5.9 and Figure 5.10
shows the experiments conducted using Matlab tool for ARIMA and BPNN models.
Two performance measurements, RMSE and MAE, are used for analysis and to
evaluate the performances of the models. Overall, the result of this study shows that
the performance of the ANFIS model is better compared to other models due to the

fact that the values of MAE and RMSE are lower than other values.

4\ Neural Network Fitting Toal (nftool) [= | cifmesd

Network Architecture
Set the number of neurons in the fitting network's hidden layer.

Hidden Layer; Recommendation

Define a fitting neural network.  (fitngt Return to this panel and change the number of neurons if the network does

not perform well after training.
Number of Hidden Neurons: 10

Neural Network

Hidden Layer Qutput Layer

Input Output
o
a > @ o4 |
23 n n 1
1

10

Bp Change settings if desired, then click [Next] to continue.

[ @ Neural Network start_| [ Hd Welcome F@back [ Nt | [ D cancal |

Figure 5.9. BPNN Model using Matlab tool
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Figure 5.10. ARIMA Model using Matlab tool

The performance of the models was evaluated and compared based on their results in

training, checking/verification and testing data sets. The results are summarized in

Table 5.11.

Table 5.11

Performance Evaluation Result

RMSE MAE
Model — - - — - -
Training Checking Testing Training Checking Testing
BP NN 1.10532 1.26552 1.21812 0.84562 0.74562 0.96541
ANFIS 0.38246 0.66845 0.38246 0.37408 0.62738 0.37408
ARIMA 0.91234 0.89978 0.97688 0.76451  0.92167 0.89253

Figure 5.11 shows the RMSE and MAE of BP NN, ANFIS and ARIMA models. It
shows the RMSE value of the ANFIS model is the lowest compared to BP NN and
ARIMA models. Overall, the results of this study recommend that the ANFIS model

is better compared to the BP NN and ARIMA models for modelling reservoir water

release decision.
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Figure 5.11. RMSE and MAE

On the other hand, the value of MAE of ANFIS model is also lowest compared to
BP NN and ARIMA models. Overall, the results for training, testing and
checking/validation of the models demonstrate that ANFIS model provides better
performances than BP NN and ARIMA models for making accurate decision

regarding water release according to the criteria.

5.4 Reservoir Water Release Dynamic Decision Model

The architecture of reservoir water release dynamic decision model adopted the
ANFIS architecture which consists of five layers as shown in Figure 5.12. The first
layer describes the 23 number of input variables (rainfall pattern from five gauging
stations and reservoir water level). Layer 2 represents 23 memberships function
constructed based on 23 input variables. Layer 3 produces rule generated from

training the model which consist of three rules. Layer 4 represents the output for
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membership function that has been constructed in Layer 2. The fifth layer generates

the final output (gate opening at the time t+i).

* Input Layer
consists of 23 number of input

Membership Function Layer
23 membership function

* Rule Layer
« consists of 3 rules

» Output MF Layer

 Output Layer
« produce the final output Go t+i

Figure 5.12. Five Layers of ANFIS Model

As mentioned in chapter one, the development of ANFIS model solves the issues of
interpretability by providing the rules to explain the decision made from the
knowledge embedded in the trained ANFIS. There are two ANFIS models have been
developed for modelling reservoir water release decision which has been discussed
in the previous section. Based on the finding, Model 1 with 23 input variables
provides better performance compared to Model 2 with 22 input variables. Overall, it
can be summarized here that Model 1 is selected as the best model in modelling

reservoir water release decision and Model 1 produce rules as the following:
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If (inl is inlclusterl) and (in2 is in2clusterl) and (in3 is in3clusterl) and (in4 is
indclusterl) and (in5 is in5clusterl) and (in6 is in6clusterl) and (in7 is in7clusterl)
and (in8 is in8clusterl) and (in9 is in9clusterl) and (in10 is in10clusterl) and (inl1
is inllclusterl) and (in12 is in12clusterl) and (inl13 is inl3clusterl) and (inl4 is
inl4clusterl) and (in15 is inl5clusterl) and (inl16 is inl6clusterl) and (inl7 is
in17clusterl) and (in18 is inl8clusterl) and (inl19 is inl19clusterl) and (in20 is
in20clusterl) and (in21 is in21clusterl) and (in22 is in22clusterl) and (in23 is
in23clusterl) then (outl is outlclusterl) (1)

Else if

If (in1 is inlcluster2) and (in2 is in2cluster2) and (in3 is in3cluster2) and (in4 is
indcluster2) and (in5 is in5cluster2) and (in6 is in6cluster2) and (in7 is in7cluster2)
and (in8 is in8cluster2) and (in9 is in9cluster2) and (in10 is in10cluster2) and (in11
is inllcluster2) and (in12 is in12cluster2) and (inl13 is inl3cluster2) and (inl14 is
inl4cluster2) and (inl15 is inl5cluster?) and (in16 is inl6cluster2) and (inl7 is
inl7cluster2) and (in18 is inl8cluster2) and (inl19 is inl19cluster2) and (in20 is
in20cluster2) and (in21 is in21cluster2) and (in22 is in22cluster2) and (in23 is
in23cluster?) then (outl is outlcluster?2) (1)

Else if

If (inl is inlcluster3) and (in2 is in2cluster3) and (in3 is in3cluster3) and (in4 is
indcluster3) and (in5 is in5cluster3) and (in6 is in6cluster3) and (in7 is in7cluster3)
and (in8 is in8cluster3) and (in9 is in9clusterld) and (in10 is in10cluster3) and (inll
is inllcluster3) and (in12 is inl2cluster3) and (inl13 is inl13cluster3) and (in14 is
inl4cluster3)and (in15 is: inl5cluster3) and. (inl6 is -inl6cluster3) and (inl7 is
inl7cluster3) and (in18 is in18cluster3) and (in19 is in19cluster3) and (in20 is
in20cluster3) and (in21 is in21cluster3) and (in22 is in22cluster3) and (in23 is
in23cluster3) then (outl is outlcluster3) (1)

Reference:

Input cluster Output cluster

inl is inlclusterl = inputl is outl is outlclusterl= outputl is
inputlclusterl outputlclusterl

inlis inlcluster2= inputl is outl is outlcluster2= outputl is
inputlcluster2 outputlcluster2

inlis inlcluster3= inputl is outl is outlcluster3= outputl is
inputlcluster3 outputlcluster3
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Figure 5.13 shows the input and output clustering using subtractive clustering
method. Based on the rules produced by ANFIS, there are three main clusters which
have been automatically identified in order to cluster the input and output (refer to
the rules reference). The subtractive clustering usually can automatically verify the

number of clustering for the data sets.
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Figure 5.13. Input and Output Clustering
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Figure 5.14 shows the architecture of the reservoir water release dynamic decision

model which has been developed using the ANFIS.
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Figure 5.14. The Architecture of Reservoir Water Release Dynamic Decision Model
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5.5 Summary

In this chapter, the experimental results and findings of the study have been
discussed. The experiment was carried out to identify the size of sliding window that
represents the time of delay. In addition, the findings show different time of delays
for water to flow into the reservoir from five different gauging stations. The
experiment on development reservoir water release dynamic decision model was
carried out by using the ANFIS. Two ANFIS models have been developed for
identifying the best model’s performances. In the next chapter, the conclusion and
future work will be presented as guidelines or direction to the researchers for making

enhancement in the future.
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CHAPTER SIX
CONCLUSION AND FUTURE WORK

This chapter will review all the findings found from this study by summarizing all
the work done based on the research objectives. There are many factors that need to
be considered for developing an efficient and effective reservoir water release
dynamic decision model due to the complexity of the domain. This study highlights
and recommends further work, especially in developing a decision model that

consider other variables and factors for improving reservoir operations.

6.1 Contribution of the Study

The major contribution of this study can be summarized as follows:

a. Spatial temporal pattern of reservoir water release decision has been
extracted from reservoir operational data. This process involves data mining
tasks such as data cleaning, data transformation and data normalization. This
spatial temporal pattern was extracted by using data mining techniques. The
modified sliding window algorithm was used to construct the rainfall
temporal pattern, while spatial information was established by simulating the
mapped rainfall and reservoir water level pattern by using neural network. In
addition, spatial temporal pattern extraction procedure has been determined
to identify both spatial temporal relationships that exist in modelling

reservoir water release decision.
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b. A reservoir water release dynamic decision model was developed for
improving reservoir operation during emergency situations. This model
integrates spatial and temporal data mining approaches that utilize both
spatial temporal information in the input pattern in order to determine when
the reservoir water should be released. This model has been developed using
a hybrid computational intelligence technique, specifically ANFIS (Adaptive
Neuro- Fuzzy Inference System). It is found that the performance of the

model has a small number of errors compared to the others techniques.

6.2 Future Work
There are a lot of areas for enhancement that can be made from this study. Basically,
future works can be made from spatial temporal data mining and decision variables

involved in the modelling techniques.

6.2.1 Spatial Temporal Data Mining

In this study, spatial temporal data mining technique has been applied to extract
spatial temporal pattern from reservoir operational data. However, the spatial
temporal relationship between the reservoir and gauging stations has been
investigated by using temporal information, where other features of spatial data such
as distance, slope, lines, polygons etc have not been considered. As for the

techniques, suggestions for improvements are as follows:
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a. Consider spatial features such as distance between gauging stations and the
reservoir to identify accurate time of delays for water to flow from the

gauging station into the reservoir.

b. The system of reservoir may be different from one to another. Thus, a
comprehensive modelling needs to consider a system of reservoirs with their

spatial relationship in order to improve the accuracy of the model.

6.2.2 Decision Variables Involved of the Modelling Techniques
In a reservoir operation, the existence of many decision variables associated with the
operation models and complex structure of the reservoir system become one of the
constraints for researchers to identify the appropriate methodology to solve problems
that are related to reservoir operation and management. In real-time reservoir
operations, there are many factors and variables that need to be considered in order
to determine accurate reservoir water release decision. However, there is always a
space for improvement in terms of accuracy, operational complexities, and decision
variables involved in the modelling techniques. Future work can be summarized as
follows:
a. Other enhancement can be made either to include the other hydrology
variables such as sediment, evaporation rate, river inflow etc. that could also
improve the performance of the reservoir water release decision model. This

effort needs to be done by working closely with the domain expert.
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b. Integrate both forecasting model and water release decision model to enhance
predictions of future decision. This integration model will provide a better

performance compared to a single model for improving reservoir operations.

6.3 Summary
Reservoir water release decision is one of the challenging task for reservoir
operators since the decision is very critical to save human lives or to avoid water
shortage problems in the future. Thus, reservoir water release dynamic decision
model needs to be developed in order to support early and accurate water release
decisions. This model integrates both spatial and temporal data mining as an
approach to extract spatial temporal pattern from the reservoir operational data.
This study demonstrates that spatial temporal relationship which exists in

modelling reservoir water release decision has been identified.

This decision model was also developed based on the concept called dynamic
decision making. This concept shows how humans naturally make decisions in
emergency situations where the decisions made do not only depend on a set of
alternatives, but also based on their experiences. The proposed model applied
this concept in order to learn from experts on how to apply their past experiences
to make accurate water release decisions. In addition, this model will hopefully

improve the performances of reservoir operation and management in the future.
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Appendix A

Sample of Reservoir Operational Data (Year 2007)

CURAHAN HUJAN (mm)

LUAHAN MELALUI SPILLWAY

TARIKH P':“FIQF'?‘ S Talil Padang Tasoh Lubuk Kaki Wang Jumlah gate Level gate Discharge Jumlah
(m) Water Besar Sireh Bukit Kelian di buka di buka (mm) | In meter 3/s (MCM)
01-Jan-07 28.550 18.05 0.00 0.00 0.00 0.00 0.00 0 0 0 0
02-Jan-07 28.530 18.05 0.00 0.00 0.00 0.00 0.00 0 0 0 0
03-Jan-07 28.510 18.05 0.00 0.00 0.00 0.00 0.00 0 0 0 0
04-Jan-07 28.505 18.05 0.00 0.00 0.00 0.00 0.00 0 0 0 0
05-Jan-07 28.500 18.05 4.00 0.00 0.00 0.00 2.00 0 0 0 0
06-Jan-07 28.490 18.05 1.00 2.00 14.00 1.00 0.00 0 0 0 0
07-Jan-07 28.490 18.05 91.00 59.00 89.00 77.00 83.00 0 0 0 0
08-Jan-07 28.590 18.05 13.00 10.00 5.00 12.00 30.00 0 0 0 0
09-Jan-07 28.735 18.05 8.00 0.00 0.00 2.00 4.00 0 0 0 0
10-Jan-07 28.745 18.05 0.00 0.00 0.00 0.00 0.00 0 0 0 0
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11-Jan-07 28.745 18.05 0.00 0.00 0.00 0.00 0.00
12-Jan-07 28.750 17.50 0.00 1.00 0.00 0.00 0.00
13-Jan-07 28.760 17.50 0.00 0.00 0.00 0.00 0.00
14-Jan-07 28.760 17.50 0.00 0.00 0.00 0.00 0.00
15-Jan-07 28.745 17.50 0.00 0.00 0.00 0.00 0.00
16-Jan-07 28.740 17.50 0.00 0.00 0.00 0.00 0.00
17-Jan-07 28.725 17.50 1.00 0.00 1.00 0.00 0.00
18-Jan-07 28.725 17.50 0.00 1.00 0.00 0.00 0.00
19-Jan-07 28.720 17.50 0.00 1.00 0.00 0.00 0.00
20-Jan-07 28.710 17.50 0.00 0.00 0.00 0.00 0.00
21-Jan-07 28.700 17.50 0.00 0.00 0.00 0.00 0.00
22-Jan-07 28.700 17.50 0.00 0.00 0.00 0.00 0.00
23-Jan-07 28.700 17.50 0.00 0.00 0.00 0.00 0.00
24-Jan-07 28.690 17.50 0.00 0.00 0.00 0.00 0.00
25-Jan-07 28.680 17.50 0.00 0.00 0.00 0.00 0.00
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26-Jan-07 28.670 17.50 0.00 0.00 0.00 0.00 0.00
27-Jan-07 28.660 17.50 0.00 0.00 0.00 0.00 0.00
28-Jan-07 28.650 17.50 0.00 0.00 0.00 0.00 0.00
29-Jan-07 28.640 17.50 0.00 0.00 0.00 0.00 0.00
30-Jan-07 28.630 17.50 0.00 0.00 0.00 0.00 0.00
31-Jan-07 28.620 17.50 0.00 0.00 0.00 0.00 0.00
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Appendix B

Sample of Hydrological Data (Year 2009)

RAINFALL FROM WANG KELIAN STATION

Day Jan Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1 2.5 0 10.5 0 16.5 0 0 21.5 3 0 0 4.5
2 16 0 25.5 5 115 55 0 0.5 0 15 0 2
3 15 0 20 6 17,5 0 0 0 0 8 0 0.5
4 0 0 15,5 24.5 19 0 beb 5 0 30.5 0
5 0 0 1 0 9.5 0 0.5 195 22 44 73 0
6 0 0 46.5 1 17 0 0 5 2.5 2.5 58 0
7 0 0 0 7 14.5 0 3 8 0 8.5 0 0
8 45 0 8 1 5 0 0 0 15.5 0 0
9 0 0 15 2 1 0 0.5 0 0.5 0 0
10 0 0 0 89 0 0 15 0.5 15 215 0 0
11 0 0 0 1 0.5 0 104 1 2.5 0.9 8 0
12 0 0 0 0 0 0 25.5 0 0.5 7.6 81.5 0
13 0 16 0 0 17.5 0 0 0 0.5 0.5 19.5 0
14 0 0 0 45 3 9 0 2.5 2 0 0.5 0
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15 0 0 35.5 55 10.5 6.5 0 41.5 13.5 0 0
16 0 0.5 0 0 7 2 3 2 3 2.5 1 7
17 0 39.7 0 6.5 0 0 4.5 7.5 0 15
18 0 3.8 0 1 0 0.5 535 12.5 19.5 4.5 355
19 0 2 2 0 0 0 2 15 13.5 5 0
20 0 05 41.5 1.5 45.5 0 5 0 0.5 3 26 0.5
21 0 15 17 0 12.5 34.5 4.5 0 5.5 37.5 0
22 0 0 0.5 0 0 10.5 16.5 0 0 48 0
23 0 0.5 6 12.5 0 0 5 59.5 0 0 17.5 0
24 0 0 3.5 B 0 0 0.5 36.5 10 0 0.5 0
25 0 15 9 4.5 0.5 0 0 0 5 9 0 0
26 0 0 0 0 0 0 0 0 28 22 0 0
27 0 35 25 17 0 3.5 0 28.5 0 23 0 0
28 0 1 32 14 2 0 55 35 0.5 255 0.5 0
29 0 8 39.5 0 0 20 44.5 0.5 0 0

30 0 0 1.5 0 0 3 50 0 0 0

31 0 0 1.5 20 0 18
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