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ABSTRACT OF DISSERTATION

PROBABILISTIC FORECAST MODELS FOR HYDRO-ENVIRONMENTAL
CHARACTERISTICS AND
RISK-BASED ADAPTIVE RESERVOIR OPERATION

This study was motivated by the desire to improve risk-based decision making and
adaptive management of large-scale water resources systems centering on multi-reservoir
system operation. Forecasting the dynamic behavior of a water resources system is
inherently uncertain. Case studies were performed using data from the Geum River basin
in Korea. The overall objective of the research was to develop a methodology for
managing a water resources system in an adaptive manner accounting for risks and
uncertainties of the hydro-environmental characteristics. The characteristics considered in
this research are the stage-discharge relationship, reservoir inflow, and water qualities in
terms of biological oxygen demand (BOD) and total phosphorus (TP).

First, stage-discharge ratings were developed and assessed using both deterministic
and probabilistic methods at two stage-discharge measurement stations chosen because
they exhibited hysteresis. For deterministic approaches, nonlinear programming (NLP),
fuzzy rule-based modeling, and a one-dimensional hydrodynamic model were used. For
the probabilistic approach, a Bayesian Markov chain Monte Carlo (MCMC) technique was
employed. Based upon a comparison of the methods, a hybrid methodology which
combines NLP and Bayesian MCMC was proposed as the best alternative.

Second, stochastic monthly inflow forecast systems were developed using stochastic
artificial neural networks and nonparametric modeling. To determine whether or not a k-
nearest neighbor (k-NN) bootstrap resampling method might be used in practice for daily
inflow forecasts aimed at short term reservoir system operation, a daily forecast model was
developed. In the context of practical applicability, it was concluded that the &~-NN method
was preferred due to its ease of application. In addition, it was demonstrated that this
method can be applied successfully for daily inflow forecasting.

Third, probabilistic BOD and TP models were developed using Bayesian networks.
The relationships between reservoir release and risk of violating the water quality

standards were derived. The case study clearly demonstrated that the probabilistic models

III

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



overcome the weaknesses of deterministic water quality models by offering information
about risks of violation of standards or failures to meet targets. Compared to the other
methods for uncertainty analysis such as sensitivity analysis, first order second moment
(FOSM) analysis, and Monte Carlo methods, the advantages of a Bayesian MCMC
technique were identified.

Fourth, instead of relying on the classical rule curves for reservoir system operation,
an adaptive sampling implicit optimization (ASISO) model was developed that considered
multiple objectives of energy production, water supply, and water quality management in
terms of BOD and TP. A decision support system (DSS) especially designed for
interactively integrating the probabilistic inflow, BOD and TP forecast models to the
ASISO model was developed. The ASISO based DSS demonstrated an alternative for
reservoir system operation by combining simulation and optimization algorithms and
incérpdrating the risk of water quality standard violation and adaptive sampling of the
inflow series. The case study also showed that the reservoir inflow forecast systems played
a Very important role in terms of differences between the models considered.

This research contributed to implementation of adaptive reservoir system operation
with consideration of risk and uncertainty by joining probabilistic forecast models for
hydro-environmental characteristics to reservdir system operation, which has been
considered a very daunting task. Probabilistic forecast models were proposed by
comparing several popular methodologies. This research showed the possibility of
application of stochastic artificial neural networks (ANN5) in the field of water resources.

It is recommended for further study that the developed reservoir operation system be
reduced to a weekly or daily time step. For sophisticated short term inflow forecast models
in addition to the &~NN method, Markovian autoregressive models should be investigated

by incorporating a variety of exogenous variables such as temperature and humidity.

Han-Goo Lee

Department of Civil and Environmental Engineering
Colorado State University

Fort Collins, CO. 80523

Spring 2007
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CHAPTER 1

INTRODUCTION AND MOTIVATION

The principles for embodying a comprehensive framework for water industry
management can be classified into several groups: “comprehensive approaches; river
basin focus; stakeholder involvement and coordination mechanisms; voluntary,
cooperative, regional action, public .involvement," resolutidn of cohﬂicts and disputes;
local responsibility and accountability; organizational management and role settings,
conservation approaches and environmental ethicsv; training, education, and capacity
building; mvarket focus, pricing, and ‘inc‘entives; risk maﬁagement; adaptive management;
decision support; finance; and regulation.” [Grigg, 1996]. The suggested framework
may be divided into political and technical groups. Typical components in the technical

group include risk and adaptive management which are the focus of this research.

1.1 Risk-based Decision Making and Adaptive Management

1.1.1 Risk-Based Decision Making

The question about whether the future can be deterministically predicted, or
whether it is arbitrary and random, had been a topic of discussion for a long time

especially in physics. The French scientist, Laplace, publicly expressed the idea of
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scientific determinism first. It was not until 1926, that German physicist, Werner
Heisenberg formulated a new theory called quantum mechanics addressing uncertainty in
the position and speed of a particle. He believed the universe evolved in an arbitrary way.
However, Albert Einstein suspected that these events all had specific causes, but that the
causes were somehow hidden away in some hard-to-find form. That's what he meant
when he said "God doesn't play dice with the universe." [Stephen Hawking, public

lecture: http://'www.hawking.org.uk /lectures].

No matter what the reasons are, the uncertainties of scientific prediction for the
future are inevitable in the real world, and the resources for making decisions are limited.
These facts make it clear that failing to analyze and quantify the uncertainties can lead to
wrong decisions. Uncertainty analysis is concerned with quantifying the expected
variability of a dependent variable calculated as a function of one or more independent
variables. Risk analysis is a procedure for determining the risks of standard violation or

failures to meet targets due to the various sources of uncertainty [Chow et al., 1988].

To support better decision-making for environmentally sound and sustainable
development (ESSD) and management of water resources, many researchers have tried to
build predictive deterministic models based on mathematical representations of systems
[Stow et al., 2003]. Regardless of the sophistication and complexity of the physical,
biological and chemical processes in deterministic models, uncertainties always exist due
to two main factors: system error including insufficient and improper mathematical
representation of natural phenomena, uncertainties of model parameters, misspecification
of boundary conditions and natural variation that is Heisenberg’s view, and; measurement

error. In general, modelers have applied optimization techniques, maximum likelihood
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estimates (MLE) and some heuristic devices like genetic [Solomatine, 1995] and
evolutionary algorithms [Duan et al., 1992] to simulation models in order to minimize
errors in the calibration process. Many engineers who favor Heisenberg’s view may think
that more detailed mathematical representation of nature helps decrease uncertainties.
Although these endeavors might improve fitting of observed data, they may produce

over-parameterized models that are difficult to use.

From the viewpoints mentioned above, the biggest disadvantage of deterministic
models may be that it is very difficult for these models to produce information about risks.
The most convincing measure for overcoming the drawbacks of the deterministic
approach is to develop predictive, stbchastic models, which are able to address
uncertainties via probability distributions. As a leading surrogate for stochastic modeling
in recent years, the Bayesian data modeling technique has received great attention
especially in the ecological domain with many parameters which are difficult to identify
[Reckhow, 1999]. However, there 1s an ongoing debate as to the relative merits of simple
models that statistically fit the data versus more complex process models that attempt to
simulate chemical, physical and biological processes. Bayesian modeling generally

employs more simplified functional relationships than process models.

As for other stochastic modeling approaches, the following methods have had great
popularity among hydrologists and ecologists: nonparametric models and seasonal or
stationary ARMA models with Bayesian learning; state-space modeling with Kalman
filtering, and; stochastic artificial neural network and fuzzy rule-based modeling for

controlling the facilities for water resources management such as reservoirs.
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1.1.2 Adaptive Management in Decision Making

In the water industry, it is common for multiple stakeholders including regulators
on behalf of government, interest groups, environmentalists, and support groups to be
involved in the decision process. This often creates complicated problems with objectives
such that they can not be solved in a strictly technical way. The final resolutions often lie
in the legal, financial, and political arena [Grigg, 1996]. This fact indicates what it takes
to reach a decision may vary unexpectedly. It also indicates that the planning and
management process is so dynamic as to lead to periodic reevaluation of goals, needs,

and actions, which is defined as adaptive management.

Adaptive management is a sort of “learning by doing” strategy [Stow et al., 2003]
in that decisions are made successively by learning from newly gathered observations
with a priori information about model parameters and explanatory variables, and
forecasting the future using a Bayesian approach. Water resources systems continuously
change on a basin-wide scale and new information is often gathered in the form of time
series. Furthermore, unexpected political events arise frequently and the information for
decision-making is generally random. When these factors are considered in a system, it
makes the system analysis process complicated. Consequently, decision makers want to
be kept up-to-date prdmptly on new situations, and newly gathered information should be
continuously assimilated into the decision-making process. More generally speaking, the
prior information that is assumed or regarded as the best information at the current time is
upgraded with newly gathered information in the next time step, which is called posterior
information. The posterior information serves as the prior information in the next time

step. In a recent report for developing total maximum daily load focusing on dealing with
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non-point pollution sources [National Research Council, 2001], the National Research
Council Committee To Assess the Scientific Basis of the Total Maximum Daily Load
Approach to Water Pollution Reduction put an emphasis on adaptive implementation to

improve TMDL estimates over time.

1.2 Problem Identification

When hydrologic engineers engaged in water and environmental planning and
management are asked what variables have the most influence on their decisions, they are
likely to point out the measured, predicted or projected data of precipitation, stream flows,
reservoir inflows, water qualities, water demand, and so on. Furthermore, the
measurement errors and parameter estimation of the models for predicting the above-
mentioned variables make the decision processes complicated. As a reason why these
variables are noted, it is because they contain significant uncertainties and, these

uncertainties are propagated through the decision-making process.

Figure 1-1 illustrates the big picture with the main factors involved in river basin
planning and management and their relationships. The determination of each factor can
be regarded as a sub-decision making process to reach the final goal, that is, river basin
planning and management. Among the variables in Figure 1-1, the water demand
projection might be pointed out as the most uncertain variable because it is so susceptible
to the political and social issues. As for the stage, it may not have a crucial influence in
that the measurement errors are not considerably large as compared to the discharge and

water qualities, and the time-series of stage is often obtained by direct measurement
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rather than model simulation. Furthermore, the stage is dependent on the discharge, and
often predicted using hydraulic routing models as a function of the predicted discharge.
The prediction of precipitation is another challenging issue in the decision making
procedure. Prediction of precipitation, not addressed in this study, is dependent on the
physical information from rainfall radar stations and weather satellites rather than simple
stochastic models, and; the long term prediction of flow series can be made separately

from the prediction of precipitation.

This research focuses on integrated river basin management centering on reservoir
system operation on the basis of uncertainty and risk-based management of water
resources in an adaptive way. In this study, the uncertainty and risk-based management is
associated with uncertainty of the inflow forecast and the risk of water quality standard
violation. In this study, the following three problems are selected as the main concerns,
with which water resources management agencies including K-water (Korea Water
Resources Corporation) have faced in common: prediction of reservoir inflow and water
quality; production of discharge series in streams by using rating curves and; multi-

objective risk-based reservoir operation.

e Forecast system of the reservoir inflow and water quality

K-water is responsible for construction and operation of multipurpose reservoirs,
water supply, hydropower generation, water treatment, and so on, all over Korea.
Although forecasting the flows in reservoirs and streams is recognized as the most
influential process in reservoir system operation, K-water has not developed a

standardized long-term (e.g. monthly or yearly) and mid-term (e.g. weekly) forecast
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system which employs advanced stochastic techniques. During normal seasons, K-water
has mainly used simple statistics such as mean and percentile-duration flows from
empirical flow duration curves. During flood season, selected return period flows based
on frequency analysis and flows from rainfall-runoff event models with the precipitation
forecasted by Korea Weather Administration have been used. However, one of the
problems related to mid-term and long-term forecasts is that they have been mainly based
on marginal probabilities of the variables instead of forecasting using conditional
probabilities obtained in previous time steps in an adaptive and progressive manner.
Likewise, as for predicting monthly water qualities in reservoirs, the technical problems
that K-water has are almost the same as those associated with the inflow forecast.
Compared to flow forecasting, the uncertainties in water quality prediction may be worse
because it is hard to consistently identify the parameters of water quality models.

Furthermore, these parameters are often highly variable in time and space.

o Development and uncertainty analysis of ratings for stream flows generation

In general, stream flows are calculated as a product of flow velocity and flow area.
In order to obtain discharge continuously in time, two methods of direct and indirect
measurement are generally considered. The direct measurement is made by observing
stages over the crests of the structures such as flumes using uniquely predetermined
ratings, or by installing flow velocity sensors such as the acoustic velocity meters in
streams. The indirect acquisition of stage data is dependent on a rating that represents the
relationship between stage (4) and discharge (Q), which is developed using stage-

discharge data measured intermittently. The discharges are generally measured using the

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



propeller velocity meter or some advanced velocity meters such as a microwave water
surface velocity meter and acoustic Doppler current profiler. Conventionally, stream
flows are indirectly obtained using ratings because the direct measurement is very

inefficient in terms of costs, time and efforts, and further is difficult technically.

K-water 1s measuring 4-Q data at about 60 sites for the purpose of water resources
planning and reservoir system operation. The 4-Q measured data are used for developing

the ratings generally expressed in the form of power function O=a(h-e):

where a, b, and e are the parameters, and e is specifically called zero flow stage or gauge
height of zero flow, reflecting the hydraulic property of 4-Q relationships. The ratings are
traditionally developed and assessed every hydrologic year. In this procedure, some
hydraulic features such as zero-flow stage and change of flow controls may be
considered, and the reliabilities of developed fatings can be assessed using hydraulic
models. However, when hydrologists and water resources system operators develop a
rating, they tend to depend on only some statistical properties like the correlation

coefficient and MSE (mean square error) to fit it to A-Q measurements.

In order to come up with solutions to these problems, K-water has developed a
spreadsheet-based analysis system called “HydroToolkit” for developing and assessing
ratings since the end of the 1990’s [K-water, 2003]. The systems mainly rely on simple
statistics and comparison using graphs, and nonlinear optimization for parameter
estimation. As another approach to getting highly reliable ratings, K-water tried to
combine both Parshall flume and 1-dimensional hydraulic channel routing [K-water,
2004]. The Parshall flume and hydraulic routing method were limited to analyses of low

flow ratings and high to medium flow ratings respectively. Even though the hydraulic
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routing models can simulate the /-Q relationships exactly, it is very difficult to represent

the reliabilities of ratings probabilistically.

o Risk-based reservoir operation

K-water has tried to develop rule curves for operating its multi-purpose reservoirs
using implicit stochastic optimization techniques. However, there has been a continuous
gap between theoretical developments of optimization techniques and practical
implementation. Wurbs [1993] and Labadie [2004] discuss possible reasons for this gap.
As the key to success in implementation of rgservoir optimization models, Yeh [1985]
and Labadie [2004] recommended combination of simulation and optimization models
with consideration of hydrologic uncertainties. However, the K-water still tends to be
dependent on mainly simulation models. Moreover, these models are not supported by

advanced reservoir inflow forecast systems.

As public awareness of the environment has been emphasized in Korea, the
government and NGOs have been trying to find solutions to ensure enough water to keep
streams environmentally sound. As one of the solutions, the increasing release from
reservoirs has been required. However, many problems such as meeting cost payments
and expected deficits of drinking and industrial water supply in the near future lie ahead.
There is a good example where this type of complicated problem was addressed by
mutual concessions and arbitration among the stakeholders. The city of Seoul, the capital
in Korea, prepared a project for restoration of the ‘Cheonggye-chen’ in 2003, which is a
stream flowing through the central area of Seoul. One of the biggest problems was to

secure the water to maintain the water depth for attaining the goals of ecological and
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esthetic aspects. For a solution to this problem, the city of Seoul planned to intake water
from the Han River where K-water has a exclusive right to use water of this river. This
issue was submitted to arbitration by the central river management commission of Korea
to settle the dispute between the city of Seoul and K-water. In 2005, the commission
decided that Seoul could use the water for free since the project was planned to promote
the public interest. However, there is still a remaining problem that the impact of water
supply to Seoul and Gyonggi province due to the loss of water in the main stream of the

Han River has not been thoroughly assessed.

Thus, the intensive requirement for water quality and environmental improvement
in streams and rivers is placing considerable pressure on reservoir operation. In addition,
what makes the problem more difficult to solve is conflict with other beneficial water
uses such as municipal water supply, irrigation, hydropower generation, and so on. From
this viewpoint, it is essential to incorporate a sub-model for water quality and ecological
analysis in reservoir system operation. Ko [1997] tried to develop an integrated system
for establishing river basin operational planning considering water quantity and quality in
the Han River aiming at more advanced reservoir operation of K-water. For stream water
quality analysis in the downstream area of the reservoir system in his research, the
QUALZ2E water quality simulation model was used. The model was developed by EPA in
the United States, and is widely used throughout the world. The approach in his research
was to combine interactively a reservoir optimization model and QUAL2E for deriving
the reservoir optimal operation policy. For easy connection between QUAL2E and the
optimization model, the reservoir releases and water qualities produced by QUALZE were

analyzed by regression analysis. The developed regression functions were embedded in
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the optimization model: hence the water qualities conditioned on the reservoir releases
were treated deterministically as a soft constraint. A drawback of this approach is that it
can not handle risk of water quality standard violation in the sense that although a
simulated water quality does not exceed a predefined standard, there is still risk to exceed
it due to uncertainties of the model parameters and natural variation. From this viewpoint,
risk-based reservoir operation is very valuable for decision-making, and a tradeoff
analysis between risk level and deficit of water supply can provide an appropriate guide

for decision making.

1.3 Research Objectives

In a broad. sense, the objectives of the research are to develop and apply
probabilistic models for simulation and forecast of hydrologic and environmental
characteristics using a data-driven approach, and to reflect the risks or uncertainties of the
variables into an adaptive decision-making process for river basin management. The
following techniques were evaluated in this research:

e Bayesian networks with a Bayesian Markov chain Monte Carlo (MCMC)

learning algorithm;

e Nonparametric models using kernel density estimation (KDE) and A-nearest

neighbor (£.-NN) bootstrap methods;

e Stochastic artificial neural networks with a Bayesian MCMC method, and;

e Fuzzy rule-based modeling.

11
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As shown in Figure 1-1, the stage-discharge rating, water quality, and reservoir
inflow (or stream discharge) are considered the most uncertain characteristics in
integrated river basin planning and management. Therefore, this research focused on the
uncertainty analysis of ratings and the development of probabilistic reservoir inflow and
water quality forecast systems using these modeling techniques. The probabilistic water
quality models were interactively joined with a reservoir optimal operation model for
risk-based management in terms of biological oxygen demand (BOD) in streams and total
phosphorus (TP) in reservoirs. The stochastic inflow forecast model was incorporated
into a decision support system cspecially designed for the progressive operation of
reservoir system in an adaptive way. A case study was performed in the Geum River

basin in Korea. The components of the research are:

i) Development and uncertainty analysis of ratings:
e Deterministic approach:
- 1-D unsteady flow analysis using the HEC-RAS software developed by
the US Army Corps of Engineers;
- NLP using SOLVER built into MS-Excel;
- Fuzzy rule-based modeling using the MATLAB-Fuzzy logic toolbox;
e Probabilistic approach:
- Bayesian data modeling using the WinBUGS [Spiegelhalter et al., 1995]
software;
e Suggestion of the most relevant way by comparison of the methodologies in
terms of ease of application, goodness of fit tests and facilitation of adaptive

management;

13
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ii)  Development of a reservoir inflow forecast system:
e Stochastic artificial neural network modeling;
e Nonparametric modeling using KDE and £~-NN bootstrap methods;
e Comparison of the methodologies and suggestion of the most appropriate

one;

iii) Development of probabilistic BOD and TP models on the basis of:
o the classical Streeter-Phelp’s BOD and Vollenweider’s TP models with the

help of a Bayesian network;

iv)  Development of uncertainty and risk-based reservoir operation system:

e Development of an adapti;/e' sampling implicit stochastic optimization
model by coupling the probabilistic BOD and TP models and a reservoir
inflow forecast model interactiVely with dynamic programming (DP);

e Development of a proto-type of decision support system including a data

base, model base and user interface.

This research contributed to implementation of adaptive reservoir system operation
with consideration of risk and uncertainty by joining probabilistic forecast models for
hydro-environmental characteristics to reservoir system operation, which has been
considered a‘ very daunting task. Promising methods for probabilistic forecast models
were proposed by comparing several popular methodologies. This research showed the
possibility of application of stochastic artificial neural networks (ANNs) in the field of

water resources, which has used almost exclusively deterministic ANN.

14
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1.4 Organization of Dissertation

Chapter 2 describes the study area. Chapter 3 reviews the details of the stochastic

modeling approaches including the literature review.

In Chapter 4, the principles of rating are reviewed first, then ratings are developed
using deterministic and probabilistic methods. Finally, the methodologies are compared

and the recommended method is suggested.

In Chapter 5, the monthly and daily reservoir inflow forecast systems are developed
using stochastic artificial neural networks with a Bayesian MCMC learning method and
nonparameteric time series modeling. Like the case of the rating analysis, the

methodologies are compared and the most appropriate method is suggested.

In Chapter 6, the representative methodologies for uncertainty analysis are reviewed.
The probabilistic water quality models of BOD at Gongju and TP in the Daecheong
reservoir are developed, and the relationships between reservoir release and risk of

violating the water quality standards are derived.

Chapter 7 presents an application of an adaptive sampling implicit stochastic
optimization model by interactively coupling the water quality models. A generalized
microcomputer dynamic programming (DP) package, CSUDP [Labadie, 1999] is used
for optimal joint operation of the two reservoirs. A decision support system is developed,
which helps to join the reservoir system operation model to the progressive optimization

and inflow forecast models. Chapter 8 presents the summary and conclusions.

15

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 2

AREA OF APPLICATION

2.1 Overview

Figure 2-1 shows the entire Geum River basin that is located in the southeast
portion of the Korean peninsula. The study area starts from the upper area and ends at
Gongju gage. The study area accounts for approximately 85% of the entire Geum River
basin. There are two multi-purpose reservoirs, Daecheong (DC) and Yongdam (YD), in
the Geum River basin, and they are managed by K-water.

The Daecheong multi-purpose reservoir was built in 1980 for the purpose of flood
control, water supply to Daejon and Cheongju cities, and power generation. It is a
concrete and rockfill combined type dam (72m in height, 495m in length and a volume of
1,234%10° ).

The Yongdam multi-purpose reservoir is located upstream of Daecheong dam. It
has a height 70m, a length of 498m and a storage of 815million m’. Construction started
in December of 1990 and ended in October of 2001. The YD dam was faced with serious
regional conflicts between the lower basin and the areas of Jeonju, lksan, Gunsan, Gimjea
and the Gunjang industry complex that have benefits from the YD dam. The main issue
was that the cities of the lower basin, which basically depend on DC reservoir for the life,
did not want to share water because they believed the water quality of DC reservoir

16
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would be deteriorated due to the decrease of inflow. These conflicts led to projects to
analyze the effect of the diverted water on the water quality of DC reservoir, and a DC-
YD reservoir optimal joint operation rule was prepared. Consequently, it turned out that
the expected problem would not be so serious under the condition that the wastewater

treatment plants be completed. Now, the two reservoirs are being operated normally.

2.2 Review of the sub-Areas for Rating Analysis

In this study, the rating analysis was performed at two stage-discharge measurement
stations, the Hotan and Donghyang placed in the Daecheong dam and Yongdam dam
basins respectively. The Hotan station is located on the main stream of the Geum River,
while the Donghyang station on a comparatively small stream. They are very different in

terms of hydraulic features: hence, these two stations were chosen as the study areas.

e Donghvang water level station

This site was especially selected for analysis for the purpose of determining the
most relevant methodologies for discharge measurement by comparing a couple of
options. The Donghyang station, equipped with a telemetry system, has been operated for
managing the Yongdam reservoir since 1999, and the stage-discharge measurement has
been made in the conventional way every year. For improving the accuracy of low flow
measurements, a Parshall flume was built in 2002 at a 200m downstream location from
the Donghyang station. Two supplementary stage gauges were installed at Daeya-kyo
(1.5km upstream from the Donghyang station) and Somti-bo (1.6km downstream from
the Donghyang station) in 2002 for computing medium to high discharge hydro-

dynamically. Figure 2-2 illustrates the Yongdam dam basin with 930km? in area that is
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composed of 8 sub-basins, and the Donghyang station with 164.4km’ in area, the Parshall
flume and two supplementary gauges located in the Guryang stream with 172.3km* of

upstream area.

e Hotan water level station

This station was installed in 1979 for the purpose of managing the Daecheong
reservoir at a place in between the Daecheong dam and the Yongdam dam. Like the
Donghyang station, the stage-discharge measurement has been made in conventional way
every year. Because the reach around this station is relatively wide and mild, the rating

shows a hysteresis. Figure 2-3 shows a panoramic view of the station.
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Figure 2-1 The study area composed of two multi-purpose dams, the Donghyang

and Hotan stations for rating analysis, and Gongju city that is the control point
for water quality management.
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Figure 2-2 The study area centering on the Donghyang station for rating analysis.

20

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 2-3 The study area centering on the Hotan station for rating analysis.
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CHAPTER 3

DATA-DRIVEN STOCHASTIC MODELING FOR
SIMULATION AND FORECAST OF HYDROLOGIC AND

ENVIRONMENTAL CHARACTERISTICS

3.1 Data-driven and Behavior-driven Modeling

For simulation and forecast of various hydro-environmental characteristics such
as precipitation, stream flows or water quality, a variety of models have been developed
using three basic concepts: physically based behavior-driven, data-driven, and hybrid
[Solomatine, 2002]. Traditionally, mathematical models have been widely used
containing physical representations of the underlying natural processes such as
infiltration, surface-subsurface-ground water flows, reaction kinetics of pollutants, and
so on. For simple representation of the above-mentioned processes, lumped parameter
conceptual models or empirical models have been developed. These models are often
solved with finite difference or finite element methods in time and space. In this respect,
the mathematical models are often called behavior-driven models.

In contrast, data-driven models basically recognize a certain pattern between

inputs and outputs of a system that implicitly contain all information about the physical,
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chemical and biological relationships, whether or not they are linear. In order to
determine these relationships, the models employ pattern recognition engines with
learning functions that have been devised in the areas of data mining, machine learning,
and statistics rather than relying on mathematical descriptions of physical processes
[Solomatine, 2002]. The learning process corresponds to the calibration process for
model parameters in mathematical modeling. Data-driven models have been
highlighted recently for solving water resources related problems and there has been a
sudden rise of interest in data mining and pattern recognition using databases. The
interest in data-driven models can be explained by the development of: cutting edge
database management systems; communication technologies using telemetry systems
and satellites, and; internet-based communication networks [Velickov and Solomatine,
2000]. These advanced technologies have helped develop data gathering and
management systems, and the systematic databases have been coupled with techniques
for extracting knowledge and patterns from the data about causes and impacts.

Hybrid models are somewhere in between behavior-driven and data-driven
models. Bayesian network modeling employs relatively simple functional relationships
and falls under this class of models. In Bayesian modeling underlying functions are
often represented by relatively simple physical processes instead of directly describing
the conditional distribution in presenting the dependent relationship between variables.

Taking a look at the features of the three modeling approaches, the behavior-
driven models are very useful for analyzing “what if” type of queries: hence they might
be more relevant to planning rather than managing water resources. For example, the

hydrologic or hydraulic rainfall-runoff models can do simulation of the impacts
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corresponding to the variation of hydrologic conditions (e.g. the impermeable area) due
to urbanization and industrialization upstream. In this case, however, it is almost
impossible to analyze this kind of assumed cause-impact relationships with data-driven
models because the observed data reflecting theses relationships do not often exist. As
opposed to behavior-driven models, data-driven models are often relevant for
management and control of a system in that some of them are based on stochastic
analysis, or can be easily extended to the stochastic modeling. This indicates it is
possible to make risk-based decisions by performing uncertainty analysis of models and
parameters [Reckhow, 1999]. However, some techniques such as nonparametric
modeling are often limited to only interpolation in forecasting the system variables
because they rely on observations absolutely. The hybrid models have the features of
both modeling approaches, and can be used for both purposes.

The following sub-sections present some representative stochastic modeling
approaches: Bayesian probability networks; nonparametric modeling; stochastic
artificial neural networks (ANN); fuzzy rule-based modeling, and; stochastic state-
space modeling based on Kalman filtering. Both Bayesian networks and stochastic
ANN models are generally trained using a Bayesian MCMC algorithm. Table 3-1
shows the basic structure of each method. Given the underlying functional
relationships, if 'the states of the independent system variables are known, the prime
concern in the stochastic modeling is to obtain the conditional probability of the
dependent variable no matter whether it is Gaussian or non-Gaussian. Another concern
1s to determine the posterior probabilities of the system parameters, which are useful for

progressive adaptive management.
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Table 3-1 Probabilistic representation of stochastic time series models.

General probabilistic

Expression for time series

modeling

p(xtﬂxt—lﬂxr—z’"-)
p(x,%,_1,%,_5,...)dx,

p(xt 1xf‘1>x,_2, ) = J;

Bayesian probability networks

P(Xo Xep, Xz ) = pXer) X p(Xealxez) X p(xi2lxis) x ...
: Factorization of joint probability;
X = f(6 X Xez . )te & ~ N(O, o‘z) . functional

relationship between system variables of interest;

p(Bxy) = p(x, 6 x.,)/ p(x): Bayesian learning

Nonparametric modeling

1 (Xt—l “bi)z
Toiz WiCXpl — = 2 )
7 (2 /18) 2 AS

v

(X, |1 X, )= Z

: Approximation of a conditional density function using

Gaussian kernel function

Stochastic ANN

X =f0,X_)=6, +Z@ tanh| 6, +Z nx
Jj=1

where, tanh(z) = —e ;

e’ +e”

p(Blxy) = p(x, 6, x.;)/ p(x,) : Bayesian learning

Fuzzy rule-based modeling

If(X,.;0X,; 0O ..) then X,: fuzzy rule;
v = 2 W x: combined fuzzy set;

D vM(X))
2

. defuzzification

M(X,)=

State-space modeling

X, =A,X.;+'w., w~ N, Q): dynamic equation;
Z, = H*X,+v, v~N(0, R): measurement equation;
K, =Py HT(H* Py H' + R)'I: Kalman filtering;

T .
where, Py.; = APy A + T QFT : forecast error variance
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3.2 Bayesian Probability Networks and Bayesian Learning

3.2.1 Fundamentals of Bayesian/Belief/Causal/Graphical Network

Bayesian (probability) networks are graphical, probabilistic models that allow
the structured representation of a cognitive process. They have been accepted as tools
for decision-making in complex situation within a variety of disciplines [Pearl, 1988].
A Bayesian network is designed using a graphical model representing the functional
relationships among system variables with their probabilistic dependences. All linkages

are quantified probabilistically using data and expert judgment /Reckhow, 1999].
1) Structure of Bayesian Network

Bayesian networks begin with a graphical depiction with nodes linked by
arrows. In the graph, nodes represent system variables and an arrow from a parent node
to child node represents a dependency between two linked variables. There are two
types of networks: feedback cycles and a directed acyclic graph (DAG). The scheme of
feedback cycles provides both forward (cause-to-effect) and backward (effect-to-cause)
information propagation so that information can arrive at any node, while DAGs
consider only forward propagation. DAGs are mainly used to represent causal
relationships, and known as Bayesian networks due to reliance on Bayes’s theorem as

the basis for updating information /Pearl, 2000].
2) Application of Bayesian Network

In hydrologic and environmental modeling the Bayesian method has been used
mainly for parameter estimation and uncertainty analysis [Dilks et al., 1992; Borsuk et

al., 2000; Thiemann et al., 2001; Qian et al., 2003; Kanso et al., 2003]. When a system
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is modeled with a nonlinear, non-Gaussian function of the form Y=f(X, 0)+¢ (where ¥,
X, 6 and € are a system variable vector, input vector, parameter vector and error
respectively), the main concern is to determine the posterior probabilities of § and
uncertainties of Y due to uncertain parameter values. According to the dimension of
system variable vector, the structure of a Bayesian model could be one layer or multi-
layer on the basis of DAGs. A multi-layered model is referred to as Bayesian network.
For example, suppose a stream reach consists of a dam as the upper boundary, a
water quality measurement station for managing water quality as the lower boundary,
and two internal water quality measurement sites before and after the junction with a
tributary. The water qualities at the three sites are affected by the release () from the
dam, the BOD load (L;) and the discharge (Q;) from the tﬁbutary. Figure 3-1 illustrates
a Bayesian network for a BOD model with two inputs (Ly-Qp, L;-0;), three system
variables (BOD;, BOD,, BODj3), and two BOD reactibn kinetic rates (K,;, K;2). This
network shows directly linked cause-effect relationships among the system variables.
From the network, it can be noticed that BODj; is directly affected by BOD; that results
from L;, Q;and BOD;, and BOD) is influenced by Oy and Ly.
The network can be represented probabilistically with a joint probability that can
be factored into several conditionai and marginal probabilities (Equation 3.1).
However, the joint probability is not practical because it is too complicated to get an
analytical solution. On the contrary, the conditional probability offers very useful
information because human reasoning typically is based on marginal or conditional
situations. In this example, the most interesting variable is most likely to be BOD; at

the control point conditioned on BOD,, BOD,;, Ly, Qu, Q) L;, K, and K.
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Probabilistically BOD; can be represented by a conditional probability P(BOD;| BOD,,
BOD,, Ly, Qo, Q1, L;, K,1, K,2), which is very challengeable to solve. Taking a close
look at the network, it can be noticed that the network implicates a spatial lag-1
Markovian property, that is once the value of BOD;is known, the values of BOD,, Ly,
L, and K, are not required to predict BOD;. Given Ly, Oy, L;, Q; deterministically, this
fact helps the full joint probability (Eq. 3.1) reduce to three independent conditional
probabilities for the system variables and 2 marginal probabilities for the parameters
(Eq. 3.2(a)). Finally, the joint posterior probability of the reaction kinetic rates is
represented in Equation 3.2(b). This conditional independence greatly simplifies the
BOD model, which ends up with three linked sub-models (layers): P(BOD;|Ly, Qo,
K:1); P(BOD;|L;, BOD;, Qo, Q1) and; P(BOD;|BOD,, Qo, Qi, K;2). Each sub-model

can be solved simply by using Bayesian learning.

P(BOD;, BOD,, BOD,, Ly, Qo, Q;, L;, Ky1, Kiz) = P(Lg) * P(Qg) < P(Q)) x P(L,)
x P(Ky) * P(K;3)
x P(BOD;| Lo, Qo, K;1) (3.1)
x P(BOD,| BOD,, Lo, Qo O1, L1, K,1)
x P(BOD;| BOD,, BOD, Ly, Qo, Oy, L1, Ky1, Kiz)

P(BOD;, BOD,, BOD,, K}, K,») = P(K,1) < P(K,;)
x P(BOD,|K;1)
x P(BOD,| BOD)) (3.2(a))
x P(BOD;| BOD», K,»)

P(K,,, K,2| BOD;, BOD;, BOD;) < P(K,;) x P(K,2)
x P(BOD;|K,)

x P(BOD,| BOD,) (3.2(b))
x P(BOD;| BOD,, K,3)
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3) Quantification of conditional probability in Bayesian Networks

After construction of a Bayesian network, the next step is to quantify the causal
relationships between the nodes with conditional probabilities, which are indicated by
an arrow between a parent and child node in a network. If a child node has multiple
parent nodes, the probability is conditional on every possible combination of the parent
nodes. A node that has no incoming arrows is described probabilistically by a marginal
probability. To perform a network analysis, the conditional probabilities should be
elicited using expert judgment, statistical analysis of observed data and a functional
relationship in the form of X=f(P, 0, €¢), where X, P, § and € are system variables, a
vector of causes (or parents), a parameter vector and an error term respectively

- [Reckhow, 1999; Borsuk, 2004]. In the Bayesian network example for BOD a model,
the classical Streeter-Phelp’s BOD-DO model might be considered for the functional
relationship. Compared to directly assigning conditional probabilities, the functional
characterization of the causal relationships leads to providing more direct and
meaningful information for making a decision by preparing several alternatives using
the ‘if-then’ type of analysis by changing the values of system variables [Borsuk, 2004].
For example, one can analyze how the probabilities of BOD; and BOD; would be

affected by the intentional increase and decrease of BOD load (L;) from the tributary.

3.2.2 Bayesian Learning/Inference/Analysis Using MCMC Techniques

1) Fundamentals of Bayesian Learning
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Figure 3-1 Graphical representation of a Bayesian network for a BOD model.
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A deterministic learning approach provides a single set of posterior parameters,
while Bayesian learning can do both the posterior distributions over the parameters and
the predictive distributions for the system variables. In addition, Bayesian learning
provides successive updates of prior information as new data become available. This is
referred to as an adaptive method or data assimilation. The advantages of Bayesian

inference can be summarized as [Gelman, et al., 1995]:

e to include important prior information;
e to handle uncertainty explicitly;

e to assimilate new information (observation) in adaptive way.

Bayes theorem lies at the heart of Bayesian learning, and can be employed in

probabilistic modeling with underlying system equations in the form of Y=f(X, 0, ¢):

0,Y Y| 0)p(@

p(o11)= 2O _PEIOPO) |y 9) (33)
p)  [p(Y|6)p(6)dd

where:

0 = uncertain model parameter vector;

Y = observations;

p(@1Y) = posterior distribution of parameter 0;
p(8Y) =joint distribution;

p(Y|6) = likelihood function;

p(O) = prior distribution of parameter ¢;
p(Y) = marginal distribution of data.

Bayesian analysis addresses the unknown model parameter vector & randomly, which
may have some prior beliefs described by probability functions p(6). The priors can be
generally determined by expert judgment, statistical analysis over historical data,
conjugate priors for guaranteeing closed form of posteriors, or no information of 8. The

first three priors are informative, and the latter, non-informative, which are often
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expressed by Uniform distributions. The likelihood function p(Y|6) reflects how well
parameters allow a model to describe data: hence this is used to update the priors for
parameters using newly gathered data. The term p(Y) in Equation 3.3 is called a prior
predictive distribution, which is not conditioned on previous observations and not
dependent on &. Thus this is considered a constant. Hence the posterior density of is
generally described by the product of a likelihood function and prior distributions in an
unnormalized form [Gelman et al., 1995].

In association with determination of priors, one can criticize Bayesian analysis
because posteriors can be affected intentionally by subjective priors. This can be true
especially in some beginning steps in a stochastic process, if the priors are chosen
subjectively. This problem can be lessened with asymptotic theory by using large
samples and non-informative priors [Dowd et al., 2003]. Furthermore, the impact of
subjective priors can be reduced through adaptively successive updates of priors.

As one of problems in association with Bayesian inference, most of applications in
the literature have used simplified functional relationships instead of employing very
sophisticated processes represented in mathematical models such as CE-QUAL-W2.
This is probably due to difficulties in incorporating chemical, physical and biological
processes into probabilistic models. Consequently, there is an ongoing debate as to the
relative merits of simple models that statistically fit data versus more sophisticated
models. However, the two approaches are different in their goals. Mathematical models
can be used to present and assess scientific hypotheses, and therefore augment scientific
judgment. Bayesian network models ideally provide the interface among engineers,

stakeholders and decision makers in the context of decision making [Reckhow, 1999].
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2) Markov chain Monte Carlo (MCMC) Sampling Techniques

For years, Bayesian inference was not largely used in practice in favor of
frequentist inference. The main reasons were computational difficulties and the formal
use of subjective priors. In recent years, with the help of new computational approaches
such as MCMC, the first problem has been greatly reduced [Dowd et al., 2003; Gelman,
et al. 1995]. Bayesian inference using MCMC has been shown to be particularly useful
for ecological models with poor parameter identification [Qian et al., 2003]. For
probabilistic modeling using a Bayesian approach, the Bayesian Markov chain (BMC)
demonstrated its potential for uncertainty analysis of ecological models [Dilks et al.,
1992]. Quin et al. [2003] proved that a Bayesian MCMC method was superior to the
BMC by showing that the BMC was very inefficient if it had many parameters. Figure
3-2 illustrates the modeling procedure of Bayesian inference. For Bayesian inference,
two methods can be generally considered: direct simulation and the MCMC method.

e Direct simulation vs. MCMC method /Gelman et al., 1995]

In simple Bayesian models where conjugate priors are applied, it is often easy to
sample from the joint posterior probability distribution directly. For more complicated
model with no closed form for a joint posterior probability, the basic idea of direct
simulation is to factor a known joint probability analytically into a conditional and
marginal probability in closed form in sequence, and simulate in part in inverse order.

MCMC is often used when sampling € from p(4|Y) is not easy because p(4|Y) is
not represented in closed form, or because of computational complexity due to many
parameters 6. Instead, MCMC generates a draw from a distribution that approximates

some target distribution p(d|Y): hence, the key to a MCMC simulation is to construct an
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irreducible, aperiodic Markov process to ensure convergence to a stationary distribution.
There are various strategies for constructing MCMC algorithms, but all of them are
special cases of the Metropolis-Hastings (MH) algorithm, and the MH algorithm and
Gibbs sampler have been mainly employed in practice.

e Maetropolis-Hastings aleorithm and Gibbs Sampler /Gelman et al., 1995]

The strategy of the MH algorithm is to construct a random walk by applying an
acceptance-rejection rule so that the samples from a proposal distribution g(:) that
surrounds target distribution f{*) may converge to a known target distribution p(4|Y):

i) The method begins at /=0 with the selection of 6 . Given @', sample a

candidate value 8 from g();

ii)  Compute the MH ratio R(8°, 6%),

f(0)g0 |6°)
iti) Sample a value 0! according to the following;
o = 6 with pr'obablhty min{R(0°,0 ),1} (3.5)
6’ otherwise;

iv)  Increment ¢ and return to step i).

The strategy of the Gibbs sampler is to sequentially sample from conditional
posterior distributions that are often available in closed form. This method is specially
adopted for multidimensional target distributions. The algorithm with p parameters is:

i) Select starting values 6’ at 1=0;

it} Generate in turn,

0" |-~ 1(6,16,,...,0,)

t+1 t pt t (36)
62 I'Nf(02|91,93,---,9p)
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0, |-~ £(0,16/,6,....6..)
iii) Increment t and return to step i).

3) Model and MCMC diagnostics/Sensitivity analysis [Gelman et al., 1995]

After determining posteriors, three basic assessments are generally required for
checking goodness-of-fit of models and convergence to a stationary distribution of
samples: model diagnostics, sensitivity analysis, and MCMC diagnostics.

Model diagnostics relates to assessment of models in terms of goodness-of-fit
with a learning data set and accuracy of prediction with a validation data set. This

process is referred to as a posterior predictive check conditioned on the historical data Y-

p(Y 1Y) = [p(Y,0]Y)d0= [p(Y|6)p(0] V)d6 3.7

where, Y is the simulated values obtained from the learning or the validation data set.
Sensitivity analysis is used for assessing how sensitive posteriors are when a
current model is replaced with other models, and how sensitive changes of priors are to
posteriors. MCMC diagnostics provides methods for assessing convergence to a
stationary distribution of samples. Some useful measures for checking convergence are
the degree of mixing within and between two chains, which is assessed by the graphs
for history paths, autocorrelations of the chains, the Gelman-Rubin statistic R [Gelman
et al, 1995] and correlation between the parameters. When a mixing rate i1s measured
using the Gelman-Rubin statistic R, this value should be less than about 1.1 for
convergence [Gelman et al., 1995]. If poor convergence is indicated from the MCMC

diagnostics, a model should be improved via reparameterization process.
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Figure 3-2 Summary of Bayesian Data Analysis.
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3.3 Nonparametric Modeling

3.3.1 Comparison of Parametric and Nonparametric Approaches

A random process is a sequence of random variables indexed in time. The infinite
set of all possible realizations is called the ensemble. A time series is completely
described by a full joint probability distribution, and it can be factored into its conditional
and marginal probabilities. The conditional probabilities play the most essential role in
stochastic modeling, while the joint probability is not so meaningful in practice. For
simplicity of the dependence structure of the conditional probability, a random process is
often assumed to be Markovian, that is, dependent on only a finite set of prior values
[Bras and Rodriguez, 1985].

Considering a stochastic process {x;, x, ...., X, ..} for a random variable X, an

order p Markov model is defined on the basis of conditional probability as:

P(x,,x_ ... X, Plx.,x,_,..... X,
P(lextap ..... ’xt-p)= ( g2t ’ fp) ( IS ) > tp)

(3.8)

x(1)
x(1)

Figure 3-3 Ensemble of time series /Bras and Rodriguez, 1985].
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In order to obtain an analytical solution for Equation 3.8, the joint probabilities of
both the numerator and denominator should be determined. However, this work is very
difficult if the order p is high. Hence, hydrologists have contributed to developing two
methodologies: 1) the classical time series analysis such as ARMA (auto regressive and
moving average) based on a parametric approach and; 2) nonparametric approaches.

In parametric analysis, the Markovian dependence structure in conditional
probabilities is simplified using functional relationships of the form: X,=f(X..;,...X.,,0)+¢,
where 8 and € are the parameter vector and residual respectively. Linear functions are
widely used and residuals are often assumed to be normally distributed [Salas, 1993].
Unlike the Bayesian approach, the parameters of the models are treated deterministically.
As an alternative for overcoming the drawback of linearity, neural network modeling has
been studied [Salas et al., 2000].

In contrast, nonparametric modeling, which is motivated by the theoretical
background in time series modeling by Yakowitz [1979], tries to obtain the conditional
probability directly from the observed data. Specifically, the methods for density function
estimation strive to approximate the underlying density locally using data from a small
neighborhood around the point of estimation [Lall, 1995]. They impose only weak
assumptions such as continuity of the target functions rather than a priori specification of
the target function or assumption of a particular parametric standard distribution. The
goal of nonparametric modeling is to completely eliminate a priori assumptions of
specific probability distributions for random variables [Adamowski and Feluch, 1991].
However, it has been known that this method has drawbacks such as confidence bounds

that are usually much wider than these from parametric analysis. Additionally predictions
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outside the range of the observations are not possible [Sharma et al., 1997]. The
representative methodologies for nonparametric modeling, which have won popularity in
water resources planning and management, are k-NN techniques [Lall and Sharma,
1996] and kernel density estimation [Sharma et al., 1997]. Nonparametric methods can
be employed in several areas such as time series analysis [Tarboton et al., 1998, Lall and
Sharma, 1996; Sharma et al., 1997], frequency analysis [Gingras and Adamowski, 1994],
spatial analysis [Lall and Bosworth, 1993] and general regression analysis with

uncertainty considered probabilistically [Adamowski and Feluch, 1991].

3.3.2 Nonparametric Modeling Techniques

Yakowitz [1973, 1979] applied a finite order Markov chain to hydrologic time
series, however, he realized that the discretized transition probability matrix of the state
space became unmanageable as the number of parameters became large. To overcome
this weakness, a creative idea of a transition function was developed, which represents
empirical conditional PDFs that are evaluated using a nearest neighbor or kernel density

estimate method.

1) k-nearest neighbor (k~-NN) resampling technique using bootstrap

The k-NN algorithm discussed in this section is based on the paper by Lall and

Sharma [1996]. A generic k-NN density estimator is defined as [Silverman, 1987]:

1 < X=X
fx)= o ZK( ) (3.9)

i=1 ¥ x)

where:

K =kernel function;

d = the dimension of the state space, equals to the order of Markov chain;
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n = the number of observed data points;
ri(x)= Euclidean distance from a data point at time ¢ to the %, nearest data point.
The kemel function K(-) determines the behavior of the tail of the density function, and

the number of neighbors £ serves as smoothing factor.

In a historical time series X=(xy, xy, ..., X,), for a conditional probability defined
in Equation 3.8, let the d dependent variables at time ¢, (x,.;, Xr2 ..., X.q) be called a
feature vector and denote it D,, and the simulated or forecasted value, x,, called a
successor and denote it S;. A conditional probability can be represented as p(S;|D,). Let
an arbitrary time 7 be a current time, then the & nearest neighbors (D;: j=1..k) around D;
can be determined according to the Euclidean distance between D; and D;. The

neighbors are composed of & pair of D; and S;as:

7 =55 Sl | 3.10
P (3.10)

Once the £ nearest neighbors are determined, they are sorted in ascending order in terms
of distance. If there are some neighbors with the same distance, they can be treated
randomly for resampling. The expected value of S; conditioned on D; can be estimated
by averaging the successors .§; with weights. The weights are expressed as a discrete
mass function depending on the distance between D;and D;. In practice, a conditional
probability p(S;|D;) is often evaluated by bootstrap resampling using a monotonically
and rapidly decreasing empirical distribution function (EDF), which serves as the kernel
function K. The probability of an EDF is in inverse proportion to the Euclidean distance.

When a set of S; is resampled using K(*}, a S; is sampled using a cumulative distribution
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function of EDF by sampling a random value U from a Uniform distribution between 0

and 1. A discrete resampling kernel function K may be defined as:
. 1/j
K(i,j)=— J (3.11)
PR,

J=1

r. /. r/r,
K(Z, J) — i il — il i

k 1 k
Z ) Z”n I
=t B ' =

(3.12)

Equation 3.12 considers a real distance r; between D;and D; and leads to a rough value of

K, while Equation 3.11 leads to a smooth K (Figure 3-4).

Resampling Kernel Function

0.25 e 1.0

o e T09
020 + ‘,«'_’,.7""" o8
: Loz
Los
05
104
Los

Kii.Jj)

cum. prob.

——Eq. 3.11)
Eq. (3.12)
+02

------- cum. prob. (Eq. 3.11)
- ~ «cum, prob. (Eq. 3.12) 1 0.1

0.0

i

Figure 3-4 Two types of kernel functions for £-NN nonparametric modeling.

For k&-NN modeling, the two parameters of £ and model order d should be
calibrated. The model order can be identified using classical methods such as
correlogram, spectrum and Akaike information criteria (AIC) analysis [Salas, 1993].
According to Silverman [1986], the bias-variance tradeoff plays an important role in

choice of band width &, which indicates that the smaller the band width, the less the bias
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and the higher the variance because this may result in a rough density estimate. For

1/2

determining k, two methods may be considered: prescriptive choice of 4=n ' and

optimization of k£ with a generalized cross validation (GCV) function:

ie,.z/n )

min foe, (k) = <3 ¢ =x,-x, (3.13)
1-1/3°1/
Jj=1
Lall et al. [1996] mentioned that the prescriptive choice is a good alternative for 1 <d <6,

and n =100 because it has been shown that the sensitivity to the choice of & is small.

2) Kernel Probability Density Estimate (KDE)

The KDE algorithm described here is based on the paper by Sharma et al.
[1997]. The basic idea of time series modeling using KDE is to derive a conditional
probability density function from joint and marginal PDFs with kernel functions using a
historical time series X=(xy, x;, ..., X»). A general univariate kernel probability density

estimator is written /Silverman, 1986]:

1 ey
fKDE(x)‘“n;hK( 7 ) (3.14)

where:

= the number of observed data;
= the band width (smoothing factor);

n
h
K =kernel function that must be integrate to 1.

From Equation 3.14, it is noticed that the KDE is formed by summing all sub-
kemels centered at each observation x;. For kernel functions, the Gaussian function is

the most popular and practical choice [Silverman, 1986]. A multidimensional extension
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of an univariate KDE is represented for a vector X; in d dimensions (e.g. a bivariate joint

KDE p(x,, x..;) is 2 dimensional) with the Gaussian kernel function:

1< 1
X)y=— ex
fKDE( ) n ; (271_)11'/2 det(H)l/Z p

(—%[(X~X,.)TH“(X-X,.)D (3.15)

where H serves as both the covariance matrix of the Gaussian kernel and the band width
matrix, which must be a symmetric positive definite d x d matrix. Summing Gaussian
sub-kernels with a covariance H centered at each observation forms a KDE. H is
specified with the sample covariance matrix S and a scaling factor X

H=2S (3.16)

In determining A and /4, the bias-variance tradeoff is a fundamental idea. In case the
underlying distribution is known to be a Gaussian distribution with a Gaussian kernel

function, Silverman [1986] gave an asymptotic optimal scaling factor of band width as:

4 1/(d +4)
1:( ) A (3.17)

d+2

On the contrary, when the underlying distribution is not known, A can be decided by a

least square cross validation (LSCV) based on an integrated square error (ISE):

1+(1/n)Y > Texp(~L; /4) = 2" exp(~L, /2)]
mlin Siser (H) = e

(27[1/2)dndet(H)l/2
(3.18)
where, L, = (X, - X ) 'H' (X, - X )

In a seasonal time series X=(xy, x;...., x; ...) for n years, for a lag-1 seasonal
model corresponding to periodic autoregressive lag-1 model (PAR-1) of a parametric

model, the KDE algorithm is implemented as:
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i) Determine Ausing Equation 3.17 or Equation 3.18 and H,

ii) Given an arbitrary data point x,.; at time 7-/, determine the joint KDE for X,

(Eq. 3.19) and the marginal KDE (Eq. 3.20) for x,; from a n years seasonal series:

1L 1
Slx,x, )= ;; Q7)2 det(S)"”?

X __1__ ('xr _xi,r) Ts_l (xr _xi,r)
22 (x, — xi,m) (%, _xi,r—l) (3.19)
S S
where, S =[ ! 12}
S, Sy
1& 1 1(x,,—x H)z
_ = _ exp| -zt Terdl 3.20
Sf(x,) N ; (271'/125”)1/2 Xp[ b lzs“ ( )

Note that each observation contributes to the joint KDE with the distance from the
observation (x;, x;-;) in year i to an arbitrary point (x, x,;), the scaling factor A

and the covariance S of (x; x.;);

iii) Given an arbitrary x,;, the conditional KDE is obtained in the form of a
general univariate kernel probability density estimator of Equation 3.14 by

substituting Equation 3.19 and Equation 3.20 into Equation 3.21(a):

F 15 = f—jj‘(x—xT) (3:21()
I S _1(xe,-b)
S x, )= ; (272'2,287)1/2 w; pr[ 5 7S ) (3.21(b))
where:
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(xr—l - xi,r—l )2
2 s
228,

w, = 2
S exp[_ @C_—x_)]
P 22’8,
2
S - det(S) _s, __S£
S,, Sy
by=x;, +(x._ — xi,z—l)”s_lz—
SZZ

Figure 3-5 illustrates a conditional KDE which is a slice of a bivariate joint KDE.
Note that it is formed by summing the slices of # sub-joint KDEs. Each sub-
conditional KDE has two parameters of b; and N’S” representing the center and
variance respectively. The weight w; represents the area under each kernel slice
which controls the contribution of x; -, to the conditional KDE, and is equal to the
kernel function K(:) of the ~~-NN method;

iv) Sample a set of x, from f{x,|x,;) given x.; that is obtained from the marginal
distribution in month 7-/ or from a historical record. In practice, one does not
need to explicitly draw f{x;|x,;) of Equation 3-21 since it is the sum of » Gaussian
sub-conditional KDEs that contribute to f{x,|x.;) as much as weight w;. First, pick
the iy slice out of » sub-conditional KDEs with w; corresponding to a random U
from a Uniform distribution between 0 and 1; and then generate x; with mean b;,

variance NS’ and perturbation W in the my, iteration using

x"™ =b +AS)"W, (3.22)

where W, ~ Normal(0,1). The statistics such as mean and variance can be inferred

by iteratively sampling x, using Equation 3.22;
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v) Simulation proceeds sequentially by season with updating of x.;. To do this,
the conditional KDEs for each 7 season should be built, and they are connected

sequentially in time.

ftx 7, x,;) surface

T Jx)

Jiilxnsd):
sub-joint KDE sub-conditional KDE

in iy, year in iy year

Figure 3-5. [llustration of conditional KDE [Sharma, 1997].

3) Comparison of k.-NN and KDE

The discrete kernel function K for £-NN and the weight w; for KDE play the same
role in sampling since picking the i, sub-conditional KDE amounts to resampling S; from
k successors. However, the £&-NN reproduces only historical data because it relies on a
bootstrap resampling technique, while KDE adds the perturbation to the selected point. In
the context of practical application of models, £-NN is preferred to KDE because: KDE is
computationally difficult in the case of high order Markov chains such as daily forecast
models, while; kNN does not require any complicated computation process.

Furthermore, the £-NN modeling can be applied to any high order Markov chain model.

46

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



3.4 Stochastic Artificial Neural Network Model

3.4.1 Fundamentals of Artificial Neural Networks

An artificial neural network is a nonlinear mathematical structure that is capable
of representing arbitrarily complex nonlinear processes that relate the inputs and outputs
of any system [Hsu et al., 1995]. Artificial neural networks (ANNs) have been used
successfully to model complex nonlinear input;output relationships in a wide variety of
fields. In recent years, ANN have become extremely popular for simulation and
forecasting in water resources and environmental planning and management, and mainly
treated in deterministic way [Bhattacharya and Solomatine, 2000; Hsu et al., 1995;

Maier and Dandy, 2000].

1) Architectures of Neural Networks

Many researchers have described the structures for ANNs using artificial
neurons that are information processing units variously referred to as ‘processing
elements (PEs)’, ‘units’, ‘cells’, or ‘nodes’ [Haykin, 1993]. In the 1950's, Rosenblatt's
work resulted in a two-layer network, the perceptron, which was capable of learning
certain classifications by adjusting connection weights. Recent work includes the three
types of network architectures: the feedforward neural networks (FFN); the feedback (or
recurrent) neural networks (FBN), and; the stochastic neural networks.

The FFN is a neural network where the connections between the units do not
form a directed cycle, while the FBN makes bi-directional data flow possible. The
multilayer perceptron (MLP) and radial basis function networks, and Hopfield networks

are representative in the FNN and FBN respectively. The stochastic neural networks
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(SNN) are built by introducing random variations into a network, either by giving the
network's neurons stochastic transfer functions, or by giving them stochastic weights.
This makes them useful tools for optimization problems since the random fluctuations
help it escape from local minimums. Stochastic neural networks that are built by using
stochastic transfer functions are often called Boltzmann machines (hittp:// www.answers.

com/topic/meural-network). From reviewing the real applications of ANN, it is indicated
that MLP networks has been mostly used for prediction and forecasting of water

resources characteristics [Maier and Dandy, 2000].

2) Structure of Multilayer perceptron (MLP)

As shown in Figure 3-6, the PEs are arranged in three layers in MLPs: an input
layer, one or more hidden layers, and an output layer. The input x from each PE in the
former layer is multiplied by a connection weight w. These connection weights are
adjustable and may be likened to the coefficients in statistical models. At each PE, the
weighted input signals are summed and the threshold values of 8 and yare added. This
combined input / is then passed through a nonlinear transfer function f{.) to produce the
output of the PE y. The output of one PE provides the input to the PEs in the next layer.

This process is represented as:

n
_ @)y, . : AN
Ij = ﬁj + E WX, summation function;
i=1

y; = f(;): transfer function;

where:

I; = activation level of node j;

wjm = connection weight between node 7 and j;
x” = input from node 7 at time t, i=0,1,...,n;
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B; = bias or threshold for node j;
Vi = output of node j, and;

) = transfer (or activation) function.

Figure 3-6 illustrates an example of ANN with 2 input nodes (#), 2 hidden nodes
(h), and 3 output nodes (m). An ANN with a hyperbolic tangent transfer function for the
hidden layer and a linear transfer function for the output layer is expressed
mathematically in Equation 3.23. For determining the best relationship between inputs
and outputs, a set of the observed data are generally compared to the simulated values,
and the error is computed. The inputs and outputs are mapped optimally in a network by
adjusting the weights and biases until the global minimum in the error surface has been
reached. This procedure is referred to as ‘learning’ or ‘training’ [Mathworks, neural
network toolbox user’s guide] and corresponds to ‘parameter calibration’ in

deterministic conceptual models.

3.4.2 Training, Validation and Stochastic ANNs
1) Training (or Learning) :

Learning in ANNSs falls under two categories: supervised and unsupervised. In
the supervised learning, a network is modeled with a set of historical inputs and outputs.
In the unsupervised learning, a network is presented only with inputs without outputs:
hence, the network itself adjusts the parameters by clustering the inputs into classes of

similar features [Mathworks-Neural].

~ (k) h n
Yo =t o, tanh[ﬂj + Zwﬁ.’)x,(i):l, k=1,.,m (3.23)
j=1 i=1
where, tanh(z) = ez —e_z
e’ +e
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Input Layer 1#* Hidden Layer Output Layer
(n=2 nodes) (h=2 nodes) (m=3 nodes)

Figure 3-6 Typical structure of MLP. Where, NL f{") is a nonlinear function.

The final purpose of training is to make predictions of the future with only
inputs given to a network. The task of training is not always straightforward but may be
complicated by the existence of local minima in the solution surface or the potential of

overfitting the training data.
i) Generalization of ANNs : issue of overtraining

For training of a network, a set of training data that represents all the possible
relationships between inputs and outputs should be prepared and loaded into a network.
Once trained, the network should be able to predict using the input vectors that are not in
the training data set, and be tolerant to noisy data to some extent. A network is said to be
generalized satisfactorily when a trained network is reproduced properly within a
predefined tolerance with the test data never used in training a network. On the contrary,

it is overtrained or individualized only if it responds to the training data. This often takes
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place when the training data are not well balanced so that they tend to contain the patterns
concentrated on one part of the input domain range. To avoid overtraining, the training
data set should be examined carefully and filtered through a preliminary analysis. For
guaranteeing a robust generalization of a network, Neal [1992] suggested employing
Bayesian stochastic learning. The methods for improving generalization are summarized:

- Tradeoff between the number of weights and training samples

If the number of parameters in the network is much smaller than the size of
training set, then there is little or no chance of overtraining, and vice versa. Amari et al.
[1997] show that overfitting does not occur if the ratio exceeds 30. When this condition
is not met, there are clear benefits in using cross-validation.

- Cross-validation /The Mathworks-Neural]

In this method, the available data are divided into three subsets: training, test and
validation data sets. The errors on the test set are monitored during the training process.
The errors on both the training and test data sets will normally decrease during the initial
phases. However, when a network begins to overfit the data, the errors on the test set
begin to rise. When the test errors increase for a specified number of iterations, the
training is stopped, and the parameters at the minimum of the test errors are returned.

- Regularization [The Mathworks-Neural]

One approach to this process is to use the Bayesian framework. One feature of
this algorithm is that it provides a measure of how many network parameters are being
effectively used. The effective number of parameters is approximately converged to for a

sufficient number of iterations.

ii) deterministic learning : issue of local minima
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The most common training algorithm is the backpropagation (BP) algorithm,
which is a supervised learning algorithm for the FFN. It is basically a local optimization
method on the basis of the steepest gradient method and conjugate gradient method. It 1s
susceptible to be trapped in local minima in the error surface. Global optimization
techniques such as genetic algorithms and the shuffled complex evolutionary algorithm
(SCE) developed by Duan et al. [1992] are often used to escape from the local minima as
they employ random search techniques. Although global optimization techniques are
often more computationally intensive than local optimization techniques, they are gaining

popularity with the help of advanced computer science and engineering.

2) Stochastic learning based on a Bayesian framework: issue of both

overtraining and local minima

Conventional learning such as BP for the FFN can be interpreted in statistical
terms such as the maximum likelihood estimation (MLE). The idea of the conventional
learning is to find a single set of parameters for the network that maximize the fit to the
training data. In a Bayesian framework, however, the parameters are assumed to be
random variables with specified distributions. As benefits of the Bayesian approach, the
avoidance of overtraining and the acquisition of the probability distributions for the
predicted variables are pointed out [Mackay, 1992, Neal, 1992].

3) Validation

Once the tramning is completed, the performance of a trained network has to be
validated on an independent data set. If the validation errors are markedly significant, it
1s likely that either training and validation data set may not be representative out of the

population, or the network is overfitted.
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3.5 Fuzzy Rule-based Modeling

A common approach to describe uncertainty is to employ probability theory.
Another method 1s the use of fuzzy logic. Fuzzy rule-based modeling has been
successfully applied in fields such as automatic control, data classification, decision
analysis [Bijaya et al., 1996, Bhattacharya and Solomatine, 2000] and expert systems.
Fuzzy rule-based modeling has a number of different names such as fuzzy inference
systems (FIS), fuzzy expert systems, fuzzy modeling, fuzzy logic controllers, and simply
fuzzy systems [Mathworks, Fuzzy Logic Toolbox User’s Guide]. Fuzzy rule-based
methods are often compared and combined with neural networks since they can model
the nonlinear system behaviors. However, in contrast to ANN that is a complete black
box type, fuzzy rule-based modeling is very transparent as the rules are explicitly stated

[Bardossy and Duckstein, 1995].

3.5.1 Fundamentals of Fuzzy Rule-based Modeling

Fuzzy logic starts with the concept of a fuzzy set, which is associated with fuzzy
numbers, membership, membership functions. A classical set is a container that wholly
includes or excludes any given element. A fuzzy set has clear boundaries however it
contains elements with only a partial degree of membership /[Bardossy and Duckstein,

1995]. A fuzzy set can be represented in a mathematical terms as:

A={(x, 1, (D)) x e X, 1 (x) e [011}
where:
A = a fuzzy set of X

pa(x) = membership function with a range of 0 to 1;
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X = a set (universe), and;

X = membership.

The membership function, ws(x) represents the grade (or likeliness or possibility) of
membership x in 4. The closer p4(x) is to 1, the more x is considered to belong to 4, and
vice versa. Special cases of fuzzy sets are fuzzy numbers, which are fuzzy sets of real
numbers [Bardossy and Duckstein, 1995]:

Fuzzy rules are represented in the form of ‘if-then’ statement. The if-part of a rule
is called the premise or antecedent and then-part is called the conclusion or consequence.
A premise or consequence in a rule may have several clauses which relate to the input

and output variables respectively:

IFX 1sa,€4,06..0X,isa, € 4,
THEN Y, ish € B, ©..0Y,, isb, € B,,, : i" rule

Where:

X, ax = input variable, value for the k" clause in the premise of a rule, k=1,..,K;

Y., b, = output variable, value for the consequence of a rule, m=/,..,M;

Air = a fuzzy set of X} in the i rule;
B;»w =afuzzysetof ¥, in the i rule;
® = fuzzy logic operator.

A fuzzy rule system R is defined as a set of rules. For example, in a reservoir
operation system, the premises may be composed of reservoir elevation, inflows, losses
like evaporation and seepage, and water demands. The consequence is likely the releases
to meet the various targets [Bijaya et al., 1996]. For another example, in stage-discharge
relationships in streams, the input variables may be composed of stage at time ¢ and

variation rate of stage at time ¢, and the output is discharge at time 7. A fuzzy rule system

54

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



consists of a variety of rules where all input and output are combined on the basis of

expert knowledge. This 1s 1llustrated in Chapter 4.

3.5.2 Procedure of Fuzzy Rule-Based Modeling

1) Modeling Procedure by a FIS

A FIS can be represented by the two types of structures: Mamdany-type and
Sugeno-type. The main difference is that the Sugeno output membership functions are
either linear or constant, while this is not the case in the Mamdany type [Mathworks-
Fuzzy]. The procedures of fuzzy rule-based modeling are:

i) generating a FIS structure: determination of the input-output nodes, the number
and types of input-output membership functions, the number and structure of
rules, and; selection of fuzzy and defuzzification operators;

i) training the generated FIS: modification of expert knowledge or extraction of
rules from observations, and;

iii) evaluating the trained FIS with validation data.

2) Operation of FIS

Once a FIS has been generated, the FIS is often operated with five processes in
order [The Mathworks-Fuzzy]: 1) fuzzification of the input variables, 2) computation of
the degree of fulfillment (DOF), 3) implication of the DOF and fuzzy set in each rule, 4)

combination of all rule consequences, and 5) defuzzification.

Step 1) Fuzzification of Input Variables: K" clause in the i rule
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An input variable that is one of memberships in a fuzzy set is always fed into the
membership function in the form of a crisp numerical value. The output of each
membership function is a fuzzy degree of membership, and always has a range of O to 1.

This process amounts to either a table lookup or function evaluation:

. input: crisp numerical value (a);
. output: a value between 0 and 1 of the " clause in the i"™ rule (ju /(@)

Step 2) Computation of Degree of Fulfillment (DOF): all clauses in the " rule

Once the inputs have been fuzzified, if a system is multivariate, the extent to which
each clause is attributed in a rule is integrated by the DOF of a rule. The inputs for this
step are the fuzzified input crisp values from the 1% step, and the output is a single value

v; in the i rule. There are two common fuzzy operators in determining the DOF:

. input : fuzzified input values = {p; s(ay), ..., puir(ar)};
. output : avalue betwéen Oand 1, vi= py; (ay) © ...0 pg;i(ay);
. product fuzzy operator: ' |
AND (al,a2) : pui i(a)* pai2(az);
OR (al,a2) : pui (@) Fhai2(a2)- Pai1(a)* hai 2(a2);
. min-max inference fuzzy operator:
AND (al,a2) : min{ py; 1(ay), puaiz(az)};
OR (al,a2y :max{ pai(ar), pai2az)}.

Step 3) Implication of the DOF and fuzzy set in a rule: consequence in the M rule

A consequence is a fuzzy set represented by a membership function. The
membership function (g z(x)) of a consequence in the i™ rule is reshaped by the DOF

obtained from the 2™ step using two common fuzzy operators:
« input : v;as DOF;

. output : W7p(x), areshaped consequence fuzzy set = viOuU ; p(x);
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« AND cmin (v, i s(x);
. PROD DV B(x).

Step 4) Combination of all consequences: combined consequence of all rules

Since model results are based on testing all of the rules, the rules must be
combined. In this step, the reshaped consequence fuzzy sets in all rules obtained from the
3" step are combined together. A combined fuzzy set is generated as an output by using

the following common fuzzy operators:

. input : W5(x), the reshaped consequence fuzzy set;
. output : us(x), a fuzzy set of combined consequences;
. sum DY uisx), i=1.1,
I
Z Vit”;,B (x)

« weighted sum: pp(x)=—=1— .
max 3 v, (1)
o

Step 5) Defuzzification

Defuzzification is the process to determine a represented crisp value for the
combined fuzzy set that is obtained in the 4™ step. This process is equivalent to
estimation of mean, median or mode in probability distributions if the combined fuzzy set
can be considered a sort of probability distribution. However, the combined fuzzy set is
often such an irregular shape that it may be very difficult to infer parameters like
confidence intervals and percentiles. Therefore, it is likely that a probabilistic modeling
by a FIS is either almost impossible or computationally very demanding. The
defuzzification is performed using the fuzzy means of p’z(x) and the normed weighted

sum method. All the processes are illustrated in Chapter 4.

« input : M(B,), fuzzy mean of p; p(x) in the i™ rule;
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. output : M(B), an crisp result as an output for the system;

I
2. viM (B))
. Normed weighted sum: M(B) ="

I

3.5.3 Derivation of Fuzzy Rules from Data and Training (Learning)

From the review of the FIS modeling procedure, it can be noticed that a Fuzzy rule-
based modeling is affected by how well the rule system reflects expert knowledge and
information from the observations. The different methods to derive a rule system are well
summarized in Bardossy and Duckstein [1995]:

i) The rules are derived by the experts directly;

ii) The rules can be assessed by experts directly, but should be updated using data;

iii) The rules are not known explicitly, but the variables can be specified by experts;

iv) Only a set of observed inputs and outputs is available, and a rule system has to

be constructed using the data set.

In real application of a fuzzy rule-based system in water resources and
environmental planning and management, the last method might be encountered most
commonly because the rules are more objective than in the other methods. However, this
method requires very special care in system learning in case the observations have
uncertainties to a significant extent. Although the first method is applicable to a system, it
i1s very difficult to elicit the technical knowledge from experts without observations.
Furthermore, the knowledge from many experts may not be consistent and the manually

derived rules may lack numerical precision [Abebe et al., 2000]. The last method can be
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also used for replication of simulation or optimization models. In this case, the outputs
may be commonly obtained by a variety of models from simple regression models to very
complicated mathematical models. For example, the results by an optimization model for
reservolr operation can be replicated by a FIS, and the classical rules can be replaced.
Compared to the first three methods, one thing that should be noted is that the number of
rules is equal to the number of combinations for the membership functions of all input
variables, while they are determined arbitrarily by the experts in the first three methods.
The popular algorithms for the last method are the counting, weighted counting and
optimization techniques [Bardossy and Duckstein, 1995].

The fuzzy rule-based modeling is very similar to ANN in terms of the basic idea of
data-driven modeling. Compared with ANN, the biggest advantages of the fuzzy rule-
based modeling are that the knowledge from the experts can be added along with the
rules abstracted from the data, and the rules from the data can be also modified by users.

Once FIS has been built by one of the three methods, it is assessed mainly in terms
of the performance and overfitting. However, an optimized FIS by the last algorithm does
not have to be trained again because it has been already trained in the optimization
process. As reviewed in ANN, the cross-validation method can be used here to avoid the
risk of overtraining. After training, the performance of the trained network has to be

evaluated on an independent data set.
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CHAPTER 4

RELIABILITY ANALYSIS OF DISCHARGE RATINGS
USING PROBABILISTIC AND DETERMINISTIC

MODELING

Water resources engineers are often concerned with the conversion of discharges
at a given location along a stream into corresponding stages or converting measured
stages into discharge estimates. This is acéomplished via a rating that is the relationship
between stage and discharge. One purpose of stream flow measurement is to establish
ratings, and generally to produce continuous discharge records over time using measured
stages. The generated discharges are mainly used for sustainable development and
management for flood control, water use and environmental conservation. However, the
biggest problem with ratings is that considerable uncertainty can exist due to the
complexity of stage-discharge relationships and measurement errors of discharge.

Research dealing with the stage-discharge relationships is fairly limited. As a
plausible reason, water resources researchers and engineers might think that the research
for this area is very narrow, or not challenging enough to investigate. In this chapter, the

principles of rating are reviewed first according to the guide /ISO, 1998] prepared by the
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International Organization for Standardization (ISO). Second, ratings are developed
using deterministic and probabilistic methods through a case study. For deterministic
approaches, non-linear programming, fuzzy rule-based modeling, and a one-dimensional
hydrodynamic model are applied. For the probabilistic approach, a Bayesian Markov
chain Monte Carlo sampling technique is used. Finally, the methodologies are evaluated
and compared in terms of suitability for adaptive management of ratings, consideration
of uncertainty in the rating, reflection of hydraulic characteristics of the rating including
hysteresis, and ease of application. The goodness-of-fit of rating curve is not considered
as a definitive measure because the method that gives the smallest estimation error is not
always the best due to uncertainties in the measured stage-discharge data.

The study was carried out at two stage-discharge measurement sites located near
the Daecheong and Yongdam dams in the Geum River basin in Korea. The Donghyang
station located in a small tributary of the Geum River where the hysteresis of the rating is
not considerable (Figure 2-2), and the Hotan station, located on the main stream of the
Geum River, where a loop shaped rating clearly exists (Figure 2-3). These two stations
are operated to provide information for reservoir operation. Figure 4-1 shows the
procedure for this study, and the relationships between the deterministic and probabilistic

approaches.

4.1 Concepts of the Stage-Discharge Relation

4.1.1 Control, Complexity, Shift and Uncertainty of Ratings
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Fuzzy rule-based modeling
consideration of dh/dt
O=f(h, dh/dy)
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comparing the results of all methods in terms of adaptive management of
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posteriors
of param.

best method for
managing rating

Figure 4-1 The procedure for rating analysis, and connection between the

deterministic and probabilistic approaches.
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1) Controls of flows in open channels

The ratings in open channels are governed by channel conditions in a reach located
downstream from a stage-discharge gauging station. Depending on channel and flow
conditions, the two types of control can be considered: section control and channel
control. The ratings for low flow are generally governed by section control: hence, they
are controlled by a particular downstream section such as naturally formed sand bars,
accumulation of debris and rock ledge, and manmade structures like weirs. The section
control is visually identified in the field by observing a riffle or a drop in water surface
downward from a gauging station. As stage goes down, the flow eventually reduces to
zero at a certain stage, which is referred to as the gauge height of zero flow (GZF). Figure
4-2 and 4-3 show a good example of section control. While the subcritical flow at reach
‘A’ changes to critical flow at ‘B’ and supercritical flow right after ‘B’ in turn, and
returns to subcritical flow at ‘C’, the rating at reach ‘A’ is dominated by the section
control formed by the rock ledge ‘B’.

On the other hand, as the section control is submerged with increase of stage, a
rating for high flow is usually controlled by a particular channel reach that is represented
by channel curvature, roughness, slope and shape. A rating for medium flow may be
controlled by either of the two controls, or a combination of both controls. Especially, the
section where both controls exist is called a transition zone that represents the change
from section control to channel control or vice versa [ISO, 1998]. In most stage-
discharge stations, both section and channel controls are generally at work. If the two
controls are identified clearly, it is evident that a transition zone should exist somewhere
in between the two controls, whatever the bandwidth of the transition zone is. From this
viewpoint, when a rating is developed, it should be separated according to the controls. If

63

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



the bandwidth of transition zone is large enough not to be negligible, a rating can be
grouped into three parts corresponding to low, medium and high flows.

2) Complexities of stage-discharge relations

Complexity in a rating relationship is usually caused by backwater effect and
hysteresis. Backwater arises due to obstructions of water flow by downstream manmade
structures, tributaries and tides. This can disturb a rating at an upstream stage-discharge
measurement site. Another complexity is hysteresis which results from the variation in
energy slope due to flow accelerations. This is well known as a loop rating where each
discharge matches two different stages rather than a single, unique stage-discharge
relation [1SO, 1998]. 1t is most apparent that the loop rating arises in mild slope streams
where dynamic flows are accelerated due to suddenly changing discharges in time, such
as flood runoff and reservoir releases. |

3) Shift of controls in stage-discharge relations

The shift of controls arises when channel conditions are unstable due to scour and
deposition during flood events [ISO, 1998]. The shift can be temporary or permanent. If
the shift is permanent, a group of consecutive stage-discharge measurements will deviate
to the left from a current rating in the case of deposition, and to the right in the case of
scour. When a shift is indicated, a new rating should be developed.

4) Uncertainties contained in the generated discharges

The final purpose of ratings is to compute a series of flow over time based on
continuously measured stages. Taking a close look at the uncertainties of discharges, it is
obvious that they are directly affected by the uncertainties of ratings and the measured
stages, and the stage-discharge measurement data have a great influence on the
uncertainties of the ratings. The errors in the stage-discharge measurement data are
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propagated to the computed discharges. Furthermore, any statistical errors in establishing
ratings will input the discharges. From this viewpoint, it may be worthwhile to produce
discharges as probability distributions. When the information of uncertainties contained
in discharges is offered to the water resources managers, this facilitates the management
of water resources on the basis of risk. Figure 4-4 illustrates the process until the final
product, discharges are obtained, and the propagation and accumulation of the errors into

the discharges.

4.1.2 Hydraulic Characteristics of Ratings

Ratings can be represented as a function with some parameters reflecting the two
types of controls. The ratings under section control can be expressed using a general
equation for a weir or a flume, while the governing equations for the rating under channel
control are much more complicated. For gradually varied uniform flow, the ratings can be
simply expressed by the Manning equation, and for highly varied non-uniform and
unsteady flow, equations such as the Saint-Venant equations would be appropriate.
However, these are seldom used in the development of ratings. Instead, a type of power
equation (Eq. 4.1 and log-transformed Eq. 4.2) is generally used because a rating curve
segment for a given control tends to show a straight line when plotting logarithms of
discharge versus effective depth. This fact gives analysts much valuable knowledge for

shaping a rating curve and analytical purposes [ISO, 1998].
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Figure 4-2 It shows ‘A’ reach under the section control formed by the rock

ledge (B) in Spring creek in Fort Collins, Colorado, taken in December 2005.

Figure 4-3 It shows the same reach taken in upstream direction as in Figure 4-2.
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Figure 4-4 The propagation and accumulation of the errors into the generated
discharges.
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Q = a(h-e)’ (4.1)
Log(Q) = b-Log(h-¢) + Log(a) 4.2)
Where:
h is the stage;
e is the gauge height of zero flow;
(h-e) is the effective water depth on a control section;
b is the slope of the rating curve;

a is a constant that is numerically equal to the discharge when (%-¢) is equal to 1.

To utilize this procedure, first stage should be transformed to effective depth by
subtracting a predetermined GZF. The slope of a rating curve on a logarithmic scale is
defined as the ratio (AQ/Ah) of the horizontal distance to the vertical distance because the
dependent variable, discharge, is always plotted as the abscissa of a rating curve [ISO,
1998]. In Equation 4.2, the above mentioned three parameters of @, b and e have their
own hydraulic meaning, and they are characterized by the spatially unique hydraulic
features at every stage-discharge measurement site. They are very susceptible to floods
that cause channels to be unstable. Especially, b and e are very important for shaping and
analyzing a rating curve, and can be obtained as follows:

1) Determination of the slope (b)

According to the ISO standard for developing rating curves [ISO, 1998], the slope
of a rating curve for section control is usually greater than or equal to 2.0, while the slope
for channel control is between 1.5 and 2.0. Figure 4-5 shows that a rating is divided into

the two segments of both section and channel controls centering on a transition zone.
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2) Determination of GZF (e¢)

The GZF can be determined directly in the field by measuring the flow depth on the
control section. However, this is not always the case because it may be hard to identify a
natural control section if a man-made structure does not exist. In general, three methods
used for determining the GZF are:

i) Determination of the GZF by field survey

The GZF can be obtained by subtracting the depth at the deepest point and the
velocity head at the control section from the stage at a station in case the control
section exists downstream from a stage-discharge station. The GZF by this

method is referred to as the actual gauge height of zero flow [ISO, 1998/,

ii) Determination of the GZF in graphical way
Wit‘h at least three data points measured accuratély under section control plotted
on iogaritﬁmic paper, the GZF is determined by adjusting the GZF until the line
coﬁnecting three points becomes visually straight. The GZF by this method is
referred to as the effective gauge height of zero flow. For irregular shaped

channels, the effective GZF is greater than the actual GZF [ISO, 1998];

iii) Determination of the GZF by optimization technigues

This method is almost identical to the graphical method except for using
optimization techniques. The GZF can be optimized with an objective function
subject to the slope range of each control, which is obtained in a field survey.
This method is described in detail in the following section about determination

of a rating using a non-linear programming technique.
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Figure 4-5 An example of slope change in a rating: When the effective depth (h-¢)
and discharge (Q) in natural open channels are plotted on the logarithmic paper,

each rating curve segment by control is a straight line, and each slope has its own
unique range.
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4.2 Rating Analysis in Deterministic Approach Using a 1-D Unsteady
Flow Analysis, NLP and Fuzzy Rule-based Modeling

4.2.1 Rating Analysis Using a 1-D Unsteady Flow Analysis

Once a set of physical data such as cross sections in reaches and hydrologic data
are prepared in a study area, a rating can be developed indirectly by hydraulic modeling
instead of using the directly measured A-Q data. Even though this method is considered to
be very attractive in that ratings can be derived without stage-discharge measurements in
the field, which is very hard work, this approach may be limited to the analysis mainly
for channel control. This is because the results of numerical models such as the HEC-RAS
(US Army Corps of Engineers) and FLDWAV (US National Weather Service) do not
often converge to a unique solution or have numerical errors when modeling low flows.
To obtain a complete rating using this method, a rating under section control may be
analyzed in other ways. This fact could be pointed out as a drawback, however, this
method provides very valuable information in shaping a rating curve considering
hysteresis and measurement errors. Some strong points of this method can be
summarized as:

« When the measured stage-discharge data are plotted on a graph, it is hard to
separate hysteresis from measurement errors. The results from hydraulic
models help screen the stage-discharge measurement data with very low
reliability on the basis of the information about the hysteresis;

. Whén one wants to extend an existing rating with new values of observed

stages beyond the existing range, this method provides a very reliable solution.
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In this study a one-dimensional hydraulic model, HEC-RAS, was employed at the
Donghyang and Hotan stations. The HEC-RAS system (ver. 3.1.3) now contains the two
one-dimensional hydraulic analysis components for steady flow water surface profile
computations and unsteady flow simulation. The hydraulic analyses of ratings were
performed according to the successive processes shown in Figure 4-6. They consist of
setting up HEC-RAS with a set of cross section data and boundary and initial conditions,
calibrating the model by adjusting the Manning’s », verifying the calibrated model, and

evaluating a developed rating with measured stage-discharge data.

1) Hydraulic analysis of the rating at the Donghyang station

The stream reach under study was modeled in HEC-RAS (Figure 4-7). The figure
shows the Donghyang station, and two supplementary stage stations at Daeya-kyo and
Somti-bo working as internal, upstream and downstream boundaries, respectively. The
reach was schematized with 5 cross sections within a 1km long sub-reach upstream and
15 cross sections within a 3km long sub-reach downstream centering on the Donghyang
station. These cross sections were surveyed at 200m interval in 2003.

For the upper (Daeya-kyo) and lower (Somti-bo) boundary conditions of the reach,
the recorded stages were entered into HEC-RAS. For calibration, the computed stages at
the Donghyang station were compared with the historical stages. The historical stages
available at this station and the two supplementary stations were prepared during two
flood events, which occurred on August 18, 2003 for 4 days and September 11, 2003 for
5 days (Figure 4-8 and 4-9). The former flood data were applied to calibrate the model

and the latter to verify the model.
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When the models were calibrated, the computed stages of the Donghyang station
were compared with the historical stages. For the boundary conditions of the model, the
historical stages observed at the two ends of the reach were used. The computed stages
were consistent with the observed stages; however, the computed rating did not fit well to
the measured stage-discharge data. Hence, the upper boundary condition was modified
with the discharges computed by the rating, which was derived in a previous study /K-
water, 2004]. For calibration in this case, a pair of stage-discharge measurement data
were compared with the computed rating instead of comparison of the observed and
computed stages. Figure 4-10 shows that the observed stage-discharge data were fitted
well with Manning’s n value of 0.031 except for the low to medium flows (approximately
less than 20m’/s). It can be noticed that the rating needs to be separated into two
segments around the height of the Parshall flume. The considerable deviation between
the computed and the observed rating in the lower segment under section control again
illustrates that section control is hard to analyze by unsteady flow models.

The calibrated model was verified with another flood event. Figure 4-11 shows that
the computed réting from this step is consistent with the ratings obtained from the
calibration process. In conclusion, two important facts can be drawn from the results for
developing a rating at this station:

i) A loop rating does not exist, which means that a single relation of stage-

discharge is good enough at this station;

ii) The governing control of the rating is shifted from section control to channel

control within the range of 2.4m to 2.9m in stage (Figure 4-11). This can be

explained by the fact that the computed rating fits well the observed stage-
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discharge over the stage of 2.9m, and the rating below 2.4m is changed
sharply. This result indicates that a transition zone is formed in this range:
hence, the information for the transition zone was developed for the rating

analysis by optimization and Bayesian MCMC techniques.

2) Hydraulic analysis of the rating at the Hotan station

Like the Donghyang station, the stream reach centering on the Hotan station was
configured in the HEC-RAS with 5 cross sections upstream and 15 cross sections
downstream from the Hotan station, which were surveyed in 2004 (Figure 4-12). For
hydraulic analysis at this site, two flood events were prepared, which occurred on June 19,
2003 for 8 days and July 12, 2003 for 10 days (Figure 4-13 and 4-14). The first flood was
used to calibrate the model and the second to Verify the model.

Unlike the Donghyang station, the lower boundary condition was given in the form
of a rating instead of as historical stages because the lower boundary condition did not
exist firmly. First, a non-uniform flow analysis was performed to come up with a rating
for the lower boundary condition using a series of arbitrary discharges as the upper
boundary condition and the normal or critical depths as the lower boundary condition.
One may think that the rating at the station could be influenced by the different
conditions of the lower boundary; however it turned out that the results were not very
sensitive to the lower boundary conditions. Next, an unsteady flow analysis was done
using the upper boundary condition of the discharges generated by the rating developed
in a previous study /K-water, 2004] and the lower boundary condition of the rating

derived from the non-uniform flow analysis in the previous step.
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When the model was calibrated, the computed rating was compared with the
observed stage-discharge data similar to the Donghyang station. Figure 4-15 shows that
the model was well calibrated with a Manning’s »n value of 0.046 except for flows less
than approximately 200m>/s. The figure shows clearly the hysteresis of the rating, which
varies according to the sign of the variation rate of the stage. There are the two distinctive
things that should be noted at this station: hysteresis in rating exists and; the rating is
governed by three controls (Figure 4-16). The shift of controls can be explained by one of
two reasons: the existence of section or channel controls downstream, and the sudden
variation at the cross section of the gauging station. At the Hotan station, weirs for
agricultural water withdrawal or naturally formed control sections may account for the
two transition Zones.

The verification of the calibrated model was performed with the verification data
set (Figure 4-16), which shows the calibrated model works well. In concluston, the two
following facts should be taken into consideration in developing the rating at this station:

i) The loop rating does exist clearly above 300m’/s in flow and 2m in stage:

hence, the specially designed rating should be developed using a simple
equation, sophisticated 1-D unsteady models or heuristic methods such as
ANN and fuzzy rule-based modeling;

it)  The first transition zone takes place within a range of 0.6m to 0.7m in stage,

and 65m’/s in discharge; and the second one occurs within a range of 1.3m to

1.4m in stage and 150m’/s in discharge (Figure 4-16).
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configuration of the scheme for stream network

with entry of the cross sections into the HEC-RAS

i

f
Donghyang Station
Y

1
Hotan Station

unsteady flow analysis

- lower bound. cond.: obs. A

- upper bound. cond.: obs. 4 or O

J

Y

calibration of the model

with Manning's » adjusted

by comparing the comp. /
with the obs. A

non-uniform flow analysis
to establish a rating at lower bound.
- upper bound. cond.: arbitrary Q
- lower bound. cond.: normal or
critical depths

-

unsteady flow analysis

- upper bound.cond.: Q by rating
developed using meas. A-Q

\- lower bound.cond.: rating by non-unif. )

Y
4 N

calibration of the model
with Manning's n adjusted
by comparing the comp. A-Q
with the meas. A-Q

)

N

Y

verification
of the calibrated model

]

evaluation
of the rating

Figure 4-6 The procedure of the hydraulic analysis of the ratings at the

”» 13

Donghyang and Hotan stations, where “cond.”, “comp.”, “obs.”, “meas.”,

“bound” and “non-unif” stand for condition, computed, observed, measured,

boundary and non-uniform respectively.
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Figure 4-7 The modeled network in the HEC-RAS for hydraulic analysis of
the rating at the Donghyang station in Guryang stream.
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Figure 4-8 The hydrograph of the
flood at the Donghyang station,

Daeya-kyo, and Somti-bo station in
Aug., 2003.

Figure 4-9 The hydrograph of the
flood at the Donghyang station,

Daeya-kyo, and Somti-bo station in
Sep., 2003.
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Calibration of 1-D Unsteady Model for Rating Analysis
at the Donghyang Station in Aug. 2003

% obs. h-Q(2003)

5 | e rating KOWACO, 2004] *
I Quow (18-21 Aug. 2003, n=0.035)
4 4 b Q{1821 Aug. 2003, n=0.033)

A Quomp (18:21 Aug. 2003, n=0.031)

Stage (m)

refraction of rating
due to the Parshall flume

1 — Tt T & T T

0.1 1 10 100 1000
Discharge {m?/s)

Figure 4-10 The calibration results for the August flood (August 18 to 21, 2003)
at the Donghyang station. The rating /K-water, 2004] on the graph means the
rating developed in the previous study performed by K-water. in 2004.

Verification of 1-D Unsteady Model for Rating Analysis
at the Donghyang Station in Sep. 2003

6 r
obs. h-Q (2003)
5 rating [KOWACO, 2004] : €
PaS Qoo (18-21 Aug. 2003, n=0.031) *

4 - + Qe (11-15 Sep. 2003, n=0.031)
— 3
£
Q
(=]

P e e transition zone

2.4m~2.9m
0.1 1 10 100 1000

Discharge (m?/s)
Figure 4-11 The verification of the calibrated model for the September flood
(September 11 to 15, 2003) at the Donghyang station.

78

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



egan

R — - s
>'” N ™ dmﬁf

Geumgang basin

W

.,

ang ri’ixf’::m

Figure 4-12 The modeled network in the HEC-RAS for hydraulic analysis of

the rating at the Hotan station.
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Figure 4-13 The hydrograph of the
flood at the Hotan station in June,
2004. The discharge on the graph was
computed using the rating developed

in a conventional way.

Figure 4-14 The hydrograph of the
flood at the Hotan station in July,
2004.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Calibration of 1-D Unsteady Model for Rating Analysis
at the Hotan Station in June, 2003

4.0 ah7dt (mnhr)
N
35 " A
i s
© o i
3.0 - ol ot
. 251 : .
£ .
< Loop rating (remarkable
2.0 3 .
8 over 300m”/s: 2m 1n stage)
[72]
15 1
obs. h-Q (2004)
1.0 Qg,rmp (unsteady, June 19-26, n=0.049)
Q... (unsteady, June 19-26, n=0.046)
0.5 %~ Q,,,, (unsteady, June 19-26, n=0.043)
; 3 R =
£ — Q.o (non-uniform, n=0.046)
0.0 y T T T T T T T
0 200 400 600 800 1000

Discharge (m3/s)
Figure 4-15 The calibration results for the June flood (June 19 to 26, 2004)

at the Hotan station. The label on a point refers to the variation rate of the

stage when stage-discharge was measured.

Verification of 1-D Unsteady Model for Rating Analysis
at the Hotan Station in July, 2004
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Figure 4-16 The verification results for the July flood data (July 12 to 21,

2004) at the Hotan station.
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4.2.2 Rating Analysis Using Nonlinear Programming (NLP)

When a rating is represented with Equation 4.1 and 4.2, the concept of developing
a rating using optimization techniques is that the linear relation between Log(Q) and
Log(h-e) is dependent on the variation of the effective GZF, e: hence, the value of e that
results in the best linear relation can be searched for with the help of optimization
techniques.

In order to utilize this procedure, first the transition zones should be determined
visually on a logarithmic graph. If the transition zones plainly exist, a rating should split
into at least two segments. Next, the actual GZF should be obtained by field survey. This
value may be represented with a range of a lower (actual GZF oye,) and upper (actual
GZF pper) limits rather than a single value. The actual GZF should be greater than the
historical minimum stage and less than the transition zone. Once two values are
determined, the effective GZF e is optimized over the parameters of b and a under section
control, and then the remaining segments under channel or mixed controls are determined
optimally without any constraints. Finally, each segment is combined within the
transition zones to yield continuous rating. For a smooth connection, each segment needs
to be refined by adjusting e slightly within its allowable range. Figure 4-17 shows the
detailed procedure for this rating analysis.

In this study, if a rating needs to be divided into two segments, the obJ:ective
function is set up to maximize the sum of the two linear correlation coefficients (#secrion

control AN Fehannet conor) between Log(Q) and Log(h-e) in order to guarantee the best
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linearity (Equation 4.3). As the tool for optimization, the SOLVER that is embedded into
MS-Excel was used with its nonlinear optimization option. This optimization problem is

formulated as:

ObjeCtivefunCtion :F = max(rsection + rchannel);
control control

subject to,

bsection 2 20’

control (4 3 )
15 < bchannel < 20’
control
actual GZF,,,,, <e<actual GZF,,,,;

historical minimum /% < e < transition zone.

An optimized rating by Equation 4.3 is regarded as a single stage-discharge
relationship in steady state. If a hysteresis exists, the steady state rating should be
corrected to be loop-shaped. The best way to do this might be to apply the Saint-Venant
equations. However, this is so complicated that a simplified equation such as the Jones

formula is often used in practice [Ogink, 1994]:

1/2 1/2
Q" Z}“ASRZBS;/Z 1___}_% — : 1_i_a_}i :
n S, Ox S, Ox

where, O, is unsteady state discharge;
Q, 1s steady state discharge;
n is Manning's roughness coefficient, (4.4)
A, 1s flow area;
R 1s hydraulic radius;
S, 1s bed slope;

Oh/Ox is stage variation along distance, and approximated as follows :
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Oh 1 oh

— ~ ——— where, c is celerity;

Ox c ot
1 ah /2

hence, O, = Q. [1 + E—E] (referred to as Jones formula).
,C

In the Jones formula, it is very difficult to obtain //S,c practically: hence, it is often

approximated as a function of stage /Delft Hydraulics, 1994]:

——1—za1+(b1xh)+(clxh2) (4.5)
S c

o

1) Rating analysis at the Donghyang station

The ratings were evaluated from 2003 through 2005 in order to trace the yearly
shift of the physical parameters of e and b. Figure 4-18 to 4-19 show that the rating under
channel control was significantly changed before and after the flood in August, 2003.

Therefore, two ratings were developed, one before and one after the flood in 2003.

The transition zone for each period was identified visually on a logarithmic graph.
Figures 4-18 through 4-21 show the transition zone continued to move up and down. This
means the channel conditions were not stable due to the scour and deposition by the
floods occurred during the three years. Table 4-1 shows how the transition zones were
shifted year by year. One thing to be noted from this is that all transition zones are
contained in the range of the transition zone (2.4m to 2.9m) determined in the unsteady

flow analysis (Figure 4-11).

Because the Donghyang station has a Parshall flume (0.92m in height) downstream,

which serves as a natural control section, the actual GZF was obtained by subtracting the
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measured Parshall flume stages over 0.92m from the stages measured at the Donghyang
station at the same time (Table 4-2). Finally, the effective GZFs were optimized in each
period; however, the search of an optimal e to meet all constraints failed. This may be
explained by the fact that the man-made Parshall flume might disturb the natural stage-
discharge relationships. Hence, the optimization was made without the constraints for b.
The results are summarized in Table 4-4, and Figure 4-22 shows the developed ratings
with movement of e and the transition zone. Although the Parshall flume works as a firm
section control, the effective GZF varied due to the measurement error of the stage-
discharge. Therefore, the movements of the effective GZF and the transition zone may

not occur in the same pattern.

2) Rating analysis at the Hotan station

The ratings were evaluated from 2004 through 2005. Because the measured stage-
discharge data in 2004 were not sufficient to identify the hydraulic characteristics, the
analysis in 2004 was made along with the data in 2003. The transition zones were
identified on the basis of the results from the unsteady flow analysis, and confirmed
visually on a logarithmic graph. However, it was almost impossible to recognize the
transition zones without the help of the unsteady flow analysis due to the hysteresis of the
rating and lack of the measured data around the transition zones. Figure 4-23 and 4-24
show the transition zones stayed in the same place throughout two years. This is

summarized in Table 4-1.
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The effective GZFs were optimized with the constraints for the slopes (b) of the
lower two segments. The optimal GZFs to meet all the constraints were found in 2004
and 2005, and the results are summarized in Table 4-4. The results show that the effective
GZF moved down from -0.505m to -0.539m due to the big flood with the peak flow of
about 2,550m’/s occurred on August 3, 2005. This shift can work as a constraint in the

next period in the context of adaptive management.

Finally, the degree of the hysteresis was determined using the Jones formula. In
this study, the parameters of a/, b/ and ¢/ in Equation 4.5 were obtained indirectly from
the unsteady flow analysis results using the SOLVER optimization tool. The objective
function was formulated to minimize the summation of squared errors between the
unsteady flows by the HEC-RAS model and the computed discharges by the Jones
formula during the flood event in June, '2004. The parameters are shown in Table 4-3.
Figures 4-25 shows a 3-dimensional rating that is a function of /# and dh/dt, and Figure 4-
26 and 4-27 show the developed ratings in 2004 and 2005 with the unsteady state rating
by HEC-RAS. Figure 4-27 shows that the HEC-RAS results of 2004 are not consistent
with the results of 2005. This means the cross-section data surveyed in 2004 did not work
well in 2005 because of big changes in channel shape: hence, care must be taken in

applying the unsteady flow analysis in 2004 to another year.
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Figure 4-17 The procedure for rating analysis using an optimization technique.
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Table 4-1 Identification of the transition zones using the measured stage-

discharge data at the Donghyang and Hotan stations.

Station

Transition zone

Hotan

0.6~0.7 (lower zone)

1.3~1.4 (upper zone)

Period Donghyang
before the flood in Aug. 2.7~2.8
2003
after the flood in Aug. 2.65~2.75
2004 - 2.4~2.6
2005 - 2.55~2.65

Table 4-2 Identification of the actual GZF usiﬁg the measure stage-discharge

data at the Donghyang and Hotan stations.

87

Station Actual GZF
Year Donghyang Hotan
2003 1.5~1.75 .
No actual GZF because it was
2004 No actual GZF because the hard to identify a control
stages were not recorded in 2004 | ¢otion in the field.
2005 due to the trouble of the gauge.
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Figure 4-23 Analysis of the transition zone at the Hotan station in 2004.
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Figure 4-24 Analysis of the transition zone at the Hotan station in 2005.
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Table 4-3 The parameters in Equation 4-5 for
simplifying 1/S,c of Jones formula.

al bl cl
0.215 -0.0216 0.000

3-D rating at the Hotan station in 2004

3
Q (m’/
3000-) .
LT : 7
25000 S g
L : 0 O S0 Vg Wy B U
LT s
2000 .. M e e R A
Lo Ll LR P o e o
L e e e
LE N e e e s e e
: 5

1000 ...

508 ...

8.5

dh/dt (m/hr) o5 7 h(m)

Figure 4-25 The 3-D rating curve at the Hotan station in
2004. Q is the function of # and dh/dt.
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Rating analysis at the Hotan Station, 2004

Stage (m)

* obs. h-Q (2004)
e Qo = a(h-€)?
e Q. (DY JOnes formula)
= Qyeteary (DY HEC-RAS)

| N ! v
0 200 400 600 800 1000
Discharge (m3/s) 7
Figure 4-26 Rating evaluation the Hotan station in 2004, where, Qszeaqy refers
to the flow computed using the rating O=a(h-e)® developed through NLP,
which is considered steady instead of the Manning equation.

Rating analysis at the Hotan Station, 2005

8 _
*  obs. h-Q(2005)
747 = = Quuy =a(h-ep
Q.0 (bY Jones formula)

6 - Q,eteny (b HEC-RAS)
— 5
E
Q
g4
]
73]
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Figure 4-27 Rating evaluation at the Hotan station in 2005.
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Table 4-4 The rating developed with NLP at the Donghyang and Hotan stations.

Where, the slope for channel control (bepn.ri) Was determined when the effective

GZF for section control was optimized: hence, it is different from & of the rating

under channel control that is computed again after the optimal effective GZF was

obtained.

- , RatmgyNLPatthe Donghyang station

his.min. b b
year Rating r
h (m) (sec. ctrl) | (chn.ctri)
bef. | 0=21.071(h-1.679Y**°": h <2.70m 0.993
2.05 3.997 2.757
flood | 0=18.683(h-1.62)*5*: h =2.70m 0.978
2003
aft. | 0=12.948(h-1.59*""": h <2.66m 0.986
2.08 2717 2.741
flood | 0=22.833(h-1.79)*7": h =2.66m 0.973
0=38.135(h-1.63)>%* h <2.40m 0.978
2004 1.80 3.294 2.195
0=17.580(h-1.44)>*""; h =2.40m 0.977
0=16.276(h-1.65)**%": h <2.55m 0.927
2005 1.65 2281 2.463
0=21.722(h-1.75)**: b =2.55m 0.985

" Ratmg byNLP ’at('the

staﬁé’n " -

0=12.983(h+0.505)"%*°: b <0.65m 0.861
0=36.196(h+0.505)15%; 0.994
2004 0.42 7.299 2.0
0.65 <h <1.35m
0=32.476(h+0.351)**%* h 21.35m | 0.998
0=21.145(h+0.539)**% ) <0.65m 0.979
0=21.365(h+0.739)>*7: 0.998
2005 0.21 4,838 2.0
0.65 <h <1.35m
0=19.646(h+0.765)*>°: h =1.35m 0.999
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4.2.3 Rating Analysis Using Fuzzy Rule-based Modeling

Unlike the classical methods that are based on the hydraulic features of the ratings,
the fuzzy rule-based model is a typical data-driven method. Therefore, this approach does
not depend on the hydraulic characteristics of the rating, instead, it tries to recognize the
patterns between inputs and outputs. The only required data for a rating analysis by a
fuzzy inference system are the stage-discharge measurements. Basically, fuzzy rule-based
modeling can be considered a probabilistic approach because a finally combined fuzzy
set has a similarity to a probability distribution. However, its irregular shape makes the
parameters such as confidence interval and percentiles hard to determine. Therefore fuzzy
rule-based modeling was used as a deterministic-approach for this study.

The first step for fuzzy rule-based modeling is to generate a structure for the fuzzy
inference system (FIS), which is composed of input-output nodes with selection of the
number and types of input-output membership functions, the number and structure of
rules, and fuzzy and defuzzification methods. Once the structure of FIS is designed, the
next step is to extract some fuzzy rules from the observations and to train the FIS. The
training process is associated with the trade off between performance and overfitting.
After training, the trained FIS is tested using other independent data sets.

In this study, the ANFIS (Adaptive Neuro-Fuzzy Inference System) was used for
the rating analysis. The ANFIS is built into the MATLAB package as a toolbox developed
by Mathworks. When a FIS is trained using the counting algorithm [Bardossy and
Duckstein, 1995], the parameters of membership functions are tuned manually by the

user (considering overfitting). Meanwhile, the ANFIS tunes the parameters using either a
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backpropagation algorithm alone, or in combination with a least squared type of method
[Mathworks, Fuzzy Logic Toolbox User’s Guide]. These techniques provide a method for
FIS to learn patterns or relationships from inputs and outputs. The ANFIS is designed for
facilitating adaptive data modeling. Hence, a trained FIS structure can be saved in a user
specified directory and becomes a prior structure for the next modeling with different
data set. As constraints on the ANFIS (version 2.0), the software only supports a Sugeno-
type system [Mathworks, Fuzzy Logic Toolbox User’s Guide]:

The key issue in training FIS is overfitting. This is a phenomenon where the FIS is
dominated by a certain data set. Some methods such as cross-validation and early
stopping can be used to prevent overfitting. In this study, the cross-validation method was
employed. For this method, a checking data set is required to control the potential for
overfitting the data. The basic idea behind the cross-validation is that a model begins
overfitting the training data set after certain iteration during training, and the model error
for the checking data set tends to decrease until overfitting takes place, and then the error
suddenly increases. The cross-validation makes training stop when the model error for
checking data comes to a minimum [Mathworks, Fuzzy Logic Toolbox User’s Guide] .

The inputs were composed of stage, and the variation rate of stages in case a
hysteresis exists, and the output was always fixed to discharge. Figure 4-28 shows an
example of the structure for fuzzy rule-based modeling with three membership functions
for the inputs. Here, the rules are formed by combining the membership functions
between input nodes. Therefore, the number of the rules and the membership functions of
the output are nine, the same as in this example. Figure 4-29 shows how all the processes

work into a FIS for rating analysis.
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1) Rating analysis at the Donghyang station

Because the hysteresis was not considerable at this station, the input and output
nodes were composed of only stage and the measured discharge respectively. The rating
was analyzed using the stage-discharge data measured in 2003 when the unsteady
analysis was done. When the ANFISs for the rating analysis before and after the flood
that occurred on August 18, 2003 were trained, the stage-discharge data measured in
2002 and 2004 were used respectively as the checking data. Finally, the ratings were
simulated by the trained ANFIS using the evenly discretized stages ranging from the
recorded minimum to the maximum, and compared with the data measured in 2003. The
ANFIS was also compared with the counting and weightéd counting algorithms
programmed using Visual Basic for Applications (VBA) built into MS-Excel.

The training of the ANFIS was performed by changing the number and type of the
inpﬁt—output membership functions with the default fuzzy operators. The default fuzzy
opérators of ANFIS are: product operator for the ‘AND’ method and max operator for the
‘OR’ method in computing the degree of fulfillment; product operator for implication;
max operator for aggregation, and; weighted average for defuzzification. The
membership functions of stage were limited to the symmetric membership functions of
the generalized bell and the Gaussian types. In contrast, for training with the counting and
weighted counting algorithms, the length of rule support, the overlap size between rules,
and the threshold (¢) were calibrated manually. The type of membership function was
limited to the triangular fuzzy number for ease of computation.

Figure 4-31 and 4-33 show the training results for the stage-discharge data

measured before and after the flood in August respectively. They indicate that the ANFIS
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starts overfitting regardless of the type of the output membership function when the
number of the input membership functions exceeds three. The extreme cases of
overfitting are illustrated on the graphs. Contrary to general expectation, the checking
error did not increase significantly during 100 training epochs. Figure 4-30 and 4-32
show the calibrated parameters of the input membership functions before and after
training. From the comparison between the ANFIS and the counting-weighted counting
algorithms (Figure 4-34), it can be noticed that the ANFIS is much more robust than the
counting and weighted counting algorithms in that the two latter methods show very poor
results for the low and high stage-discharges. Figure 4-34 also shows that the weighted
counting algorithm is superior fo the counting algorithm. One thing that should be noted
is that the discharges simulated by the ANFIS were often negative when some low stages
were fed into the ANFIS. Such values were not contained in the training data set. This
fact indicates that fuzzy rule-based modeling has obvious limits in extending ratings

beyond the training data set.
2) Rating analysis at the Hotan station

Unlike the Donghyang station, the variation rate of stage was added to the input
nodes due to considerable hysteresis. The variation rate of stage at a time was obtained by
averaging the variation rates for the past two hours. The rating was analyzed using the
stage-discharge data measured in 2004. For analyzing the hysteresis of rating, the outputs
from HEC-RAS were added into the training data set along with the measured data in
2003 and 2004 because the measured data containing the information about hysteresis

were not sufficient. The stage-discharges over 100m’/s, where the hysteresis started, were

97

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



selected from the entire set of outputs computed by HEC-RAS using the flood data on
June 19, 2004. Therefore, the hysteresis was analyzed indirectly through replicating the
1-D unsteady model. For checking the model, the data measured in 2005 and the
simulated outputs for the flood on June 3, 2004 were fed into the system.

The training was performed by changing the number and type of membership
functions. Figure 4-36 shows that the ANFIS was trained satisfactorily with: the constant
output membership function, and; 4 and 2 gbell membership functions of the stage and
variation rate of stage respectively. It is also recognized that the ANFIS starts overfitting
regardless of the type of the output membership function when the number of
membership functions for the stage variation exceeds three. Figure 4-36 shows the
checking errors are less than the training errors. This is because the checking data set

contains only the stage-discharge data below 100m’/s. -
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Membership function Rule Membership function
of input node for rating analysis of output

................. =] Rule 2: If £ is low & dh/dt is
low then Q is very low;

input #1
stage: h

Rule 3: If & is low & dh/dt is
high then Q is low;

mput #2
dh/dt

Rule 9: If 4 is high & dh/dt is
high then Q is extremely high;

Figure 4-28 This shows an example of the structure of the fuzzy inference
system for rating analysis in the case of the three membership functions per
each input node. Where, % is stage (m), dh/dt is the variation rate of stage
(m/hr), O is discharge (m’/s), and the symbol 3 refers to aggregation of rules.
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1. Fuzzification 2. DOF 3. Implication

Input 1MF Input2 MF Output MF

MF of (low) MF of (zero) MF of
AI,I A],z emely low)
1

If h is low & dh/dt is zero then ( is extremely low;

If i is medium & dh/dt is low then Q is medium;

bl J

MF of (high) MF of (high) MF o
Ao Ags # (extremelphigh)
9 : © ’ ®
. —— — ===y, Combination
If h is high & dh/dt is high then QO 1s extremely high; RZ}Z éﬁ?ﬁigf,’ SZ{
1 T
h=32m dh/dt = 0.1 m/hr
Input1 Input 2

5. Defuzzification

O: M(B)=120 m’/s
Response

Figure 4-29 This illustrates how a FIS for rating analysis are operated in the case of
the three membership functions per each input node. Where, MF stands for
membership function, the symbol © refers to fuzzy operator, 4; and B; are the
membership functions of input-output, B’; is the reshaped B; by implication process,
M({(B;) is the mean of B’;, a is the combined fuzzy set of all rules, and M(B) is the mean

of B that is the final response by the defuzzification process.
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Figure 4-30 Variation of 4 input gbe/l membership functions before (prior) and
after (posterior) training using the data measured before the August flood at the

Donghyang station.

Training of Fuzzy rule-based model at the Donghyang station
(before the flood occurred on August 18, 2003)
{raining epochs

44 " ‘ - .

[ 20 40 60 80 190 440
@ h-Q data measured bef. the flood

4.0 - ————— 2 gbell input MFs & constant output MF 120
4 ———+——— 3 gbell input MFs & linear output MF

3.6 - 10 gbelt input MFs & constant output MF L 100

' £ checking err. with 2 gbeil & constant MFs

1 e training err. with 2 gbell & constant MFs

stage (m)
training & checking error

S A

discharge (m3/s)

Figure 4-31 Training of the ANFIS for the data measured at the Donghyang
before the flood occurred on August 18, 2003 by changing the membership
functions. The ANFIS was trained satisfactorily with the constant output
membership function and 2 gbell input membership function.
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Figure 4-32 Variation of 2 input gbel// membership functions before
(prior) and after (posterior) training the data measured after the August

flood at the Donghyang station.

Training of Fuzzy rule-based model at the Donghyang station
(after the flood occurred on August 18, 2003)
training epochs
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Figure 4-33 Training of the ANFIS for the data measured at the
Donghyang after the flood occurred on August 18, 2003 by changing the
membership functions. The ANFIS was trained satisfactorily with the

linear output membership function and 2 gauss input membership function.
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Comparison of training
between ANFIS and Counting & Weighted Counting algorithms
at the Donghyang station
before the flood occurred on August 18, 2003

4.4
| ® h-Q data measured bef. the flood
simulation of rating by ANFIS .
4.0 7 + (2 gbell input MFs & constant output MF) /7
N by Counting (9 input-output TFNs)
3.6 by Weighted Coun. (9 in-out TFNs)

stage (m)
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N
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1 10 100
discharge (m3/s)

Figure 4-34 Comparison of training between the ANFIS and the
counting/weighted counting algorithms at the Donghyang before the
August flood in 2003.
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Figure 4-35 Variation of 4 and 2 gbell membership functions of stage and
variation rate of stage respectively before (prior) and after (posterior)

training at the Hotan station.
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Training of Fuzzy rule-based model at the Hotan station
(for h-Q data measured in 2004 + the results of the unsteady analysis
for the flood during June 18-26, 2004)

20
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Figure 4-36 Training of the ANFIS on the data set containing both the data
measured at the Hotan in 2004 and the results from HEC-RAS for the flood
that occurred on June 19, 2004 by changing the membership functions.
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4.3 Probabilistic Approach for Rating Analysis Using Bayesian MCMC

In this study, the rating analysis was performed at the Donghyang and Hotan
stations with the help of the BMCMC sampling techniques currently experiencing an
increase in popularity in water resources and environment engineering. As a tool for the
BMCMC method, the WinBUGS package [Spiegelhalter et al., 1995], developed by the
Medical Research Council (MRC) and Imperial College of Science, Technology and
Medicine U.K, was used. The purposes of the study are:

i)  to analyze the uncertainties of ratings by deriving the probability distributions;

if) to screen the erroneously measured discharges that lower the reliability of

ratings on the basis of the derived probability distributions;

iii) to understand the behavior of the parameters as time goes by in the context of

adaptive management.

Assuming the observations are independent and the errors (& = Q-0 ") between
the observed (Q) and computed discharge (Q"*") are normally distributed with mean 0
and variance o, ratings can be analyzed in a Bayesian approach using likelihood with the
parameter vector Ogeas,={a,€b,Teadr}s Ounsicasy={a,€,b,a1,b1, Tynsicaqy} and their prior
probability distributions (Equation 4.6). If the data are actually dependent and assumed to
be independent, then the variances are going to be underestimated. This can create a
situation of over-confident inferences. One way to deal with this problem is to transform
the original data. However, the observed stage-discharge data can be considered
independent random variables because they are irregular time series and each observation

1s an independent and identically-distributed random variable.
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&=(0Q-0""¢) ~ Normal(0,5%);
(likelihood for rating analysis at the Donghyang station or for rating analysis
for the low flow [steady state] at the Hotan station)

(Q _Qsteady)Z
0 i —j—jz_—_ ’
p(Q| stea y) Hm [ 26 J

Q]steady — a(hj —6)b;

(4.6)

(likelihood for the hysteresis analysis [high flow] at the Hotan station)
(Q _ Q‘unsteady )2 J

p(Q | unsteady ) I | exp[_ 2
21 20
unsteady

QY = Q¥ « hysteresis _correction (i);

i

Qisteady — a(hl- . e)b;

1/2
3
hysteresis _correction(i)=|1 L o ;L =al+(blxh)+(clxh});
S,c; Ot S,¢;

(priors in initial stage) :

a paral para? )

2

a ~ Gamma(
b ~ Uniform(b™' ,b""?),
1

steady = 2
steady

,a

paral

T steady ®

TparaZ ),

~ Gamma(t steady

e~ Unlf-orm(epaml eparaZ);

censored with the following conditions :

< min{historical minimum £, lowest 4 of the measured /-Q data}

sectlon
control

(in case of positive e in the rating segment under section control);

-e < transition zone

channel
control

(in case of positive e in the rating segment under channel control);
al ~ Uniform(al?' ,al***);
bl ~ Uniform(b17""' ,p17"**);
cl ~ Uniform(c1? ,c17*);

1

paral para? ) .

~ Gamma(runxteady’ unsteady /

Tunsteady = 2
unsteady
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where, J and [ are the numbers of observations prepared for steady and unsteady state
rating analyses respectively; hysteresis_correction refers to the degree of unsteadiness
based on the Jones formula; p(Q|d) is the likelihood function, and; ‘para’ stand for
parameter. Figure 4-38 illustrates the graphical expression of Eq. 4.6 for the hysteresis
analysis at the Hotan station. The source code of WinBUGS is described in Appendix-A.

In the initial stage of modeling, the non-informative prior distributions were given,
based on the general information such as the range of » under channel and section
controls. The Uniform distribution was used for the parameters of e and b; and the
Gamma distribution was employed for the parameters of ¢ and 7 to ensure sampling
positive values. The parameters of a/, b/ and ¢/ were used and assumed to be distributed
uniformly in the case of a hysteresis analysis. The optimized parameters (Table 4-3) were
included in the support of the Uniform prior distributions.

Once the posterior probabilities of the parameters were obtained in the initial stage,
they were fed into the model as the prior distributions at the next stages. When the priors
were determined, only the types and the variances of the probability distributions were
borrowed from the posteriors. Then, the optimal parameters at a current stage were
determined using NLP, and considered the means of prior distributions. In Equation 4.6,
the effective GZF (e) was particularly censored because stages less than any positive e
are not theoretically allowed in the rating of Q=a(h-¢)”.

The detailed processes for rating analysis using the BMCMC are shown in Figure
4-37. The ratings were separated based on the transition zones, and the abnormally
measured data were excluded on the basis of the 95% confidence limit of the posterior

distribution for the discharges obtained at the previous time step. For smooth connection
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of the rating segments, the data included in the transition zones were added in each data
set for analyzing each rating segment. In order to utilize this procedure, Equation 4.6 was
coded using the programming language of the WinBUGS Software. When the model was
run, two chains of the parameters with 30,000 samples and 10,000 burn-in iterations were
generated with two different sets of starting points to check the convergence to a
stationary distribution. The MCMC diagnostics were based on the graph of history path,
autocorrelation of the chains, the Gelman-Rubin statistic R, and correlation between the

parameters. A sensitivity analysis for the priors was not performed.

1) Rating analysis at the Donghyang station

The main purposes of BMCMC analysis at the Donghyang station are: to trace the
variation of the parameters, especially the effective GZF (e); and to derive the probability
distributions of ratings for the purpose of screening the erroneous measurements. Hence,
the results were mainly compared with the results of NLP, and the analyses were
performed for the same data as applied to the NLP. Figure 4-39 through 4-42 show that
the results by the two methods were quite similar. Compared to NLP, the BMCMC can
provide the various confidence limits of the rating. Figure 4-43 shows the variation of the
effective GZF (e) over time from the uniform prior probability before the August flood in
2003 to the posterior probability in 2005. The noteworthy facts from the results are: the
variance of the parameter ¢ was decreasing in time even though the mean moved.
However, it was actually dependent on the degree of the measurement errors contained in
the data, and; the posterior probability was coming close to the Normal distribution.

The MCMC diagnostics were described in Appendix-A. Generally, the various

MCMC diagnostics for the segment under channel control were not stable compared to
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those of the segment under section control. This might be caused by the high
measurement errors of the data under channel control. The parameters of b and e did not

converge well, however, a and 7 converged satisfactorily on the whole.

2) Rating analysis at the Hotan station

The ratings were assessed for both low (steady state rating) and high (unsteady
state rating) flows identified centering on the stage of 1.35m with consideration of the
transition zone in Table 4-1. Unlike the case of the Donghyang station, the main purpose
of the study at the Hotan station was to confirm whether or not the BMCMC could
analyze the hysteresis using the Jones formula with the parameters of @/ and b/ in
Equation 4.5. Hence, the analysis results were mainly compared with the 1-D unsteady
flow analysis in 2004. The confidence limits of the rating by BMCMC can be essential
for identifying whether the measured data are acceptable or not especially at a place
where a hysteresis is pronounced. The parameters of a/ and b/ shown in Table 4-3 were
used as the means of the prior probabilities in the initial stage, and ¢/ was always fixed to
zero. Figure 4-44 shows that the BMCMC are more consistent with the observed data

than the 1-D unsteady analysis.

4.4 Comparison of the Methodologies and Conclusions

Rating analyses were performed in both deterministic and probabilistic ways at the
Donghyang and Hotan stations. For deterministic approaches, NLP, fuzzy rule-based
modeling and one-dimensional hydrodynamic models were employed, while the
BMCMC method was used for probabilistic modeling. For reflecting the hysteresis of

rating, the Jones formula was used.
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(a) Exploratory Data Analysis (EDA)
figuring out the optimal parameters using NLP
on the basis of the general information about
the parameters of rating under section and channel controls

Y

/ (b) Setting up the likelihood function
J 1 (Q _ Qrating)Z

p(Q|0)= expl ————

_1/1 N2rmo? 207

(c) Selecting the prior distributions
- non-informative priors in initial stage -
- informative priors driven from the posteriors
obtained in previous stage
(d) Screening the abnormally measured data

on the basis of the confidence limit of the posterior
\ distribution of Q in previous time stage //

Y

\
(e) Performing BMCMC for acquisition of
- posterior probabilities of parameters (a, e, b, al, bl, tau)
N probability of the discharges (Q) )

L]

(f) Checking & sensitivty analysis
- model dignostics

-~

- MCMC diagnostics
(historical path/autocorrelation/Gelman-Rubin
k statistic/correlation between parameters) J
4 * N
(g) Inference
\. J

Figure 4-37 The procedure of Bayesian data analysis.
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Figure 4-38 The graphical expression of the probabilistic modeling by
BMCMC for analyzing the hysteresis at the Hotan station. Qsteady and
Qunsteady stand for the steady state and unsteady state discharges
respectively; hysteresis_correction is the degree of unsteadiness; Q is the
measured discharges; 2 and dh/dt are the stages and stage variation rate in

time, and; fau_unsteady 1S Tunsteady-
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Comparison of the results between BMCMC and NLP
for the data bef. the August flood in 2003 (Donghyang)

* obs. h-Q (bef. Aug. flood, 2003)
4 4| ~-——— rating by BMCMC
- rating by NLP
95% confidence limit (BMCMC)
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Figure 4-39 Comparison of the results between BMCMC and NLP at
the Donghyang station for the data before the flood in August, 2003.

Comparison of the results between BMCMC and NLP
for the data aft. the August flood in 2003 (Donghyang)
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Figure 4-40 Comparison of the results between BMCMC and NLP at
the Donghyang station for the data after the flood in August, 2003.
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Comparison of the results between BMCMC and NLP
in 2004 (Donghyang)
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* obs. h-Q (2004) 75
74
5 4 rating by BMCMC y
................... rating by NLP 4
95% confidence limit (BMCMC)
4 -
-— 3 T
E
[
=
o]
w
2 -
1 T 1T T777 T T — T T VT
0.1 1 10 100 1000

Discharge (m3s})
Figure 4-41 Comparison of the results between BMCMC and NLP at the
Donghyang station in 2004.

Comparison of the results between BMCMC and NLP
in 2005 (Donghyang)
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Figure 4-42 Comparison of the results between BMCMC and NLP at the
Donghyang station in 2005.
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Variation of the PDF of e at the Donghyang station
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Figure 4-43 The variation of the parameter e at the Donghyang station.

Comparison between BMCMC and 1-D Unsteady Model
for the Rating Analysis at the Hotan Station in 2004
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Figure 4-44 Comparison of the results between BMCMC and 1-D
unsteady flow analysis at the Hotan station in 2004.
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The comparison of the results was made at the Donghyang station in 2003 and at
the Hotan station in 2004 where all four methods were used. For determining the most
appropriate alternative in this study, the comparison of the models was based on both
quantitative and qualitative aspects. However, although the quantitative comparison is
very straightforward, this method has some problems in this case study: First, the
goodness-of-fit depends on the degree of calibration. For example, the rating analysis by
fuzzy rule-based modeling with many membership functions assures the least errors (see
Figure 4-45); second, the measured discharge data are generally highly uncertain as
reviewed in the previous section: hence, it is not so meaningful to assert that a method
that is the best in terms of goodness-of-fit i1s the most appropriate because the hydraulic
features of ratings might be lost.

Figure 4-45 and 4-46 show the comparison of the four methods at the Donghyang
and Hotan stations respectively. In figure 4-45, the RMSE (root mean square error) for
the 1-D unsteady flow analysis was not computed because the measured data did not
match the values computed by the HEC-RAS exactly. In conclusion, NLP and BMCMC
gave almost the same results, and the simulated values were consistent with the measured
data on the whole. Meanwhile, it turned out that the fuzzy rule-based modeling and 1-D
unsteady flow model showed very poor results around the low flow. If the Manning’s
roughness coefficients are calibrated more sophisticatedly by dividing a low flow domain
into a couple of sections, this problem may be lessened. However, this may not be
parsimonious in terms of the number of parameters. The features of each method can be

summarized from a qualitative perspective as:
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1. The remarkable advantages of the unsteady flow model are to be able to derive
the loop rating almost exactly and to offer information for discerning the transition zones.
If the cross-section data exist, the basic features of the rating should be examined by
doing the unsteady flow analysis first. For extending existing ratings, this method
provides a very reliable solution. As a drawback, this method may fail to represent the
ratings for low flows under section control because of intermittent occurrence of
numerical errors and divergence of the solution with low flows.

2. In the NLP method based on the classical rating analysis, it is very easy to
reflect the hydraulic features such as the effective GZF, the slopes of rating segment and
the changes of flow control in ratings. Furthermore, the process by this method is
relatively simple. In order to take the hysteresis into account, supplementary methods
such as the Jones formula should be employed. As the disadvantages of this method, it is
difficult to obtain the uncertainties of both the rating and the generated flows.

3. The fuzzy rule-based modeling may be the most excellent in terms of the
goodness-of-fit because it is capable of fitting to the data perfectly. This indicates that it
1s easy to get trapped into overtraining. As the typical disadvantages of this method: it is
not easy to apply to real problems and embed into a decision support system for rating
management because a finally trained FIS is a black box; it is difficult to get the
information about uncertainties of the rating, and; the hysteresis may not be reproduced
satisfactorily because the training of FIS requires lots of measured data containing
information about the hysteresis, which is not generally available.

4. In contrast to the above three methods, the BMCMC works in probabilistic way.

This method might be the most reasonable theoretically in that it can offer a rating with
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its uncertainty and incorporate the prior information into a model. Furthermore, 1t can
also reflect the hysteresis using the Jones formula. However, it is very difficult to apply

practically. This might make engineers reluctant to apply it to real problems.

From the above reviewed features of the four methods, a hybrid method that
combines the advantages of NLP and BMCMC could be recommended as a good
alternative. After obtaining the posterior probabilities for the parameters using the
BMCMC and screening the abnormal data, the rating can be refined using NLP with
constraints based on the confidence limits of the parameters derived by the BMCMC
analysis. Furthermore, this hybrid approach might be the best for evaluating ratings in
case the measurement errors a;re high in that it can overcome its susceptibility to errors by

introducing the prior information of the parameters.
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Comparison of all ratings by the 4 methods
at the Donghyang Station before the August flood, 2003
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Figure 4-45 Comparison of all results by the 4 methods at the Donghyang
station before the August flood in 2003 (log and normal scales), where Fuzzyl
and Fuzzy2 are the results by the ANFIS with normal training and overfitting
(see Figure 4-31), and RMSE stands for root mean square error.
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Figure 4-46 Comparison of all results by the 4 methods at the Hotan
station in 2004 (log and normal scales).

119

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 5

RESERVOIR INFLOW FORECAST USING STOCHASTIC

ARTIFICTAL NEURAL NETWORKS WITH BAYESIAN

MCMC AND NONPARAMETRIC METHODS

Hydrologic time series analysis is focused on both simulating long term synthetic
flow sequences in streams or man-made reservoirs and forecasting the near future for
controlling water resources systems. Elaborating on the differences between simulation
and forecast of flow sequences, the simulation process tries to generate sequences that are
statistically similar to the historical record [Sharma et al., 1997], and goodness-of-fit of a
model is assessed by the degree that marginal probabilities of synthetic sequences are
close to those of observed sequences. On the contrary, forecast of future states is a
process to come up with the expectations recursively from the conditional probabilities
for a predefined lead time given the current situation. In addition, the forecast process can
be updated successively in an adaptive way whenever new data set is obtained: hence, the
success of forecast models is absolutely dependent on the degree that uncertainties in the
forecast results are small during lead time. This is assessed afier acquisition of new data

sets. Figure 5-1 and 5-2 illustrate the above mentioned differences of the two approaches.
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Because this research was motivated by risk-based and adaptive management of
water resources, the study was performed with emphasis on developing probabilistic

models. The objectives of the study addressed in this chapter are:

i) to develop monthly reservoir inflow forecast systems using: stochastic
artificial neural networks with Bayesian Markov chains and Monte Carlo
sampling techniques denoted as stochastic-ANN or ANN+BMCMC; and two
nonparameteric time series modeling methods consisting of the kernel density
estimate (KDE) and the k-nearest neighbor (k-NN);

if)  to determine a recommended model by comparing the models in terms of ease
of application, goodness of fit, and ease of incorporation into a decision
support system for water resources management;

iii) to determine whether or not &~-NN modeling can be employed practically for
daily inflow forecasts, and; whether or not it can provide an option compared
to physical rainfall-runoff models for the short term operation of water

resources systems.

The algorithms of these three modeling techniques are described in Chapter 3 in
detail. The research was performed using a case study of the Chungju multipurpose dam
and its reservoir located in the Han River basin. The Han River basin, which has the
largest basin area in south Korea, is located at the center of Korean peninsular (36°N 30’
~ 38°N 55” and 126°E 24’ ~ 129°E 02°) and its area (26,219 km?) accounts for about
26% of the whole area of South Korea (99,237 km?). The length of the basin is 467.7 km.
The Chungju multipurpose reservoir was constructed by K-water for the purposes of

water supply for domestic use, industry, irrigation, power generation, and flood control.
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The construction was initiated in June 1978 and finished in October 1986. The main
features of the basin, dam and its reservoir are summarized in Table 5-1. The outline of

the inflow forecast modeling is summarized in Table 5-2.

Table 5-1 Main features of the Chungju dam basin and reservoir.

. Description

(a) basin area : 6,648 km®
(b) average inflow a year: 158.5 m’/s

Basin : .
: (c) average rainfall a year : 1,111.4 mm
(d) yearly amount of water supply : 3,380*10°m’
(a) dam type : concrete gravity type
- (b) height (dam crest) : 97.5 m (EL.m 147.5)
Dam & (c) length:447 m
(d) total storage capacity : 2,750*10°m’

~ Reservoir
‘ (e) flood control capacity : 616*¥10°m’
(f) power generation capacity : 412.0%10° kw

Table 5-2 Summary of reservoir inflow forecast modeling.

Monthly forecast =~ |  Daily forecast
Stochastic-ANN
Methods KDE k-NN
_______ e NN
Model . Lag-p to Markov chain model
, Lag-1 Markov chain model ) .
_\__Er_c_:*}wlﬂljggglﬂ‘i_ with exogenous variable
_____ ,_ ngl_q_fi_g}g : 1 month 1 day
 Historical
L 1917~1940, 1956~2005 (74 years) 1986~2005 (20 years)
record period
__ IStochastic-ANN: MATLAB, WinBUGS
Programming|
KDE: “R” package VB-Excel
language
k-NN: VB-Excel
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Ensemble of flow sequences
_/\_ Monthly marginal probability

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 5-1 This shows an example of simulation of monthly flow sequences.
With numerous generations of flow, the marginal probability of each month can
be determined and the statistics of simulated and observed sequences are

compared by month.

(with 1 month leading time & recursive learning)

e forecast from conditional probability
A observation

_/,"'\L monthly conditional probability

&—A  Observation path
&--@  Forecast path

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 5-2 This shows an example of monthly flow forecast. With recursive
learning of forecast models in every month, forecast is made recursively based on

a conditional probability given the observations in previous time periods.
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5.1 Monthly Reservoir Inflow Forecast for the Chungju Reservoir

5.1.1 Basic Statistics of the Monthly Inflow and Model Determination

As summarized in Table 5-2, the modeling for the monthly reservoir inflow
forecasting was performed with a lag-1 autoregressive model using three methods. The
forecast lead time is one month considering that observations are updated at the end of
every month, that is, the forecast was updated every month. Figure 5-4 shows the
autocorrelation function at this site, which indicates that the basin has very short memory
in terms of temporal inertia of hydrologic features. From the autocorrelogram, it can be
concluded that a time series model with lag-1 autoregressive term is sufficient to describe

the temporal dependence relationships.

Figure 5-3 refers to the time series plot of the monthly inflow in the Chungju
reservoir for 74 years from 1917 to 2005. Table 5-3 and Figure 5-5 show the basic
statistics and box-whiskers plot of the historical monthly inflow in the Chungju reservoir.
Figure 5-5 also shows temporally high variation of the hydrologic features with outliers
beyond the 97.5 and 2.5 percentile inflows. Figure 5-6 shows the monthly marginal
probabilities with kernel density estimators, which indicate this site has the probabilistic
features of high variance and skewness, and an irregular distribution shape with multi-
modality especially in July. Figure 5-7 shows the pairwise scatter plot in each month with
smoothed lines by the locally weighted scatter plot smoother (LOWESS) that represents
conditional expectations E(x;|x; ;). It indicates, along with the autocorrelation function in

Figure 5-4, that the temporal dependence relationship of lag-1 is very weak except for the
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pairs of January-February and November-December, and hydrologic events are highly

random in time.

In order to evaluate the forecast ability of the three models, first of all, they were
calibrated using 66 years of historical records from 1917 to 1997 with 3 years test data set
from 1998 to 2000. The models were validated for 5 years of data from 2001 to 2005. For
calibration, a trade-off analysis was employed between two contradictory factors such as
bias-variance and the residuals between the calibration and test data sets. For statistical
inference of the simulated inflows, 100 sets of 1,000 samples were drawn iteratively in

every month in this study.

Time series Plot for Monthly Inflow in Chungju Res.

EE '
= N
W T T T T T
0 200 400 600 800
Month

Figure 5-3 Time series plot of the monthly inflow in the Chungju reservoir for
74 years from 1917 to 2005.

ACF for Monthly Inflow in Chungju Res.
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e g: [:,:‘1:,]2......”» ___...I._:_L.,.l..’..l
! ] ” b
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Lag
Figure 5-4 Autocorrelation function of the monthly inflow in the Chungju

reservorr, used for identifying model architecture.
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Table 5-3 Basic statistics of the monthly inflow in the Chungju reservoir.

statistics :
mean 28.0 31.2 80.7 178.9 121.0 124.3
variance 217 704 4209 15928 6314 15980

skewness 0.88 2.85 2.18 2.00 1.06 231
W Aug Sep  Oct  Nov  Dec

mean 559.6 38?6—.—1 2929 86.0 54.4 39.7
variance | 135894 92181 62148 4088 1005 477
skewness 1.13 1.84 1.66 2.04 1.72 1.29

' statis'ficys”' .

Boxplot for Monthly Inflow in the Chungju Reservoir
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Figure 5-5 Box and whiskers plot of the monthly inflow in the Chungju
reservoir for 74 years.
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Figure 5-6 Histogram with Kernel density estimators of the monthly

inflow in the Chungju reservoir for 74 years.
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Figure 5-7 Pairwise scatter plot of the monthly inflow in the Chungju

reservoir for 74 years with LOWESS (the locally weighted scatter plot

smoother).
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5.1.2 Monthly Reservoir Inflow Forecast Using a Kernel Density Estimate

As reviewed in Chapter 3, the basic idea of time series modeling using a KDE is to
derive a conditional probability density function (Equation 3.8) from joint and marginal
PDFs using kernel functions. In this study, a lag-1 forecast model using a kernel density
estimate is developed for the monthly inflow in the Chungju reservoir. The KDE forecast

model was developed using the “R” statistical package.

Figure 5-9 shows the flowchart for the forecast modeling using a KDE. As it is the
same in every modeling approach, a significant amount of work may be required for
calibration of model parameters. The parameters of the forecast model with KDE are the
scaling factors (N) of band width by month. However, the monthly values were into a
single lumped scaling factor in this study. According to Silverman (1986), the bias-

~ variance trade-off plays an important role in choice of band width, which indicates that
the smaller the band width is, the less the bias is and the higher the variance is because
this can result in a rough density estimate. In this respect, the model can be calibrated
over the band width matrix / by adjusting A in Equation 3.18 to minimize the least
square cross validation (LSCV) function in Equation 3.20. As another approach, the

asymptotic optimal Nin Equation 3.19 that Silverman (1986) gave can be applied.

Because the study put an emphasis on the inflow forecast, the model was calibrated
using a cross-validation technique with a test data set by adjusting A around the

1/6

asymptotic optimal A (=0.494=69 ). First, the available historical data were divided

into three subsets as shown in Table 5-4: calibration (or training) set, test set and

validation set. The errors on the test set were computed along with those on the
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calibration set. The bias-variance trade-off was reviewed with the errors between the
expectation of simulated inflows and observed ones regarded as biases. Figure 5-8 shows
the calibration result and bias-variance trade-off with the biases and variances of two data
sets normalized to the same scale of 0 to 1. Contrary to general expectations, the
relationship of tradeoff between bias and variance was not consistent over a A\ value of
0.4. However, it can be noticed that the mean errors of the calibration set and test set
maintain a distinct trade-off relationship over a Arange of 0.2 to 0.7, and the error of the
test set increases steeply beyond A of 0.7. In this respect, the parameter A = 0.4 was
chosen finally, on which the two lines of the calibration and test errors cross and the

variances are smallest.

Once the parameter A was determined, the next step is to review the marginal
probability for each month and the bivariate joint probability for each pair of sequential
months. While this step is not necessarily required in the modeling process, it helps
understand the shapes of all conditional probability distributions in terms of
multimodality and skewness. Figure 5-10 shows the bivariate joint probability in contour
and surface plots with a scatter plot of the historical record in December and January,
determined using Equation 3.21 and 3.22. In the graph, the smoothed line represents the
conditional expectations FE(x|x,.;) of the historical record, which are estimated by
LOWESS. The rest of the monthly marginal and joint probabilities are described in

Appendix B.

After reviewing the marginal and joint probabilities, the remaining process is to
determine the conditional probability distribution for every month, and to sample from it.

For statistical inference of the simulated inflows, 100 sets of 1000 samples were drawn
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iteratively in every month using Equation 3.23, and the statistics such as mean and
variance were computed. During sampling, any negative simulated inflows were
discarded: hence, the conditional probability may be censored. Figure 5-11 shows the
conditional probability in January, 2001 with mean of 19.7 m’/s, conditioned on the
inflow of 14.44 m®/s in December, 2000. This conditional probability is actually a slice,
which is formed by cutting the joint probability distribution in Figure 5-10 along the
conditional inflows in December. The same process was repeated sequentially to the end

of the forecast period. The final results were compared with those by the other models.

Table 5-4 Data sets for calibration and validation.

Calibration data set 1917 ~ 1997 (67 years)
Test data set 1998 ~ 2000 (3 years)
Validation data set 2001 ~ 2005 (5 years)

Calibration of KDE Model with Cross-Validation

----------- mean err(calibration set)
mean err(test set)

0.8 }| —¢— variance(calibration set)
—e— variance(test set)

09 ¢

0.7 }

0.6 }

0.5 }

variance

04 }

normalized mean error &

0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

scaling factor of band width

Figure 5-8 Calibration of the KDE forecast model over A where ‘mean err’

means the averaged error between the observed and computed inflows.
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Preparing 12 sets of bivariate sample X, ./ =(x;, x;7/)
from the historical dada (7=1..12; i = 1..n years)
v
Starting forecast in month 7, year m
v

Determining A; using Eq. 3.19 or 3.20, and H; of 7month
¥

Y

KDE (Eq. 3.22) of X;.; for n years
: (not necessarily a required process for estimation of X;. )

........... %
Determining conditional KDE (Eq. 3.23) of X; in a form

of a general univariate KDE with Gaussian kemel
function (Eq. 3.16):
- evaluating w; and b; over data points (i=1..n years)

v

Simulating iteratively X;

- initializing by picking up x,; from its marginal
distributiin or historical record at iteration j/=0

- generating a random U from Uniform distribution

- sampling an b; corresponding to obserbation x;; with

cumulative w;= U

- simulating positive x;; using Eq. 3.24 ; j=j+1
\Z
T=7+1
(if =13, then 7=1 and m=m+1)

Figure 5-9. The flowchart for lag-1 monthly forecast model with KDE, where 7,
i, m, and j mean index of month, year into the historical record except the
forecast data set, year of the forecast data set, and sampling iteration number

respectively.
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Figure 5-10 Joint probability of the inflow in contour and surface with a
regressed line by the robust locally weighted regression and smoothing scatter
plots (LOWESS) that represéntst the conditional expectations FE(xx;.;) in
December and January in the Chungju reservoir, determined using KDE.

Conditional Probability of the simulated inflow
in the Chungju reservoir in January, 2001
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Figure 5-11 Conditional probability of the forecasted inflow determined using
a KDE in January, 2001 in the Chungju reservoir, conditioned on the inflow of
14.44 m*/s in December, 2000.
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5.1.3 Monthly Reservoir Inflow Forecast Using a k&~-NN Density Estimate

As reviewed in Chapter 3, the basic idea of time series modeling using a k-NN
method is to find the historical nearest neighbors of a current feature vector and resample
with replacement from their successors using bootstrap and kernel functions representing
the extent of similarity of the neighbor to the current feature vector. In this study, a lag-1
forecast model using a £-NN density estimator was applied and compared to the historical
record. The same modeling processes and conditions such as grouping the historical
record into three sub data sets for calibration, test and validation of the model as those for
the KDE model were folldwed. The kemnel function K(-) described in Equation 3-14 was
used here. The A-NN forecast model was developed using Visual Basic for Applications

(VBA) built into MS-Excel.

Figure 5-12 shows the flowchart for programming a forecast model using a A&~-NN
density estimate. Like the KDE modeling, the calibration was performed over the model
parameter first, the only parameter of the model is k. Likewise, a lumped k parameter was
applied equally in every month in this study. The model was calibrated using cross-
validation techniques by adjusting k& from 5 to 60 around the ad hoc prescriptive choice of
k =n"? (=8), where n means the total number of the data points of a monthly calibration
data set (66 years from 1917 to 1997). Figure 5-13 refers to the calibration result and
bias-variance trade-off with the biases and variances of two data sets normalized in the
same scale of 0 to 1. Unlike the KDE model, the relationship of bias-variance trade-off

was consistent, and the biases of two data sets show a good trade-off. From Figure 5-13,
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it can be noticed that striking a balance between the bias and variance of the calibration

set happens around & of 15: hence, the parameter £ was determined to be 15 in this study.

The results by A-NN were compared with those of the KDE and the stochastic
ANN (described in the next section). As one may guess, the remarkable advantage of -
NN modeling is that it is very easy to implement in computer programs. This fact
indicates that it can be incorporated and assimilated directly into a decision support
system for water resources management. This idea was embodied and applied to the
reservoir optimal joint operation in the Daecheong and Yongdam reservoirs in the next

chapter.

5.1.4 Monthly Reservoir Inflow Forecast Using Stochastic Artificial Neural

Networks with BMCMC

Artificial neural networks have attracted great attention along with fuzzy rule-
based modeling in simulation and forecast of hydrologic, hydraulic and environmental
variables including rainfall-runoff, water qualities such as BOD and DO, and time series
analysis of precipitation, water level and stream flow [Maier and Dandy, 2000]. In
general, ANN has been applied in practice with the backpropagation training algorithm

and multi layer feed forward network.

The challenges in applying ANN may be summarized as avoiding trapping in local
minima, improvement of convergence speed, avoidance of overtraining, identification of

the ANN structure, and incorporation of uncertainty into ANN models.
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(1) Reading all historical record by month with
defining discrete kernel function K(-) for resampling

Y
Starting forecast in month 7, year m

¥

(2) Identification of the current feature vector

(If the prediction time is January in a certain year, it is the

A 4

inflow right before January in previous year under a lag-1
Markov chain model.)

¥

(3) Iterative computation of Euclidian distance between

the current feature and a historical feature vector

I

(4) Sorting the historical feature vectors in ascending

order in terms of Euclidian distance with the historical
successors, and

(5) Identification of k nearest neighbors from the
historical record excluding the forecast data set

i

(6) Resampling randomly

- Generation of uniform random value (U)

- Sampling from the successors of k&-NN using K(-) with U

Y
7=7+1: if 7=13 than 7=1 and m=m+1
Y

(7) Statistical inference

Figure 5-12 The flowchart for programming the forecast model using A-NN
density estimate, where 7 and m mean index of month and year of the forecast

data set.
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Calibration of A-NN model over k
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Figure 5-13 Calibration of A-NN forecast model over & with cross-
validation technique.

Among the above difficult challenges, the biggest issues may be the first and last ones
in terms of technical difﬁculty. In order to come up with solutions to the first problem,
a lot of efforts of employing global optimizati(;n techniques instead of local search
algorithms have been made, and the genetic algorithm has gained popularity as a tool
for global optimization [Hassoun, 1995]. As for the last matter, ANNS in the field of
water resources have been almost exclusively deterministic until now. The most
promising method may be to employ a Bayesian Markov chain Monte Carlo
(BMCMC) sampling technique in the training process to address network weights

randomly.

In this study, the monthly forecast model was developed and evaluated using

conventional ANNs and BMCMC as a training tool. This method is parametric,
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nonlinear, and Gaussian if the residuals are assumed to be distributed normally. This is
true since the nonlinear models are expressed by ANNs with the weights of nodes, and
the likelihood function is composed of parameters from a certain type of probability
density function. In this context, the stochastic ANN models are completely contrary to
the nonparametric approaches. One may doubt that stochastic ANN models make a
difference as compared with conventional time series models such as ARMA.
However, conventional time series models do deal with their parameters

deterministically while stochastic ANN models do.

Figure 5-14 represents a flowchart for establishing a stochastic ANN forecast
model. Like nonparametric modeling, 12 sets of bivariate samples, X;~; = (Xj5 Xir1)
were prepared from the historical dada (7= 1..12; i = 1..n years). Then, a deterministic
ANN forecast model was developed using the MATLAB neural network toolbox for the
purposes of determining the best architecture of the ANN and the optimal weights of
the ANN by month. Once the network architecture and the weights were obtained, the
weights were fed into a stochastic ANN as the means of the prior probability
distributions for the network weights assuming a normal distribution. In this study, a
stochastic ANN forecast model was developed by month using the WinBUGS
described in Chapter 4. The sampling process for statistical inference was the same one

used for the other two nonparametric models.
(1) Establishment of a deterministic ANN model

In this study, the deterministic ANN model was designed with a feedforward

neural network composed of one hidden layer. The number of input and output nodes
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should be one as long as a first order Markov chain is employed. The types of transfer
functions in the hidden and output layers were fixed to the tangent sigmoid and linear
functions respectively. For a training algorithm, the scaled conjugate gradient
algorithm known to be very good at general purpose training was employed, which is
one of many algorithms installed in the MATLAB neural network toolbox. The training
epoch size was fixed to 5,000, and stopping criterion for generalization of the ANN
was early stopping within the epoch size. The connection weights were initiated
randomly. The model performance was measured using mean error (ME). The training
data were not normalized considering complexity entailed in dealing with

normalization in the stochastic ANN model.

The most strenuous processes of ‘the deterministic ANN model may be
determining the number of hidden nodes and training the connection weights between
-networks in every month. The number of the hidden nodes (regarded as the maximum
number of nodes) was determined only for the ANN model in December (7=12) using
a cross-validation technique for simplicity. Finally, they were tuned by month. Figure
5-15 and 5-16 refer to the calibration results of the ANN model in December with five
different numbers of hidden nodes. The MEs were normalized in the same scale of 0 to
1 for clear comparison between training and testing. Figure 5-16 shows that as the
number of hidden nodes increases, the ME of the training data set decreases. However,
the ME of the test data set increased suddenly over four hidden nodes. In this respect,
four hidden nodes should be chosen normally to implement the first order Markov
chain model for the Chungju reservoir. However, the number of hidden nodes was

limited to one or two in this study to provide easy execution of the stochastic ANN
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with the BMCMC approach and to create a parsimonious model. In the end the
network architectures illustrated in Figure 5-17 ended up with one hidden node in
January, April, May, June and September, and two in the other months. The details in

association with the deterministic modeling are summarized in Table 5-5.
(2) Establishment of a stochastic ANN model

The same network architectures as the deterministic model were applied for the
stochastic ANN model. Considering the lead time of one month, the model was
developed independently in every month without forming a Bayesian network where
all months are linked sequentially. However, it would be more convenient to establish
a Bayesian network than monthly individual models in the case of lead time more than
one month. Compared to the KD-E and A~-NN models,‘ the main difference is that the
stochastic ANN model 'employed temporally distribufed parameters in that the
parameters were treated individually by month, while the KDE and A-NN models were

based on monthly lumped parameters.

The monthly stochastic ANN models with 2 hidden nodes were run for
generating the inflow series with the help of Bayesian MCMC. Assuming the
observations are independent, and the residuals between the observed (Q°*) and
simulated inflow (Q*"") are normally distributed with mean 0 and variance ¢°, the
posterior probabilities of the parameter vector §={w;, wj, w;, wy, b;, by, b3} defined in
Figure 5-17 can be described by combining the likelihood function and the prior

probability distributions of § using Bayes’ theorem. Once the posterior probabilities of
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the connection weights are obtained, the posterior predictiv.e distribution of the inflows

can be generated with the validation data set.

Equation 5.1 represents the detailed structure of the model, where n is the
number of years in the historical record; p(Q|8) is the likelithood function of the
parameters; ‘Normal’, ‘Gamma’ and ‘para’ mean the Normal, Gamma distributions
and their parameters respectively. The parameters of w; and b; were assumed to be
distributed normally, and the parameters trained in the deterministic ANN model were
considered as means, which indicates the informative priors. The Gamma distribution
was employed for the variance of the likelihoéd function with uninformative priors to

ensure sampling positive values.

In order to embody this modeling, Equation 5.1 was coded using the
programming language installed in the WinBUGS,‘ When the model was run, two
chains of the parameters with 20,000 samples and 10,000 bum-in iterations were
generated with two different sets of starting points to check the convergence to a
stationary distribution. Figure 5-18 refers to the pairwise scatter plot of the training
results by the deterministic ANN model and the stochastic ANN model in each month.
It shows that the means generated by the stochastic ANN model reproduced the results
by the deterministic ANN model almost equally. The stochastic model shows a
difference from the deterministic model in that it offers probability distributions. The
MCMC diagnostics were based on the graph of history path, autocorrelation of the
chains, Gelman-Rubin statistic R, and correlation between the parameters. The MCMC

diagnostics were performed for the model in December when the structure of ANN
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model was determined, and described in Appendix B. These show that the parameters
of w, and b, are highly correlated: hence, this leads to very poor convergence. The

detailed results were compared with those by nonparametric models in the next section.

£ =(Q" - Q™) ~ Normal (0,6%);

A likelihood function :

(Qobs _ QANN)
p(016) = H \/_ exp[ S 7 =1..12; (5.1(a))
NN 1- e—Z(WLXQiO,];‘V—N’bl) 1— (WzXQz - |"'bz)
. = -+ + b .
Qz,r LE 1+ e—2(w1><Q,f"fl+bj W l+e (wsz b +b, ) 32
B. prior probability :
w ~ Normal(w?™ ,w"**);
5.1(b)
b ~ Normal(b"" ,b****), (5-1(6))
~ Gamma(a, f);
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Figure 5-14 The flowchart for establishing a stochastic ANN forecast model,
where 7, i, and m mean index of month, year of historical record except the

forecast data set, and year of the forecast data set respectively.
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Figure 5-15 Calibration of the ANN deterministic model over the
number of hidden nodes using cross-validation in December.

Determination of the number of hidden nodes
in the deterministic ANN model in December

wilims MEAN error(test)
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normalized mean error
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Figure 5-16 Determination of the deterministic ANN model structure
over the number of hidden nodes in December.
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Table 5-5 Configuration of the deterministic ANN forecast model.

) Transfer
Network architecture ]
Function .
.. Epoch | Stopping
Number | Number of | Training ) . O Data
Hidden | Output size | criterion
type | of hidden hidden
layer layer
layer nodes
1
(Apr, May,
June, Sep) Tangent | | Early No
FF 1 BP ) ] linear | 5000 )
2 sigmoid stopping | norm
(the other
months)

FF: feed forward network, BP: backpropagation training algorithm, norm: normalization

W
———){ in !

3

Inflow (7-1) -

7N
~—Inflow (7)

Figure 5-17 Network architecture in the case of 2 hidden nodes with weights,

where “in”, “hid” and “out” mean input, hidden and output nodes respectively.

145

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Comparison of the results betw. Deterministic
and stochastic ANN model in Jan.

Comparison of the results betw. Deterministic
and stochastic ANN model in Feb.

Inflow in Apr. (m3/s)

100 120
oo ll+obs
— 3 deterministic ANN R o o 100 | 4
£ 80 |0 stochastic ANN s ° &
E 7 @ E g |
s 60 . g + . e
50 w 60 } + . 5
- . e ©o®
£ 40} ' £ o gee® "
3 ! g 40| L g g v T
3 30 + 8 T %ﬁ_g:i";{ 4
20 = ! .
£ £ 2}, % g
10 5 g +
0 ) 0 ] . .
0 50 100 150 0 20 40 60 80
Inflow in Dec. (m3/s) Inflow in Jan. (m3/s)
Comparison of the results betw. Deterministic Comparison of the resuits betw. Deterministic
and stochastic ANN model in Mar. and stochastic ANN model in Apr.
410 500 "
—~ 360 | + . 450
2 L 400 + * +
® 310+ * e +
£ £ 350 4+
- f= + +
= 260 w300 |+t .
(] Q + ?_ o
= 210 < 250 ;
.§ 160 5 éj é‘ § 200
8 1o * e %0
= € 100
- 80 * T 50
10 I 0 Il Il 1
100 150 200 0 100 200 300 400
Inflow in Feb. (m3/s) Inflow in Mar. (m3/s)
Comparison of the results betw. Deterministic Comparison of the resuits betw. Deterministic
and stochastic ANN model in May and stochastic ANN model in Jun.
410 400
—_ b + — L
g 30 ] 2 350
e 310 . @ 300 .
£ 2 E ' + + +
> 260 i T 250 + - g B
S 5 + . 8 .
E} 2}
= 210 . 3 200 " 9
o [~1 g e L
S 160 £ 450 | t R
N S 150 e g
2 110 2 100 S
£ s = 5o | @R A
B +‘h Eeas +
10 T 0 i 3 + T}. L 1
0 200 400 600 800 0 100 200 300 400

Inflow in May (m3/s)

Figure 5-18 Monthly pairwise scatter plot for the training results by the
deterministic ANN model by MATLAB toolbox and the stochastic ANN model
by WinBUGS during training period (1917~2000).
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147

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.




5.1.5 Comparison of the three monthly forecast models

Monthly reservoir inflow forecasts were developed using both nonparametric and
stochastic ANN approaches for the Chungju reservoir where the historical monthly
inflow data existed for 74 years from 1917 to 2005. For the methods of nonparametric
modeling, the kernel density estimate and k-nearest neighbor density estimate were
applied. For the stochastic ANN modeling, both conventional ANN and the Bayesian
Markov chain Monte Carlo technique as a training tool were coupled in the WinBUGS
package. The architecture of forecast model was limited to the first order Markov chain.
As the first step of the modeling, calibrating or training the parameters of A of KDE, & of
k-NN and the weights (w;, b;) of ANN came first before using the training data set from
1917 to 1997 on the basis of cross validation techniques with the test data set from 1998
to 2000. Lastly, the model was validated with the validation data set from 2001 to 2005 in

order to make sure of the forecast ability for future hydrologic events.

Figure 5-19 shows the calibration results of three models, where the mean
calibration error by the ~-NN model is the smallest, and the stochastic ANN and KDE
models follow in order, while the mean test error of A~-NN model is the highest. This
indicates that the forecast errors by the £-NN model would be the highest. Figure 5-20

refers to the time series plot for the forecast results by three methods.

Figure 5-21 refers to the comparison of the forecast errors by the three models in
terms of mean error. Figure 5-22 shows the scatter plot between the historical record and
the generated inflow during the validation period with the slopes and the coefficients of

determination that measure the linear relationship of two variables. Figure 5-23 shows the
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conditional probabilities of the forecasts by the three models in 2001 with the marginal
probability of the observations. From these results, the remarkable features and

differences among the models can be identified as follows:

i) KDE and the stochastic ANN show smoothed results, while &-NN responds
more roughly because there is no perturbation, which was pointed out by
Sharma et al. (1997). The results of KDE and the stochastic ANN are so

similar as to be difficult to discern any differences (Figure 5-20);

ii) In terms of model performance from Figure 5-21, it turned out that the
stochastic ANN had the best forecast ability, and A&-NN model was the worst
as expected from the calibration resﬁlts n Figﬁre 5-19. Considering the slope
and coefficients of determination of perfect linearity are equal to one, the
stochastic ANN and KDE model show better results than A-NN model in
Figure 5-22. However, it should not vbe asserted that k&-NN model is always
worse than two other models because the structures of models were different
in that the parameters of the stochastic ANN model was monthly distributed,

while those of the KDE and A-NN models were temporally lumped;

iii) In Figure 5-23, the nonparametric methods show irregular probability
distributions with multi-modes, while the stochastic ANN model almost
shows a normal distribution with single mode, and; the conditional probability
by the KDE model is much closer to those of the marginal probabilities of the
observations in general. However, this does not mean that the KDE model is
the most superior in terms of reproducing the marginal probabilities because

the results were not based on long term simulation but on only 5 years;
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iv) As a common feature that was expected, Figure 5-7 shows very highly
random hydrologic characteristics and that the three methods failed to forecast
the abnormal hydrologic events such as severe floods and droughts

satisfactorily (Figure 5-20).

On the basis of the above mentioned review, the main features of each model can

be summarized in qualitative aspects as follows:

i)  For the KDE model, the remarkable advantage is that it can smooth over the
gaps between the data points in the density estimate by adding the
perturbations to the picked observations with random generation from a
standard normal distribution (Equation 3.24) as shown in Figure 5-20. In the
context of simulation of inflow for a long time, it can also provide inflow
realizations that are different but are similar to the historical record [Sharma
et al, 1997]. As a drawback, it may be relatively difficult to develop required
computer programming in the case of high order Markov chain models such
as daily forecast models. Therefore, it may be difficult to incorporate into a

data driven decision support system;

i) Unlike KDE, k-NN is dependent on bootstrap without perturbation, which
leads to rough density estimation. Consequently, it reproduces stream flow
reservoir inflow by picking observed data with a conditional probability by
discrete mass functions. As a great advantage of A-NN, it does not necessitate
any sophisticated and complicated computation process, and it can represent
any high order Markov chain model, which make coupling it into a decision

support system easy;
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iii) The stochastic ANN model with BMCMC differs in that: it is a parametric
approach, and; it does not produce inflow directly from the observations using
a conditional probability density function. Instead, it generates inflows
probabilistically using a nonlinear function that expresses conditional
relationships among variables while treating the model parameters such as
node weights and residual variance of likelihood randomly. On the contrary,
the nonparametric models resample directly from the historical record using a
conditional probability estimated by a kernel function, and their parameters
are treated deterministically. Compared to the nonparametric methods, a great
advantage of this approach -is although the historical records are not sufficient;
this method can work well because it relies on a function that reflects the
relationships between inputs and oﬁtputs. As for the drawbacks, the stochastic
ANN model almost yields tﬁe normal distribution with single mode as the
parametric models do generally. It is reiatively difficult to embed it into an
integrated decision support system because it uses special tools or software
packages such as the “R” and WinBUGS. Such packages may not be easy for
water resources engineers to learn. A computational problem may arise in case
lead time is greater than one month. This can be solved effectively by forming
a Bayesian network where all months are linked during the lead time with the
weights of ANN. However, it may not easy to handle this problem in
networks because of the need to consider many parameters. For instance, there
are 84 parameters (7 parameters/month * 12 months) in the case of an

architecture with 2 hidden nodes and lead time of one year.
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In the context of practical application of models, one may say that water resources
engineers might prefer &-NN considering the above comments about each method.
Although A-NN showed the worst results among the three models in terms of goodness-
of-fit in Figure 5-21 and 5-22, the ease of application may eclipse its drawbacks. It was
practically applied to the reservoir optimal joint operation in the Daecheong and

Yongdam dams, and described in the next chapter.

Comparison of Training Three Models

120
100
80
mean eror o1 O calibration error
(m3/s) - -
10 cross-validation error
20
0

Figure 5-19 Comparison of the calibration results of the three models: KDE, -
NN and stochastic ANN with the validation data set from January, 2001 to

December, 2005 in the Chungju reservoir.
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Figure 5-20 Comparison of the validation (forecast) results by KDE, £.~-NN and
stochastic ANN with the validation data set from 2001 to 2005 in the Chungju
reservoir, where the error bars belong to the stochastic ANN.
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Mean Ermrors of
Res. Inflow Forecast
at Chungiju Reservoir
from 2001 1o 2005

g ANN+BMCMC (h=1~2)
8 KDE (A=0.4) Y
B3 k-NN (k=15) '

Figure 5-21 Comparison of the forecast errors in terms of RMSE by KDE, -
NN and stochastic ANN with the validation data set from January, 2001 to
December, 2005 in the Chungju reservoir.
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Validation of three models with scatter plot
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Mean forecast error 85 97 106
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Coeff. of determination 0.51 0.38 0.25

Figure 5-22 Validation results of the three models at the Chungju dam in 2001
through 2005 with a scatter plot between the historical record and the mean of
the simulated inflow, where ‘s’ and ‘R*’ mean the slope of linear relationship

and the coefficient of determination respectively.
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Figure 5-23 Comparison of the marginal probability of the observations and

the conditional probabilities of the forecasts by the three models in 2001.
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5.2 Daily Reservoir Inflow Forecast Using k-Nearest Neighbor

Density Estimate for the Chungju Reservoir

As reviewed in the monthly inflow forecast models, water resources engineers may
prefer the k-NN bootstrap method due to its ease of application. This study was motivated
by such questions as whether or not £-NN bootstrap method can be employed in practice
for daily inflow forecasting, and; whether or not it can provide an alternative to physical
ly based rainfall-runoff models such as the Sacramento Soil Moisture Accounting (SAC-

SMA) model, which are essential for short term operation of water resources systems. - -

Daily inflow time series models differ from monthly models in some aspects.
Monthly models can be often represented sufficiently vﬁth a lag-1 autoregressive term for
sites showing short memory in terms of temporal inertia. On the contrary, daily models
often work with high order Markov chains because daily historical data show relatively
long memory except during flood seasons. Furthermore, they can employ some
exogenous input variables, such as rainfall, temperature, and so on, in the case the
random variations of inflow can not be represented sufficiently with only an
autoregressive term. This indicates that daily models can be formalized in many ways by
combining the lags of autoregressive terms and exogenous variables, and physical
rainfall-runoff models can be substituted by introducing precipitation as an exogenous
variable. In the above mentioned respects, daily models are much more complicated than
monthly models. Conventionally, autoregressive moving average models with exogenous

variables, referred to as ARMAX, has been commonly used as daily time series models.
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In this study, the daily reservoir inflow forecast model was developed using a k&-NN
bootstrap density estimate for the Chungju reservoir. Summarized in Table 5-2, the daily
model was designed with a lag-p autoregressive term and a lag-g term of the average
precipitation above the dam as an exogenous variable. This amounts to ARMAX (p, q)
model. For example, Equation 5.2 shows a functional relationship for a model denoted as

ARX (p, q) kNN with p of 3and ¢q of 5:

ARX(3,5)_kNN:Q,,, = f(0,,0,,,0,,;R,,R,_,R,_,,R_;,R_,)+¢& 5.2)

2 =12 =22 =30
where, O, R and € mean inflow, precipitation and forecast error respectively.

Figure 5-24 shows the autocorrelation function of the daily inflow at this site. From
the autocorrelogram, it can be said that the basin has about 10 day memory. In this study,
autocorrelations over 0.2 were taken into account: hence, the maximum lag was fixed to

- 6. Finally, the parameters of p and g were calibrated in a trial and error way by changing
two parameters using the calibration data set from 1986 to 2003. The number of nearest
neighbors was obtained with the ad hoc prescriptive choice of k =n"? (=80), where n
equals the total days of the calibration data set that is 6,574. As performance criterion, the
statistic of root mean square error was used, and considered only for one year 1989 that
represents normal hydrologic condition because it was too arduous to run the model for
the whole period. Once the calibration had been finished, the model was validated using
the validation data set from 2004 to 2005 for 2 years. The forecast lead time was one day,
that is, the forecast was updated every day, and the 1,000 samples were drawn in each
day for statistical inference of the generated inflows. Figure 5-25 and 5-26 refer to the
time series plot for the calibration results over p and ¢ parameters and the RMSEs of the

models respectively. Figure 5-27 shows the scatter plot with the slope and coefficient of
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determination between the historical record and the mean of the simulated inflow in 1989.

They suggest some noteworthy information in determining the parameters of p and ¢ as:

i) As the lag of the basin average precipitation decreases from 10 to 1 with the
lag of inflow fixed to 0, the RMSE decreases: hence, the parameter ¢ can be

fixed to 1 (Figure 5-26);

ii) As the order of Markov chain increases from 1 to the maximum lag 6 with the

lag of precipitation fixed to 1, the RMSE increases overall (Figure 5-26);

iij) The model ARX(1,1) ANN shows better results than the model
ARX(1,0) ANN without the exogenous variable (Figure 5-26 and Figure 5-
27). This indicates that addition of precipitation helps improve model

performance, and;

iv)  Without the autoregressive terms into a model, the daily inflow can not be

forecasted sufficiently (Figure 5-26 and Figure 5-27).

Consequently, the model‘ARX(l,l)_kNN shows the best result in terms of RMSE
in Figure 5-26 and linearity between the observations and the forecast values in Figure 5-
27, and was selected for forecasting at this site. Figure 28 and 29 show the validation
results for 2004 and 2005 respectively. Because the measurement errors for two years
were considerably high below the low inflow of 10 m?/s, the validation results look very
poor, while the results of the medium and high inflows are favorable. In conclusion, this
research shows that the daily inflow forecast models by &~NN nonparametric method with
exogenous variables can be applied successfully in practice for short term management of

water resources.
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ACF for Daily Inflow in Chungju Res.
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Figure 5-24 Autocorrelation function of the daily inflow in the

Chungju reservoir for identifying model architecture.

Calibration of ARX(p,q)_k NN model
in Chungju Res. in 1989 (normal hydrological year)
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Figure 5-25 Calibration results of the ARX(p,q)_ANN models over p and g in

the Chungju reservoir in 1989 (normal hydrologic year).
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Calibration of ARX(p, g)_k NN Daily Models

in Chungju Res. in 1989 (normal hydrological year) o
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Figure 5-26 Comparison of RMSEs among the ARX(p,q) ANN models for
the purpose of model calibration over p and g in the Chungju reservoir in
1989 (normal hydrologic year).
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Figure 5-27 Scatter plots between the historical record and the mean of the
simulated inflow in the Chungju reservoir in 1989 using ARX(p,q) ANN model,
used for model selection by comparing linear relationship, where ‘s’ and ‘R>
mean the slope and the coefficient of determination respectively.
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Figure 5-28 Validation of ARX(1,1) ANN daily inflow forecast model in the
Chungju reservoir in 2004 with time series plot and scatter plot between the
historical record and the mean of the simulated inflow, where ‘s’ and ‘R*’ mean

the slope and the coefficient of determination of linear relationship respectively.

164

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Validation of ARX(1,1)_k NN model in Chungju Res. in 2005
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Figure 5-29 Validation of ARX(1,1) ANN daily inflow forecast model in the
Chungju reservoir in 2005 with time series plot and scatter plot between the
historical record and the mean of the simulated inflow, where ‘s’ and ‘R*’ mean

the slope and the coefficient of determination of linear relationship respectively.
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CHAPTER 6

DEVELOPMENT OF PROBABILISTIC BOD and TP

MODELS USING A BAYESIAN MCMC TECHNIQUE

As mentioned in chapter 1, decisions made in the processes of hydrologic design
and water resources system management always entail risks resulting from the
uncertainties due to errors in models, natural variations and measurement errors. In
general, risk-based decisions are concerned with assessing the impact of hydrologic
events on a water resources system and determining the design and key variables
(generally called dependent variables) to meet given targets [Chow et al., 1988]. They
are subject to the uncertainties of the explanatory variables and model parameters that
are generally called independent variables. For example, in the case of designing the
height of a bank, its Variabiiity is dependent on the uncertainties of the explanatory
variables such as frequency of flood flows and parameters-such as the roughness
coefficient. In the case of modeling water quality in streams, the explanatory variables
include the pollutant loads, flows from tributaries and parameters such as the biological-
physical-chemical reaction rates. This indicates that the dependent variables are
intrinsically random, and decisions should be made considering the risks of violating

some established standards (criteria) for managing water resources. In this respect, the
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uncertainty analysis between the dependent and independent variables is essential for
risk-based decision making, and the probabilistic models are more valuable than
deterministic ones in that they can provide various levels of risks based on uncertainty
analysis.

The representative methodologies for uncertainty analysis, which have attracted
great attention in water resources planning and management, are sensitivity analysis,
derived distributions, first order second moment (FOSM) analysis, and Monte Carlo
analysis. They have a common objective, that is, to quantify the probability distribution
or the degree of variability for a dependent variable.

Sensitivity analysis, the simplest among these methodologies is concerned with
evaluating the degree of variability of a dependent variable corresponding to the
variability of independent variables. However, it has a drawback that it can not derive the
probability distributions of dependent variables.

The derived distribution method is concerned with obtaining analytically the
probability density function of a dependent variable when the probability density
function of an independent variable or model parameter is given deterministically, or
assumed to be known. However, it is limited only to analysis of an independent variable.

FOSM 1is a procedure for quantifying the expected variability of a dependent
variable represented as a function of variability of one or more independent variables and
model parameters. This method provides only the mean and variance instead of a
probability density function for a dependent variable, and the variation of the dependent
variable is absolutely affected by the statistical features of the independent variables. In

general, the independent variables are assumed to be normally distributed: hence, the
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dependent variable is represented with the normal distribution also, which is typically a
Gaussian approach. Unlike the derived distribution method, it can be applied to problems
with multiple independent variables.

Monte Carlo analysis is a process of iterative simulation of dependent variables by
randomly sampling independent variables. Compared with the derived distribution and
FOSM, it is computationally rigorous because it requires numerous random generations.

As a common drawback of the three methods, it is hard for the model parameters
to be managed in an adaptive way on the basis of data assimilation: hence, they often
work with one independent variable. In contrast to the above mentioned methodologies, a
Bayesian Monte Carlo Markov chain tries to estimate not only time-varying states of the
dependent variables but also the multiple model parameters along with their uncertainties
in the context of the prior and posterior probability density functions. In addition, it can
analyze the uncertainties between both dependeht variables and explanatory variables.

In Korea, the gdvernment has been putting a national-wide plan for water quality
conservation in streams, lakes and reservoirs in place since 2004, and is trying to prepare
total maximum load standards for pollutants in the river basins (Han, Geum, Nakdong,
Yongsan rivers). This concept is very similar to the TMDLs (total daily maximum loads)
in the United States. TMDLs determine what level of pollutant load would be consistent
with meeting water quality standards in river basins. In general, multi-purpose large
storage projects are in operation in river basins in order to harness water and protect from
floods. They tend to account for a large portion in the entire water management systems:
hence, reservoir system operation plays an important role in managing water in an

integrated manner.
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Figure 2-1 shows the study area composed of the two cascade dams and multiple
tributaries. Regarding BOD and TP as the barometers for water quality management in
this area, Figure 2-1 shows the spatial relationship between both BOD at the Gongju site
and TP in the Daecheong reservoir and the operation of the two cascade reservoirs.
Consequently, the two time-varying dependent variables of BOD and TP are directly
influenced by the decision variables of the releases from the two reservoirs that are
subject to the risks of quantifying the two water quality variables.

The objectives of the study in this chapter are to develop the probabilistic water
quality models for BOD at Gongju and TP in the Daecheong reservoir, and come up with
the relationships between reservoir release and risk of violating the water quality
standards established for water quality management in the river basin. The study aims
toward the risk-based optimal joint operation of the two reservoirs. In this study, the risk
is defined as the cumulative probability to exceed a predefined BOD and TP criteria for
water quality management. The criteria were set to 3mg/L in BOD and 0.03 mg/L in TP
corresponding to the index of “2nd grade water quality” in streams and reservoirs
respectively, in Korea. The two dependent variables were modeled by month using a
Bayesian network with the help of the MCMC sampling method. Chapter 7 shows a
procedure for risk-based reservoir operation by joining the probabilistic water quality

models interactively.

6.1 Development of a Probabilistic BOD Model and Risk Analysis

Using Bayesian Networks

169

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



6.1.1 Development of a Steady-State Monthly Probabilistic BOD Model

As shown in Figure 2-1, Gongju city is approximately 50km downstream from the
Daecheong dam along the Geum River. The Gongju water quality measurement station is
considered a control point for water quality management in this study. In general, BOD
(biological oxygen demand) and DO (dissolved oxygen) have been considered the most
important measures for assessment of water quality in streams, and traditionally modeled
using Streeter-Phelps equations. As shown in Figure 6-1, DO is not problematic for the
aquatic ecosystem in this area because it is almost always over 7.5 mg/L except in the
Daecheong reservoir, which indicates a first grade water quality in streams in Korea:
hence, DO was not considered in this study. BOD models can be developed using a mass
balance with reaction kinetics where BOD is reduced by decomposition and settlement as

it is carried downstream:

........ U > L > D> L+?£dX
Ox
X X+dX
oLV oL
—=L0—-|L+—dX |O-k LV,
ot © ( ox )Q "
(6.1)
L_ 0
ot Ox V
:—QIiU—er;
Ox
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where:

L = remaining BOD at time t (mg/L);
O= discharge (m*/d);

U= flow velocity (m/d);

X = distance (m);

¥ = volume of water body (m>);

k.= total removal rate (d") including both decomposition and settling.

At steady state, Equation 6.1 becomes:

_E';X . QmLm + QtLt

L=LeV : L ; 6.2
’ ° Qm+Qt ( )

where, Ly is the initial BOD or ultimate BOD, which can be calculated as the flow-
weighted average of the BOD load (subscript ¢) from a tributary or any point source such
as a waste water treatment plant and the BOD in a main stream (subscript m) right before
a junction or outlet of pollutants [Chapra, 1997].

Figure 6-2 refers to the schematic representation of the spatial relationships for
water quality modeling along with the model parameters by reach. Centering on the
water quality and stream flow measurement stations, the river section under study can be
divided into three sub-reaches: Daecheong (subscript DC) dam to Bugang (subscript Bg);
Bugang to Geumnam (subscript Gn); Geumnam to Gongju (subscript Gj). Each sub-
reach has its own BOD model parameters of &, and the coefficients of @ and b for the

rating between flow velocity (U) and discharge (Q), which is represented as:

U=aQ’ (6.3)
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The total removal rates k, were determined probabilistically by month at the three
reaches: hence, they were addressed in temporally distributed and spatially lumped ways.
Unlike k,, the coefficients of ¢ and b are treated deterministically in this study. As shown
in Equation 6.2, the coefficients of a and b for the rating should be determined for
computing flow velocity U. They were determined using the historical stage-discharge
measurement data at the three sites, and Figure 6-3 and Table 6-1 show the rating curve
and the coefficients respectively.

Assuming the observations are independent, and the residuals between the
observed BOD (L°*) and simulated BOD (L) are normally distributed with mean 0 and
variance 0°, the posterior probability of the parameter , can be described by combining a
likelihood function and a prior probability distribution using Bayes’ theorem. For the
prior probabilities of k. and the variance of the likelihood function, the normal and
Gamma distributions were employed respectively. A Gamma distribution for the
variance was chosen to ensure sampling positive values. In order to determine the means
of the prior distributions for the monthly removal rates, a deterministic BOD model
based on Equation 6.2 was developed in MS-Excel. The parameters (k,) were determined
optimally using the SOLVER optimization tool such that the predicted values matched
observed values as closely as possible. The obtained %, were regarded as the means of the
prior probabilities, which indicates application of the informative priors. On the contrary,
the prior probability of the variance was addressed uninformatively. Equation 6.4 refers
to the structure of the steady state probabilistic BOD model at the Bugang station in

month 7:
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¢ =(L¥ Bg — L .Bg) ~ Normal (0,0 .Bg);

A. likelihood function :

n(years) 1 L?bs B _L,fim B 2
p(L,.Bg |k, .DC.Bg)= H ——————exp(—( ir Pe ~ Lo -Bg) J:r =1..12:

2
izt 270} .Bg 20, .Bg

j '%}%(X-GpBg)
L" Bg=L, .JnGpxe "' :
(Q,"T.DC X L’.,T.bef.Gp) -+ (Qi,r'Gp X L[,,-Gp) .
@(Q,.-DC + O, ..Gp) ’
(b) U,»,T.Bg =a.DC.Bg x w(Qi,r'DC + Qi’T_Gp)b.DC.Bg

k,..DC.Bg
- S X.DC.G
U, e

(c) L, .befGp =L, .DCxe ;

(@)L, JnGp=

(d) Ui’r.bepr = a.DC.Bg X Qi’T.DCb.DCABg;

B. prior probability :
k,..DC.Bg ~ Normal (paral, para?l);
o’.Bg ~ Gamma (a, B); (6.4)

where: n is the number of years in the historical record; p(L|k,) is the likelihood function
of the parameter k,; the scripts of ‘sim’, ‘obs’, ‘i’, ‘Normal’, ‘Gamma’ and ‘para’ mean
simulation, observation, a year, Normal, Gamma distributions and their parameters
respectively; L.bef.Gp and LJn.Gp represent the initial BOD right before the junction
with the Gap (subscript Gp) tributary and at the junction respectively; U.bef.Gp means
the flow velocity right before the junction, and; w is flow increment ratio reflecting
lateral flow and return flow of irrigation, municipal and industrial water uses, which was
determined using the historical flow record of Gp and Bg.

According to this modeling concept, the steady state probabilistic sub-models were
also developed individually at the Gn and Gj stations, and a network model was formed

by connecting the three sub models at the Bg through Gj in series. Once the network
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model is established, the posterior probabilities of the model parameters are sampled first
with the help of the MCMC technique, and then the posterior predictive distributions of
the BODs at the three stations can be generated with the explanatory variables using the
sampled posteriors. The monthly historical data available were divided into two subsets:
a calibration (or training or learning) set from 2000 to 2001 and validation set in 2002
and 2004. In order to embody a probabilistic model based on Equation 6.4, the
WinBUGS [Spiegelhalter et al., 1995] software was used, and the model was coded
using its programming language. When the model was run, two chains of the parameters
with 20,000 samples and 10,000 burn-in iterations were generated with two different sets
of starting points to check convergence to a stationary distribution. The MCMC
diagnostics were based on the graph of history path and autocorrelation of the chains,
and are described in Appendix-C. The source code of WinBUGS for BOD model is
described in Appendix-C.

Figure 6-4 displays the calibration and validation results showing that the steady
state BOD model is well calibrated and consistent with the validation data set so that it
can be applied to forecast of BOD in this area. The errors in the results mainly come
from the uncertainties of the discharges from the Gap and Miho (subscript Mh)
tributaries. Figure 6-4 also shows that the BOD generally starts to increase from April,
the farming season when the application of fertilizers and the intakes for irrigation and
discharges between rice paddies and streams are activated in Korea, and peaks in June
(sometimes May) which is the flood season. Figures 6-5 shows the mean of the posterior
probability of the total BOD removal rate with the prior mean by month, which peaks in

August.
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Figure 6-1 Monthly BOD and DO variability in the study area.
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Figure 6-2 Schematic representation of the river basin for BOD modeling, which
is composed of the Daecheong reservoir, 2 tributaries loading pollutants, and 3
water quality and discharge measurement stations, where W.Q and h-Q stand for

water quality and stage-discharge respectively.
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Figure 6-3 Rating curves between flow velocities and discharges at the

Bugang, Geumnam and Gongju stations.

Table 6-1 Coefficients of the ratings for flow velocities and discharges at

the Bugang, Geumnam and Gongju stations.

Bugang | Geumnam | Gongju

a 0.089 0.118 0.285

b 0.400 0.400 0.200
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Figure 6-4 Calibration and validation results of the probabilistic BOD model,

where BMCMC stands for Bayesian Markov chain Monte Carlo.
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Figure 6-5 Monthly variability of the posterior mean of the total

BOD removal rate with the prior mean by reach.
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6.1.2 Risk Analysis of BOD Standard Violation at the Gongju Gage in

association with the Operation of the Daecheong Reservoir

As reviewed in the introduction of this chapter, the prediction of BOD is
intrinsically a part of a random process that is defined as a naturally occurring sequence
of events in time or space. This implies that although a simulated BOD from a
deterministic model does not exceed the BOD criterion, there may be still risk to exceed
the standard. Risk analysis is a method of accounting for the risks resulting from the
various sources of uncertainty [Chow et al., 1988]. The central concepts of this analysis
are loading and capacity (or resistance) that correspond to the BOD loads and the water
quality standards respectively in this study. When it comes to risk analysis, two methods
can be considered: simple risk and; composite risk analysis. For the simple risk analysis,
it 1s assumed that only the load is uncertain. On the contrary, for the composite risk
analysis, both load and capacity are considered to be uncertain. Simple risk analysis was
applied in this study because the stream BOD standard was firmly fixed to 3mg/L.

In this study, the relationships between the risk and the release of the Daecheong
reservoir were established by month. First, the monthly releases were discretized evenly,
and then the monthly averaged BOD loads from the Daecheong reservoir were computed
with the monthly averaged BOD concentrations of the Daecheong reservoir. They were
fed into the already calibrated and validated probabilistic model with the monthly
averaged flows and BOD loads from the tributaries. Figure 6-6 refers to the posterior
predictive probability distribution of the predicted BOD using the discretized release of
the Daecheong reservoir with the concept of the risk in January. Figure 6-7 shows the

three dimensional representation of the posterior predictive probability distribution in
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January and July. The posterior predictive distributions and risks of the remaining
months were obtained in the same way. Figure 6-8 shows the risk of the BOD standard
violation and the mean of the posterior predictive probability distribution according to
the releases of the Daecheong reservoir by month. Figure 6-9 and Table 6-2 refers to the

monthly releases by risk at the Gongju, which were determined from Figure 6-8.

6.2 Development of a Probabilistic TP Model and Risk Analysis Using
a Bayesian MCMC Technique

6.2.1 Development of a Steady-State Probabilistic TP Model

Eutrophication in reservoirs results from the input of organic and inorganic
nutrients into a water body, which stimulates the growth of algae or rooted aquatic plants
resulting in the interference with desirable water use of aesthetics, recreation, fish
maintenance and water supply [Thomann and Mueller, 1987]. The main nutrients for
aquatic plant growth are nitrogen, phosphorus and silica that are loaded into a water body
by municipal, industrial and agricultural sources. The basic phenomena underlying the
process of phytoplankton growth is that increasing solar radiation stimulates the
photosynthesis reaction and increase of water temperature resulting in increase of
phytoplankton biomass with uptake of the dissolved form of inorganic nutrients such as
phosphate (PO4”) and nitrate (NOs). The detailed process for the cell synthesis and

endogenous respiration can be represented as [Chapra, 1997]:

106CO, +16NH} + HPO? +108H,0 2 C,0,H,0,,0N, P, +1070, +14H*

6.5
(algae) (63)
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Figure 6-7 The three dimensional representation of the posterior predictive
probability distribution of the simulated BOD in January and July.
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Figure 6-8 The risk of the BOD standard violation and the mean of the

posterior predictive probability distribution of the simulated BOD versus the

releases of the Daecheong reservoir by month.
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Monthly Release of Daecheong Res. by Risk
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Figure 6-9 The monthly releases of the Daecheong reservoir by risk

at the Gongju station.
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Table 6-2 The monthly releases of the Daecheong reservoir by risk

at the Gongju station.

Release of the Daecheong Reservoir

Risk (%) || Jan Feb Mar Apr May Jun Jul. Aug Sep Oct Nov Dec
100.0% | 8.0 10.0 13.0 500 90.0 1950 140.0 950 350 120 80 20
975% | 12.0 125 200 700 105.0 216.0 179.0 136.0 440 19.0 125 6.5
95.0% | 14.0 145 22.0 740 108.0 222.0 190.0 1460 49.5 21.0 140 8.0
90.0% 16.0 165 245 77.0 1120 229.0 2020 1580 555 240 155 10.0
80.0% (185 185 275 82.0 117.0 236.0 217.0 173.0 625 27.0 175 115
75.0% [[19.5 205 29.0 84.0 119.0 240.0 223.0 179.0 655 28.0 185 125
70.0% 1205 215 300 860 121.0 242.0 228.0 183.0 68.0 29.0 19.0 130
60.0% |[22.0 23.0 32.0 88.0 123.0 247.0 238.0 1930 73.0 31.0 20.0 145
50.0% |[23.0 245 335 91.0 128.0 252.0 246.0 202.0 77.0 330 215 155
40.0% | 250 26.0 350 940 129.0 256.0 2550 2100 8t.5 345 225 165
30.0% }26.0 275 37.0 97.0 1320 262.0 2640 2200 865 365 235 175
25.0% |27.0 285 385 99.0 134.0 264.0 2690 2250 89.0 38.0 245 185
20.0% [ 28.0 29.5 39.5 100.0 1350 267.0 2750 230.0 92.0 39.0 250 19.0
10.0% {31.0 32.5 425 1050 140.0 276.0 291.0 245.0 1000 42.0 270 21.0

50% [133.0 345 450 109.0 144.0 282.0 304.0 259.0 106.0 450 28.5 225

25% || 34.5 365 47.5 113.0 148.0 287.0 314.0 270.0 111.5 47.5 305 24.0

0.0% [ 46.0 480 600 130.0 165.0 319.0 330.0 300.0 140.0 60.0 35.0 32.0
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Equation 6.5 directly indicates that the algal growth is absolutely affected by
controlling the loads of nutrients into reservoirs. When it comes to the limiting nutrient
governing the eutrophication process, phosphorus tends to be identified because it is
usually in short supply relative to nitrogen. Although total phosphorus is composed of
several components, only the soluble inorganic phosphorus, also called orthophosphate
(H,POy, HPO42', and PO,’ ’), can be readily available to aquatic plants. However, total
phosphorus measurement has been used widely to quantify eutrophication, and the
correlations amoﬁg eutrophication, TP and Chlorophyll has been studied [Chapra,
1997]. From this viewpoint, the TP models play a crucial role in managing reservoir
water quality.

The monthly behavior of the phosphorus in reservoirs can be represented in
Equation 6.6 in month 7 by extending Volleﬁweider’s yearly mass balance model for a

well-mixed lake [Vollenweider, 1976].

V. d(gf)’) =W,~-Q.(TP.)—-k_V.(TP); (6.6)
where:
vV =lake volume (m’);

TP = total phosphorus concentration (mg/m”);

t  =time (month);

W = total phosphorus loading rate (mg/month);
O = outflow (m’/month);

ks = a first-order settling loss rate in reservoirs (month™).
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At steady state, Equation 6.6 becomes:

TP Z_Q—_VV/—CL——V_ (6.7)
T + ST T

Figure 6-10 refers to the schematic representation of the study area for TP
modeling. The section of the river has the three main sources of TP from: Yongdam
(subscript YD) reservoir, the sub-basin (subscript YD.Oc) between Yongdam dam and
Ockcheon (subscript Oc) station, and Bocheong (subscript Bc) tributary. As shown in
Figure 6-10, one can notice that the phosphorus concentration in the Daecheong
(subscript DC) reservoir is directly affected by the operations of the DC and YD
reservoirs. The volume of the DC reservoir and TP loading rate into the DC reservoir in

Equation 6.7 are represented in month 7 as:

V.=V _,+(0,YD+Q, YDOc+Q,.Bc—Q,.DC);
W_=W,Oc+W,Bc (6.8)
=(1-k,)xW . YD+W_YD.Oc+W,.Bc;

where, the total loading rate into the DC reservoir was considered the sum of the loading
rates of both the Bocheong tributary (W.Bc) and the Ockcheon basin (W.Oc) including
the basin of the YD reservoir. In order to account for the impacts over TP in the DC
reservoir in association with the releases from the YD reservoir, W.Oc should be divided
into two components of: W.YD that is the loading rate from the YD reservoir, and,
W.YD.Oc from the YD.Oc sub-basin, where W.YD is excluded from W.Oc. Considering
decomposition and settling as the load is carried downstream, all of W.YD does not arrive
at the Ockcheon: hence, the purely contributed loading rate out of W.YD can be

represented by introducing k. meaning the total phosphorus removal rate (%) as [(1-
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k)*W.YD]. W.YD.Oc can be determined by summing all the phosphorus loads from the
main tributaries lying in the YD.Oc sub-basin. The reservoir volume can be determined
using a simple mass balance consisting of the YD release (. YD), the discharges from the
Bocheong tributary (Q.Bc) and the YD.Oc sub-basin (Q.YD.Oc). Figure 6-11 shows the
monthly variability of TP in the study area. Unlike the BOD model, the first-order
settling loss rate (k) in the DC reservoir and total removal rates (k) in the stream were
addressed in a temporally lumped way because the monthly TP and flow data available
were not consistent in the study area. Therefore, they were simply applied as constant by
month, and the probabilistic TP model was calibrated using the monthly averaged TP
loading rates and discharges from YD reservoir and YD.Oc sub-basin without validation
process.

Like the case of the BOD modeling, assuming the observations are independent,
and the residuals between the observed TP (7P°*) and simulated TP (7P*™) are normally
distributed with mean 0 and variance ¢°, the posterior probabilities of the parameters of
ks and k, can be described by combining a likelihood function and their prior probability
distributions using Bayes’ theorem. In order to determine the means of the prior
distributions for the parameters, the deterministic TP model based on Equation 6.7 and
6.8 was developed with MS-Excel and the parameters were determined optimally using
the SOLVER optimization tool. The obtained rates were regarded as the means of the
prior probabilities with a normal distribution. On the contrary, the variance was
addressed with uninformative prior probability distribution. Equation 6.9 refers to the
detailed structure of the steady state probabilistic TP model in month 7. Once the model

is established, the posterior probabilities of the model parameters are sampled first, and
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then the posterior predictive distribution of the dependent variable TP can be generated
with the explanatory variables of O.DC and Q.YD. All the modeling processes were
applied exactly in the same way as was done in the BOD modeling. The MCMC
diagnostics were based on the graph of history path, Gelman-Rubin statistic R and
autocorrelation of the chains, and are described in Appendix-C. The source code of
WinBUGS for TP model is described in Appendix-C.

& = (TP’ .pC — TP"™ .DC) ~ Normal (0,5°);
A.likelihood function :

12 months 1 ( (TPZObS DC-T, :im .DC)Z J
exp| —

2

p(TPr'Dclks’kr): H 2

et L2707 20
TP’ .DC = W ;
QT + ks VT
(@)W, =(1—-k,)xW_YD+W,_YD.Oc+W_.Bc;
b))V, =V_,+(Q,YD+Q,.¥YD.Oc +Q, .Bc—Q,.DC); (6.9)

B. prior probability :
ks ~ Normal (kspa’”l ’ksparaZ);
k, ~ Normal (kP k"),

o’ ~ Gamma (a, B);

Figure 6-12 refers to the Bayesian learning results explaining that the steady state
TP model is quite well calibrated in that the simulated values are consistent with the
observations enough to be applied to forecasting TP in the DC reservoir. The errors of
the results mainly come from the uncertainties of the discharges and phosphorus loads

from the tributaries.

6.2.2 Risk Analysis of TP Standard Violation in the DC Reservoir in

association with Operation of the DC and YD reservoirs
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In this study, the relationships between the risk and the releases of the DC and YD
reservoirs were established by month, which is a matter of two dimensional aspects
consisting of two explanatory variables (Q.YD and Q.DC) with one dependent variable
(Tp.DC). Like the BOD model, the monthly releases of the two reservoirs were
discretized evenly first, and then the monthly averaged TP loads from the YD reservoir
were computed with the monthly averaged TP concentrations of the YD reservoir. They
were fed into the already trained probabilistic model with the monthly averaged flows
and TP loads from the Bc tributary and the YD.Oc sub-basin. Figure 6-13 refers to the
posterior predictive probability distribution of the predicted TP using the discretized
releases of the YD and DC reservoirs in June. Figure 6-14 shows the three dimensional
representation of the posterior predictive probability distribution in June. The rest of the
posterior predictive distributions for all combined cases between the releases of the DC
and YD reservoirs can be obtained in this way. Figure 6-15 shows the risks of the TP
standard violation and the mean of the posterior predictive probability distribution in
association with the releases of the two reservoirs in January, June and July. The results
for the remaining months are described in Appendix-C. One can notice that the results
show that the more the YD reservoir releases, the worse TP at the DC reservoir is.
Finally, the risks (R) were replicated using an ANN with an architecture of 1 hidden
layer and 5 hidden nodes for application. The model is represented in Equation 6.10 with
a log-sigmoid transfer function where Q; and (), refer to the releases of YD and DC

reservoirs respectively, and Table 6-3 shows the parameters by month:

5 2
R=b,+>w, 10gsig{b1 i+ w0, ],where logsig(z) = : (6.10)
i=1

J=

1+e”*
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Yongdam dam, W.YD: TP Load

“Z’“w%: Yongdam-Ockcheon section,
T W.¥D.Oc: TP Load
{ e —_—
1;»"" , l
Geum River

i
LA,
LA™

-1 Ockcheon, W.Q meas. station, I-p.Oc

Bocheong trib., W.Bc: TP Load

Daecheong dam, W.QQ meas. station,
T-p.DC

Figure 6-10 Schematic representation of the TP modeling system that is
composed of the Yongdam and Daecheong multi-purpose dams and 2 water

quality stations, where W.Q means water quality.
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Figure 6-12 Calibration results of the probabilistic TP model.
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Posterior Predictive Probability Distributions
of the Predicted TP with the Release of DC res.
fixed to 100m3/s in June
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Figure 6-13 The posterior predictive probability distribution of the simulated
TP with the release of Daecheong reservoir fixed to 100m’/s (upper figure)
and the release of Yongdam reservoir fixed to 10m*/s (lower figure) with the
concept of the risk in June.
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Figure 6-14 The three dimensional representation of the posterior predictive
probability distributions of the simulated TP with the release of Daecheong

reservoir fixed to 100m’/s (upper figure) and the release of Yongdam reservoir
fixed to 10m*/s (lower figure) in June.
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Figure 6-15 The risk of the TP standard violation and the mean of the
posterior predictive probability distribution of the simulated TP versus the

releases of the Daecheong and Yongdam reservoirs in Jan., Jun. and Dec..
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Table 6-3 Parameters for the risks of TP standard violation represented in Equation
6.10 using ANN.

wll w21 wl2 w22 wl3 w23 wl4 w24 wl5 w25
Jan 1.75} -0.63 042 -3.82| -0.86| 3.49 076 | -3.65| -1.20 1.09
Feb 0.17} -2.04| 0.06] -050| -0.02 0.72 0.01; -042; -033 2.40
Mar 032] -2.67} -0.12 2291 020 0.8 0.19] -0.62 0.53{ -0.99
Apr -0.06 | 091 -0.09 253 -028} -0.02| -0.15 0.45 028 | -3.28
May 0.07 1.14} 0.18 044 | -0.38 391 -0.12( 094 0.07 | -2.76
Jun -0.12 | 0.12 0.14 | -3.08 0.03 0.21 0291 -4.62 0.05| -1.03
Jul 0.92 3.51 0.73 | -3.35 1.1t | -3.18 0.45 2.12 0.05 3.88
Aug -1.92 621} -1.13] -4.65| -020| 4.70| -0.06| -4.89; -045 4.72
Sep 0.63 | -191 1.21 2.50 1.41 2731 -0.43 2151 -0.88 1.87
Oct 010 -348| -030| 466 -008| -026 -022| 0.82 0.01 1.45
Nov 008 | -273] -0.03| -027{ -0.13) -026| 033 1.43 029 -2.92
Dec -0.53 247 0.16 0.54 0.21] -2.05} -0.05} -0.35 0331 -0.57

b1l b12 b13 bl4 bls wl w2 w3 w4 w5 b2
Jan 289 -526 3.17| -1.87| -2.54] 0.05 2514 22741 -076 | 0.02 1.67
Feb -1.04 0.45| -0.04 0.02 | -0.26 1.64 | -0.25 093} -033] -191 0.16
Mar 0.83 1.05 020 -0.16 | -0.51 1.87 | -1.55 0.52] -1.38 0.36 0.08
Apr -0.83 1.15 0.02 0.09| 085 -124; -144; -0.16 0.80 | 2.08| -0.21
May 1.20| 0.18 | -0.51 0.08 | -1.41 1.13 | -0.08| -2.22 0.56 1.14 | -0.44
Jun 0.09 | -0.56 0.09 1.43 0851 -0.18 0.88 | -0.19 1.76 | -0.48 | -0.92
Jul 096 | 2.50 102 -0.86| -1.01| -0.79 1.62| -066| 0.84| -1.68 0.08
Aug -7.43 1.10 | -3.33 384 | -3.01} 049} 0.54)-1691| -747 7764 .74
Sep 1.26 0.89 086 -1.82| -0.84) 1731 | -556| 446 799! 7.12;-15.84
Oct -2.61 1.09 0.23 0.54 1.76 132 -190} 0.11 0.00 1.33 1 -0.39
Nov -0.41 0.02 0.11 0274 211} -1.13| -020, -029| -040| 390 -0.17
Dec 0.04 030 -1.17 0.08 046 | -1.56 0.66 1911 -032} -0.53 0.23
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CHAPTER 7

RISK-BASED RESERVOIR SYSTEM OPERATION USING
AN ADAPTIVE SAMPLING IMPLICIT STOCHASTIC

OPTIMIZATION MODEL

This chapter presents an application of a progressive optimization method as an
alternative approach to developing classical rule curves using the implicit and explicit
stochastic optimization methods that have attracted lots of attention for reservoir
operation. All the measures of system performance including energy production, water
supply, and water quality management are important for the operation of the Yongdam
and Daecheong reservoirs. To create an adaptive implicit stochastic reservoir
optimization model, an adaptive sampling implicit stochastic optimization (ASISO)
model was developed by coupling a reservoir model with the A-NN inflow forecast
models. The ASISO model was evaluated by comparison with a sampling implicit
stochastic optimization model using multiple inflow scenarios and with a deterministic
dynamic programming optimization model using a single inflow scenario. A generalized
microcomputer dynamic programming package, CSUDP [Labadie, 1999] was used to

find the optimal joint operation of the two reservoirs. A decision support system (DSS)
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framework was specially designed using MS-Excel to interactively connect the reservoir

optimization model to BOD, TP and inflow forecast models.

7.1 Literature Review on Reservoir System Analysis

As far as management of reservoir systems is concerned, the following two main
objectives considered in general are:
i) Maximization of multiple benefits through optimal allocation of the limited
water resources for various purposes;

ii) Minimization of multiple costs caused by flood damage, water shortages, etc.

When many water resources system analysts try to develop models to provide
decision support for managing reservoir systems, the hindrances that they are usually
faced with result from the /) high dimensional, 2) dynamic, 3) nonlinear, 4) multi-
objective, and 5) stochastic éharacteristics of the system. In order to determine the
methodologies to cope with these challenging facets, a number of simulation and
optimization models have been developed for reservoir system analysis. Network-flow
models may be somewhere in between simulation and optimization models in the sense
that they use optimization to perform the simulation. Network-flow models solve an
optimization problem in each individual time period. Authors such as Yeh [1985], Wurbs
[1993], and Labadie [2004] have described the theory and application of models to
reservoir system operation, and presented state-of—the-art reviews related to reservoir

system operation with a strong emphasis on optimization techniques.
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Yeh [1985] reviewed state-of-the-art theories and applications of mathematical
models applied for reservoir system analysis by classifying them into deterministic and
stochastic approaches, and subdividing each of the two categories into optimization and
simulation models. He provided critical reviews and in-depth analyses of the various
models. According to Wurbs [1993], although optimization and simulation are
conceptually different, the distinction is somewhat obscured by the fact that most models,
to various degree, contain elements of both approaches. He also states that most of the
decision support systems within the water resources management agencies have focused
on simulation models, while the academic community and research literature have put
special emphasis on optimization techniques. Labadie [2004] pointed out possible
reasons for the continuing gap between theoretical developments of optimization
techniques and the real-world implementation: they are more mathematically complicated
than simulation approaches; simulation models are ideal for “what-if” analysis that
system operators are well versed in; simulation models can be easily combined with
Monte Carlo techniques for uncertainty analysis, while many optimization models are not
conductive to incorporating risk and uncertainty, and; simulation models can address the
above mentioned five characteristics of reservoir system more flexibly than optimization
models. However, one of the greatest features of prescriptive optimization models is that
these models have an expanded capability to select optimal solutions systematically

under agreed upon objectives and constraints [Labadie, 2004].

As the key to success in implementation of reservoir optimization models: Yeh
[1985] recommended intensive focusing on development of stochastic models with

consideration of risk and uncertainty, combination of simulation and optimization models
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with considering multi-dimensional and multi-objectives, and; Labadie [2004] pointed
out improved linkage with simulation models and involvement of decision makers in
system development. The most essential elements for reservoir system operation can be
summarized as /) combination of optimization and simulation algorithms, 2)
incorporation of risks and uncertainties of water resources variables, and 3) adoption of
integrated river basin planning and management considering multi-objectives. The
literature related to optimal reservoir operation is extensive, however most applications to
reservoir system analysis involve linear programming (LP), non-linear programming
(NLP), and dynamic programming (DP). DP is a popular approach because it is well
suited for solving problems with a sequential decision structure, it handles nonlinearity,
and it establishes feedback policies. Therefore, centering on the key elements to success
in real world application of optimization models, this feview focuses on reservoir

. optimization methods that use DP:

i) The handling of the stochastic nature of reservoir systems can be a relatively
daunting task /[Marino et al., 1985]. When it comes to stochastic characteristics of
reservoir systems, both water demand and reservoir inflow are the main issues. However,
most literature addressing stochastic optimization has focused on reservoir inflow
because forecasting water demand is so susceptible to a variety of economic, social, and
political issues, which are often hard to predict. For incorporating the stochastic nature of
inflow into reservoir optimization models, two different techniques, implicit and explicit
stochastic optimization are commonly used in conjunction with first-order Markov chain
models. Implicit optimization employs Monte Carlo techniques deterministically with

synthetically generated unregulated reservoir inflow sequences. Explicit optimization
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deals with transition probabilities that present the discrete joint probabilities among
sequential months’ inflow series [Labadie, 2004]. Explicit stochastic optimization (ESO)
tries to maximize the average system performances by assigning probabilities to inflow
series. Computational difficulties in association with explicit stochastic optimization have
led reservoir managers to rely on implicit stochastic optimization (ISO) techniques
[Labadie, 1997]. Although the ISO technique is computationally simpler, the biggest
drawback of ISO is that the resulting optimal policies are unique to the hydrologic time
series used for the optimization. Repeated optimization for different sequences of
historical or synthetic flows may produce significantly different optimal solutions unless
the period-of analysis is extremely long. A variation of stochastic optimization, known as
sampling stochastic dynamic programming (SSDP), was applied by Kelman et al. [1990].
The strategy of SSDP is to mix the deterministic and stochastic approaches with the aim
to overcome the computational difficulties of ESO by representing the stochasticity of
stream flow explicitly. SSDP determines optimal solutions by considering all possible
stream flow scenarios simultaneously. For a single stream flow scenario, SSDP reduces

to a deterministic model solved with perfect foresight;

ii) As for the combination of optimization and simulation algorithms, Labadie
[1993] showed an outstanding application by developing the optimal monthly end-of-
month storage guide curves for operation of Valdesia reservoir in the Dominican
Republic using ESO, and incorporated them into a network simulation model for weekly
real-time operations. In general, reservoir operations rely on release and storage rule
curves developed by interpreting the results from ISO (or sometimes ESQO) using

multivariate regression or pattern recognition techniques such as artificial neural
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networks and fuzzy inference systems. However, the developed rules are not adaptive, to
various extents, to unexpected variations such as changes in the original water demands
and climate. Therefore, a reservoir system with existing rule curves needs to be
reevaluated periodically: when new unplanned water demands such as instream flows for
environmental concern arise, and; when considerable changes of climate and severe
droughts or floods occur. Furthermore, it may be difficult to develop multi-variate rule
curves considering other variables such as water quality, and to reflect various users’

options such as the ending storage into rule curves.

An alternative to the rule curves is to employ the progressive optimization based
operations called naive feedback control. This approach uses successive running of an
optimization model instead of fixed rule curves. At the beginning of each period, forecast
information is updated, which is conditional on the current and historical information,
and the optimization model is run. The entire process is repeated for each period until the
end of the operational time horizon. Hence, this method makes use of optimization
models in adaptive manner similar to a simulation process. Reservoir system managers
should find this approach more flexible than using rule curves in that they can learn the
behavior of reservoir system through simulation with successively updated information
and users’ options over operational guidelines. Furthermore, this does not require a
reevaluation process of reservoir systems since reservoir operational policies are updated
successively. The concept of this approach is very similar to the algorithm of Kalman
filtering. Figure 7-1 illustrates the concept of the progressive optimization based

operation.
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iii) The hindrances in handling multi-objective optimization are: some objectives
for reservoir operation are continuous and some are discrete, moreover; they are often
non-commensurate and conflicting. One of the solutions to this problem is to combine
multi-objective optimization (MOP) and multi-criteria decision analysis (MCDA). MOP
is used for the continuous objectives for developing nondominated solutions defining a
Pareto optimal surface of tradeoffs between the objectives. Techniques for generating
nondominated solutions include the weighting method, e-constraint method and goal
programming. A nondominated solution is defined as a multi-objective solution that can
not possibly be improved in one objective without adversely affecting one or more other
objectives. Once a finite number of discrete alternatives are selected from the Pareto
tradeoff region, they can be evaluated and ranked using the techniques for MCDA such
as ELECTRE, AHP, and PROMETHEE. For more information on this approach and its

application, see Ko et al. [1992].

iv) In the context of integrated river basin management, many researchers have
tried to incorporate water quality models into reservoir simulation or optimization models
[Labadie, et al., 1994, and Ko, 1997]. A common feature of this research has been to
establish reservoir operation policies to meet water quality standards by simulating water
quality in deterministic way. However, the simulated downstream and reservoir water
qualities affected by reservoir release is actually uncertain as discussed in Chapter 6:
hence, as stated in Chapter 1, a risk-based water quality management might be more
persuasive in the decision making process, and the probabilistic water quality models

developed in Chapter 6 are worth consideration for replacing deterministic models.
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This study was motivated by the importance of: reflection of hydrologic
uncertainties into a reservoir optimization model; adaptive operation of a reservoir
system; combination of simulation and optimization algorithms, and; integrated river
basin management considering both water quantity and quality management. This
research proposes an alternative for reservoir system operation for realizing this
motivation. In order to treat adaptiveness and stochasticity, an adaptive sampling implicit
stochastic optimization (ASISO) system was developed, which is coupled with a
stochastic inflow forecast system based on a A-NN nonparametric technique. For
integrated river basin management, the water qualities of BOD and TP are evaluated in
the stream and reservoir along with other reservoir system performance measures. The
strategy of the methodology is to mix deterministic and stochastic algorithms by running
the optimization model progressively in a “simulation process” with the ensemble of

inflow series forecasted adaptively.

The term of “adaptive sampling implicit” refers to successive execution of a
deterministic optimization model using the ensemble derived by successive data-
assimilation instead of explicit consideration of transition probabilities of the inflow
series. ASISO may be preferred to ESO in that ASISO can come up with a lot of
alternatives with multiple inflow scenarios, while ESO maximizes the average system

performances by assigning probabilities to inflow series.

As a feature of the ASISO methodology, the ensemble is created by sampling a
number of percentile inflows from the conditional probability distributions of the
forecasted inflow series during the period-of analysis of 12. Like SSDP, for a single

stream flow scenario, ASISO reduces to a deterministic dynamic programming (DDP)

205

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



model solved with perfect foresight. Because ASISO model is run in an adaptive mode,

only the optimal release policy for the past or current time period is implemented.

Forecast & Optimization

Operational Time Horizon

Forecast & Optimization

Implementationie
Measurement

Forecast & Optimization

{ Implementationi¢
Measurement : Measurement

Figure 7-1 Illustration of progressive reservoir optimization

7.2  Case Study: Geum River Basin in Korea

For implementing the above mentioned ASISO based operation of reservoir system
in practice, a case study was performed based on the Geum River reservoir system,
Korea. Figure 7-2 shows the study area composed of the two cascade reservoirs of
Daecheong (DC) and Yongdam (YD). The case study includes the following sequential

sub-tasks:

o development of a probabilistic inflow forecast system using A-NN

nonparametric modeling, which is essential for creating the ensemble;

- development of a monthly multi-objective ASISO model using CSUDP;
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« development of a decision support system, which is composed of a data base,
user interface, and model base integrating ASISO, inflow forecast and water

quality models.

For water quality management in this area, the two time-varying variables of BOD
at the Gongju gage and TP in the Daecheong reservoir were addressed, which interact
with the operational policies of the two reservoirs. With the water quality standards of
3mg/L for BOD and 0.03 mg/L for TP, the risks of water quality standard violation were
derived by month as described in Chapter 6. The risk of BOD standard violation at the
Gongju gage described in Table 6-2 is a function of the release of the DC reservoir, while
the risk of TP standard violation in the DC reéervoir described in Table 6-3 is a function
of the releases of both DC and YD reservoirs. The risks were interactively used in the
reservoir system optimization model: hence it can be said that the probabilistic water

quality models were incorporated implicitly.

7.2.1 Development of the Monthly Inflow Forecast Systems using a k-Nearest

Neighbor Estimate in the DC and YD Reservoirs

Forecasting the reservoir inflows in an adaptive mode is a core process in the
progressive optimization based operation. For implementing ASISO model, the lag-1
autoregressive forecast models were developed for the YD reservoir and the YD-DC sub-
basin where the YD reservoir basin is excluded from the entire DC reservoir basin

because the inflow of the DC reservoir is the sum of the release of the YD reservoir and
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the flow from the YD-DC sub basin. The k-NN forecast models were developed and
interactively joined to the reservoir system operation model in a decision support system.
The stochastic inflow forecast models aim at producing the conditional probabilities in
every month as final products. From the derived probabilities, a variety of percentile
inflows can be sampled, or one or more selected by system managers to develop several
scenarios. The forecast information is updated in every month on the basis of the
observed inflow, and the update is repeated until the end of the operational time horizon.
In the context of progressive operation, the forecast lead time was fixed to 12 months

regardless of the current time for keeping pace with running the ASISO model.

_Firs‘t, the historical inflow record of the DC reservoir for 25 years from 1981 to
2005 was separated into the flow series of the YD reservoir and the YD-DC sub-basin on
the basis of the historical inflow series of the YD reservoir for 4 years from 2002 to 2005.
Figure 7-3 shows box-whiskers plot of the historical monthl_y inflow with outliers beyond
the 97.5 and 2.5 percentiles. The entire processes described in Figure 5-12 were
implemented for developing the forecast models in this study area. Like the case of the
Chungju reservoir in Chapter 5, & was applied equally in every month in the sense of a

/; . .
? was chosen, which is an ad hoc

lumped parameter, and k of 5, that amounts to k =n’
prescriptive choice. In this case study, n is the total number of the data points that is 25.
Figure 7-4 refers to the calibration results, which shows that the simulation results match
the calibration data set quite well. Unlike the case of the Chungju reservoir, validation of

the models was not made because of an insufficient historical record. The A-NN forecast

models were developed using VBA built into MS-Excel.
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Figure 7-2 Configuration of reservoir system composed of the two cascade

dams, the Yongdam and Daecheong.
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Figure 7-3 Box and whiskers plots of the monthly inflow in the Yongdam
reservoir and the local flow in the YD-DC sub basin for 25 years.
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Figure 7-4 Calibration results of the A~-NN models with the historical records
from 1981 to 2005 in the Yongdam reservoir and the sub-basin between the YD
and DC dams.
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7.2.2 Development of the ASISO Model for Reservoir Optimal Operation

7.2.2.1 Formulation of the Reservoir System

Defining quantitative measures of reservoir system performance is a key element in
formulating an optimization model. In this case study, these performance measures
consist of: the total annual energy production; the firm water supply; the risk of BOD and
TP standard violation at the Gongju gage in association with instream flow requirement
and at the DC reservoir in association with eutrophication, respectively. Firm water
supply is defined as the estimated maximum release that can be maintained continuously
during an operational period [Wurbs, 1996]. The performance measures are functions of
the releases of the two reservoirs. Multiple objectives addressed in this study are
composed of maximization of the total annual enérgy, the firm water supply and the
extent of satisfaction of BOD and TP target risks, subject to satisfying the strict or soft
operational guidelines, summarized below. As for the BOD performance measure, once a
user-selected target risk is given, a release (called the risk equivalence release in this
study) of the DC reservoir can be obtained from the pre-analyzed relational table between
BOD risk and the risk equivalence release (Table 6-2). The performance is assessed by
comparing with the actual release of the DC reservoir. On the other hand, the case of TP
1s different in that an unique set of the risk equivalence releases of the two reservoirs does
not eXist, given a target risk. Therefore, TP risk in the DC reservoir should be first
computed with the releases of the YD and DC reservoirs using the ANN function
described in Table 6-3, and the TP performance measure is evaluated by comparing a

user-selected TP risk with a computed risk. The operational guidelines are:
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(1) For the purpose of securing the flood control pool, the water level of the YD
reservoir should not exceed 261.5 EL.m which amounts to 672.84 MCM (million cubic
meters: 10°m’) during the flood season extending from the end of June to September.
However, the DC reservoir does not necessitate a strict flood control pool in that it
controls floods in conjunction with the YD reservoir. Hence, system managers can select
the flood control pool around the normal full storage level of 76.5 EL.m which amounts to

1,242.7 MCM. The properties of two reservoirs are summarized in Table 7-1.

(2) The water supply is divided into two parts: one is for the water demands in
compliance with the traditional water rights for irrigation and minimum instream flow
requirements in the downstream areas. The water supply is delivered through turbines for
hydropower generation. The other part is for the municipal and industrial water demands
in Daejon (DJ) and Cheongju (CJ) cities, and Jeonju (JJ) city, which are diverted through
the outlet works intake structure of DC reservoir and the 1* hydropower plant of the YD
reservoir, respectively. Figure 7-2 illustfates a configuration of the reservoir, and Tables
7-3 and 7-4 describe the water demands. The highest priority water right from the YD
reservoir is the minimum instream flow of 5 m’/s established for water quality
management in the DC reservoir. The YD reservoir can release 16.1 to 25.8 m’/s
depending on the water level, and the release greater than 25.8 m’/s should be spilled.
The municipal and industrial water demands are programmed in the state function of
CSUDP such as to be satisfied 100% of the time. Therefore, the release for hydropower

generation and instream flow requirements become decision variables.

(3) As for the constraints on hydropower generation, the YD and DC reservoirs

generate for 24 hours of base load and 5 hours of daily peak generation during the non-
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flood season with the power capacity described in Table 7-1. The generation hours of the

DC reservoir vary in accordance with flood conditions during the flood season.

(4) For water supply after the flood season, the conservation pools of the reservoirs
should be recovered at the end of flood season, which is often given as target storage.
However, determination of this target storage is very difficult due to the high uncertainty
of flood events: hence, this storage was handled in the DSS such that system managers
can select it. Similarly, the ending storage for December was provided as an option for

maximization of the profit from hydropower generation.

In compliance with the above mentioned guidelines, the reservoir system was
formulated with a following single scalar objective function that combines multiple
objectives using the weighting method (Equation 7.1). The operational lead time was
fixed to 12 months regardless of the current time in a progressive optimization process.
For example, if the current period is the end of March, the end of the operational year is
the next March. To quantify the objectives in commensurate units, the original objective
values were transformed into the relative values with respect to the maximum capacity of
hydropower generation, and the targets for water supply and water quality protection in
terms of BOD and TP. The relative values reflect a surrogate of reliability, and were
adjusted so as to have the range of 0 to 100. The reservoir system was programmed into
CSUDP using the inverted form, and solved using the algorithm of incremental dynamic
programming (IDP) that is a solver for multi-dimensional problems. The initial trajectory
was obtained by averaging the historical operation record, and the initial and final
discretization intervals of reservoir storage were set to 5 MCM and 0.1 MCM

respectively for both the YD and DC reservoirs.
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4
F =Max Za)_,.Fj, where :

Jj=1
F, = maximization of the total annual energy

LE  Energy, (X, X, ..u, y 100} T =12 months

= Max
{; ; pow.capa(i) x max .gen.hrs(i) I =3 power plants

it+l?

i =1(YD 2nd power plant), 2(DC power plant), 3(YD 1st power plant)

F, = maximization of the firm water supply

T } D =2 dimensions of YD & DC

_—_Max{—zz Sai_ 100 -

1 L.wsy, " d =1(YD reservoir), 2(DC reservoir)

forS,, =(Tws,, —u,,)=0;

F, =satisfaction of the target risk of BOD standard violation

Max S —"2 100,
= (ITu.BOD),

foru,, <(Tu.BOD),;

F, = satisfaction of the target risk of TP standard violation

ZT: (T .risk.TP), 100
X 2
o Comprisk TP (X, ,, X, ,,,u,,,u,,)

for (T.risk.TP), < Comp.risk TP,

= Max[

subject to, (7.1)
uy, =X, =X+, —EX, X ,.)-WS,,;

Uy, =Xy, —Xypu +1,, +u, - E(Xz,z aXz,m) - WSDJ_CJ,t;

min.X,, £X,, <max.X,;

min.u,, Su,, Smax.u,,;

Energy, (MWh)=9.81-n-Q,, - ]}d,t - 720(hours / month);

£ X - tood perioas > X 4 -LI-flood control, then high penalty
if X, ,_,, # within 10% deviation range of X ,.T.October,then high penalty
if X, ,_,; # within 10% deviation range of X ,.T.December,then high penalty
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Where:

F = overall objective function;

F; =™ sub-objective function;

w; = weighting factor of /™ sub-objective;

ug (MCM) = release of d™ reservoir at period 1;

Xq: (MCM) = beginning storage of d™ reservoir at period ¢;

Xi+1=ending storage of d™ reservoir at period t, or beginning storage at period r+1;
L, (MCM) = inflow of d™ reservoir at period ¢;

E, (MCM) = evaporation at period ;

WS, (MCM) = water supply to Jeonju city at period ¢;

WSps cr: (MCM) = water supply to Daejon and Cheongju cities at period ¢;
pow.capa(i) (MW) = power capacity_ in MW of /™ power plant;

71 = turbine efficiency;

Q,,(m*/s) = turbine discharge of i™ power plant at period £

H 4 (m) = net head (m) of d™ reservoir at period ¢, computed using Table 7-2;
S (MCM) = shortage of water supply of d" reservoir at period ¢,

T.wsq; (MCM) = water supply target (or, maximum shortage) of d" reservoir;
(T.u.BOD), (m’/s) = release target to meet a user-selected BOD risk at period ¢;
(T.risk.TP), (%) = user-selected target of TP risk at period ¢;

(Comp.risk.TP), (%) = computed TP risk at period ¢

Xu.T flood control = target storage for flood periods;

X4 T.October = target ending storage in October;

X4 T.December = target ending storage in December.
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7.2.2.2 Development of Data-driven DSS for Progressive Optimization

A DSS was designed for embodying the ASISO based monthly reservoir operation
in a data-driven way by interactively connecting the ASISO to the inflow, BOD and TP
forecast models. The DSS was also designed so that users can select one of two choices
of ASISO with multiple inflow scenarios and DDP with a single inflow scenario. The
focal point of the DSS is to help system managers run the ASISO model sequentially like
a simulation model with selection and adjustment of the following user options:

= the ending storage in December;

» the limited storage for flood control;

« the ending storage in October after the flood season;

- the reliability of the forecasted inflow in the case of running the DDP;

= the target risks of BOD and TP standard violation;

the weighting factors for the multi-objectives.

The DSS was developed using MS-Excel and Visual Basic Application (VBA). The
DSS consists of a model base, a flat file type of data base, and a user interface. Figure 7-5
illustrates the architecture of the DSS, and Figure 7-6 shows its screen capture. The

procedures for running the DSS are:

(1) A year and month when the operation of the system starts are selected as an
initial stage. This connects to the data base that contains the historical

operation record and historical inflow series;

(2) The reservoir inflow forecast models are run, and the conditional probabilities

of the inflows are obtained to the end of an operational year;
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(3) The above mentioned options that affect the behavior of the system are

selected by system managers;

(49) Running the ASISO model comes up with a lot of alternatives for operational
policy, and users may select an averaged optimal policy. Instead of the
ASISO, users can run DDP with a single inflow scenario corresponding to the

reliabilities that users select;
(5) Post analysis of the performance measures is made in graphs and tables;

(6) If creating multiple alternatives is required in the case of running the DDP,
the procedures from “iii)” to “v)” are run successively with a number of

different inflow scenarios;

(7) Once a stage is finished, the next stage’s operation is initiated by

implementing step “i)” again.
7.2.2.3 Evaluation of the progressive optimization model

The developed ASISO and DDP model were evaluated by comparing the model
results with the historical record of the reservoir system operation in terms of storage,
release, inflow, BOD and TP for the years 2004 and 2005. The ASISO model was run
with 100 iterations. The historical operations of the two reservoirs were based on the
monthly rule curves developed using ISO with the performance measures of water supply
and hydropower production. In order to compare the same conditions, the models were
run with the ending storages of December fixed to those of the historical operation

record. The values averaged from the historical storages of October were considered the
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ending target storages of October for the two reservoirs. The DC and YD reservoirs were
controlled not to exceed the normal pool storage and the flood control pool storage during
the flood season respectively. The weighting factors of 1.0, 10.0, 1.0, and 1.0 were
assigned for the objectives of hydropower production, water supply, and BOD and TP
risks respectively aiming at meeting the downstream demands 100% of the time. The
monthly forecasted inflows with the reliability of 50% were chosen in the case of running
the DDP, and the following target risks of BOD and TP standard violation were selected

arbitrarily.

Target risks of BOD and TP standard violation (%)
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
BOD| 90 90 90 90 9 100 100 100 100 90 90 90
TP 30 30 30 30 50 90 100 100 100 70 30 30

Figure 7-7 shows the comparison of the results of the ASISO and DDP models
with the historical operation record. From Figure 7-7 (a) and 7-7 (b), it can be noticed
that as expected, shortages do not take place and almost all of the constraints for BOD
and TP are met for the simulation years. The storages created from the ASISO shows a
very small range in October to December because of the assigned target storages for these
periods. The model results are different from the historical record because the forecasted
inflow series was not the same as the observed inflow, and the performance measures
were different. The remarkable difference between the two results is that the historical
storages of two reservoirs were lower than the results from ASISO for the analysis

period, especially the flood season. This difference can be understood by a fact that
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reservoir system managers operated the reservoir system very safely with low water
levels during the flood season due to highly uncertain flood characteristics in this area.
This operation led to a failure to recover the normal pool after the flood season, and had a
harmful influence on the normal operation during the non-flood season afterwards. Figure
7-7 also shows that the storages from the DDP with the inflows with the reliability of
50% and the mean storages from the ASISO with an ensemble scenario for the inflow are
slightly different. However, the storages from DDP were almost within the minimum and
maximum storages from ASISO of the time, which were created using an ensemble
scenario. This indicates although the ASISO is better than DDP from a conceptual

viewpoint, the adaptive DDP can be applied effectively in practice.

In conclusion, compared to the reservoir operation using classical rule curves,
ASISO and adaptive DDP models make a difference in that: they can reflect the risks of -
water quality violation, and; system managers can create a lot of alternatives of operation

policy by running them like simulation models with a variety of options.
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Table 7-1 Properties of the two dams and reservoirs in the Geum river basin.

Item Daecheong Yongdam
F.W.L (El.m) - 265.5 EL.m (672.84 MCM)
N.HW.L (MCM) 1241.7 742.6
L.W.L MCM) 451.7 68.7
Eff. Storage (MCM) 790 672
Pow. Cap.(MW) 90 22.1 (1* power plant)
2.3 (2" power plant)
T.W.L (El.m) 29.0 76.7 EL.m (1 power plant)
205.0 EL.m (2™ power plant)
Efficiency of Pow. (%) 86 86
Max.Q.Turbine (m’/s) 264.0 17.5 (1% power plant)
6.2 (2™ power plant)
Avg. Hrs of Pow. Gen. 5 24
Basin Area(km®) 4134 930

Table 7-2 Relationship between water level (H) and reservoir storage (V).

Yongdam

H=1.561E-07*1>-2.919E-04* ’+1.989E-01* V+2.119E+02

Daecheong

H=6.670E-09* V>-2.835E-05* *+5.362E-02* V+4.077E+01
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Table 7-3 Municipal and industrial water demands. unit: MCM/mon

Jan Feb Mar Apr May Jun Jul Aug  Sep Oct Nov Dec

DJ&CJ 343 310 343 332 343 332 343 343 332 343 332 343
JJ 112 102 112 109 112 109 112 112 109 112 109 112

Table 7-4 Water demands for Irrigation and minimum instream flow in downstream area. unit: MCM/mon

Jan Feb Mar Apr May Jun Jul Aug  Sep Oct Nov Dec

DC 544 491 544 550 648 1514 1195 1112 995 544 52,6 544
YD 134 121 134 13.0 134 130 134 134 130 134 13.0 134
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Figure 7-5 Configuration of DSS system that consists of the three sub-systems
of model base, data base, and user interface.

223

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



BSS for F0-00 Res. Dpetation using

15

i Ty

DL Resernvoir

e mtowrressst |

#omth 12 i P4

Apr Hay un Jul Sug Sep
01 i T woy iRt Za
a8 £ 14 A e

Figure 7-6 Screen capture of the DSS developed using MS-Excel and VBA.
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Comparison of the results by ASISO and DDP with
the historical operation record in the Yongdam reservoir in 2004 and 2005
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Figure 7-7 (a) Comparison of the results by ASISO and DDP with the historical
record in the Yongdam and Daecheong reservoirs in 2004 and 2005.
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Comparison of target release for BOD risk with planned
release by DDP & ASISO in 2004 to 2005

800 o ———a 100
2 600 + - 80 g
3 - 60 =
] =
k4 \ 40 o
: ¥ g
- AT 20
0
- BOD_Q_target e BOD_Q_plan(DDP)
------------------ BOD_Q plan(ASISO) —e—BOD _risk_target

Comparison of target risk of TP with planned risk by
DDP & ASISO in 2004 to 2005

Risk (%)

1 3 5 7 9 1 1t 3 5 7 9 1
-~ TP_rigk_target
month e TP_tisk_plan(DDP)
rrrrrrr - TP_risk_plan(ASISO)

Comparison of the planned BOD & Tp by DDP &
ASISO in 2004 to 2005

7.0 012
65 + ===BOD_plan(DDP)
60 + T BOD_plan(ASISO) L o010
—~ ’ === TP_plan(DDP)
= 551 —s—TP_plan(ASISO) Lo 5
g B
A - 006 E
ja
& 004 T
o+ 0.02
0.00

Figure 7-7 (b) Comparison of the results by ASISO and DDP in terms of BOD
and TP in 2004 and 2005, where ‘Q’ is the release of the DC reservoir.
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CHAPTER 8

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

8.1 Summary

This study was motivated by risk-based decision making and adaptive
management of large-scale water resources system centering on multi-reservoir
operation. Water resources system are characterized by high dimensional, dynamic,
nonlinear, multi-objective, and stochastic features that can perplex system managers.
Among these, the handling of the dynamic and stochastic nature of the problem might be
the most daunting task. The introduction of risk-based decision making and adaptive
management to this study arose from the realization that forecasting the dynamic
behavior of water resources system is inherently uncertain.

No matter what the reasons are, the uncertainties of scientific prediction for the
future are inevitable in the real world and decisions are made on the basis of forecasting
the future. In the end, risks are always incurred, to various degrees, in the process of
decision making that aims at meeting the target levels of performance measures or

scientifically established standards for environmental management.
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Adaptive management refers to a successive “learning by doing” strategy that
means forecasting the future is based on a priori information learned from the facts in the
past using sequential data-assimilation, which is referred to as a Bayesian approach.
Water resources systems continuously change dynamically on a basin-wide scale and
new information is gathered in time series. Furthermore, unexpected political events arise
frequently and the information for decision-making is generally random. Consequently,
decision makers want to be kept up-to-date promptly on new situations, and newly
gathered information should be continuously assimilated in a decision-making process.

An approach for realizing the two motivations is to manage the water resources
system with reflection of uncertainties of the future, and update the uncertainties by
sequential running of probabilistic or stochastic models with newly acquired information
and the historical data bése. As the leading surrogates for probabilistic modeling,
nonparametric modeling, and Bayesian networks and stochastic artificial neural networks
based on Bayesian MCMC learning algorithm have had great popularity among
hydrologists and ecologists. This research studied the potential applicability to these
emerging technologies to improving the ability to consider randomness. In order to
demonstrate integrated river basin management based on consideration of uncertainties, a
case study was performed in the Geum River basin in Korea.

There were two main objectives of the research:

i) to develop the probabilistic models for forecasting hydrologic and

environmental characteristics using the data-driven approaches of Bayesian
networks, nonparametric models, stochastic artificial neural networks, and

fuzzy rule-based modeling. The variables considered in this research are the

228

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



stage-discharge relationship and reservoir inflow and water qualities of BOD
and TP that are essential factors for reservoir system operation (Figure 1-1).

ii) to reflect risks and uncertainties of the variables into an adaptive decision-
making process for reservoir system operation by joining the forecast models
developed in step ‘i)’ interactively to an adaptive sampling implicit stochastic
optimization (ASISO) model (Figure 7-5).

First, ratings were developed and assessed using the deterministic and probabilistic
methods in the two stage-discharge measurement stations of: the Donghyang station
where the hysteresis of rating is not considerable and; the Hotan station located in the
main stream of the Geum River where a loop shaped rating clearly exists. For the
deterministic approach, non-linear programming, fuzzy rule-based modeling, and one-
dimensional hydrodynamic models were used. For the probabilistic approach, a Bayesian
MCMC technique was employed with the help of the WinBUGS software package.
Finally, the methodologies were evaluated and compared in terms of possibility and
superiority for adaptive management, uncertainty analysis and reflection of hydraulic
characteristics including hysteresis, ease of application, and so on.

Second, stochastic monthly inflow forecast systems for the Chungju reservoir were
developed using stochastic artificial neural networks and nonparametric modeling. To
make sure whether or not the ~-NN method can be employed in practice for daily inflow
forecasts aiming at short term reservoir operation, this method was applied to a daily
forecast model.

Third, a probabilistic BOD model was developed using Bayesian networks at the
Gongju site for analyzing the impact on downstream water quality in BOD by the
Daecheong reservoir release policy. The probabilistic TP model was also developed in
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the Daecheong reservoir, where reservoir eutrophication is affected by the operation
policies of the Daecheong and Yongdam reservoirs. The relationships between reservoir
release and risk of violating the water quality standards were derived.

Fourth, instead of relying on the classical rule curves derived from the implicit and
explicit stochastic optimization methods for reservoir operation, an adaptive sampling
implicit stochastic optimization model was proposed with evaluation of the performance
measures of energy production, water supply, and water quality management in terms of
BOD and TP.

Lastly, a decision support system especially designed for embedding the adaptive
sampling implicit stochastic optimization methodology was developed (see Figure 7-5
and 7-6). The DSS consists of the three sub-bases of 1) model base including the
progressive optimization model, the BOD and TP models, and the inflow forecast model,

2) data base, and 3) user interface.

8.2  Conclusions and Recommendations for Further Study

The development and uncertainty analysis of ratings are very daunting tasks
because of the considerably high measurement errors and complicated hydraulic features
of ratings. From comparing the features of four methods in Chapter 4, it was hard to
determine the best methodology. Instead, a hybrid methodology was suggested as a good
alternative, which combines deterministic NLP and Bayesian MCMC. Bayesian MCMC
1s very useful in screening for abnormally measured stage-discharge data, and obtaining
the information of the highly varying parameters of the ratings. NLP can be used to refine

ratings with the constraints based on the confidence limits of the parameters derived by

230

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



the Bayesian MCMC analysis. It was demonstrated that both NLP and Bayesian MCMC
can analyze the hysteresis of the rating using the Jones formula for the case study. For K-
water’s sake, the existed DSS for rating analysis named “HydroToolkit” should be
upgraded to incorporate the hysteresis analysis functions and Bayesian MCMC.

As for practical application of reservoir inflow and stream flow forecast models,
the k&-NN method may be preferred to stochastic ANN and KDE modeling techniques due
to its ease of application. Although the k-NN showed the worst results in terms of
goodness-of-fit in the case study, the fit was still quite good and the applicability of the .-
NN method was demonstrated in a real application for reservoir system operation in the
Geum River basin. In addition, the results of the daily inflow forecast model also showed
that the &~-NN method could be applied for short term operation of a reservoir system.

Although there is ongoing debate as to the relative merits of using simple models,
the probabilistic BOD and TP models demonstrated in the case study that they overcome
the weaknesses of deterministic water quality models by offering the information about
risks of standard violation or failures of meeting targets. Compared to the other methods
for uncertainty anaiysis such as sensitivity analysis, the derived distribution method,
FOSM, and the Monte Carlo method, the superiority of the Bayesian MCMC technique
was also successfully demonstrated in the application of the adaptive sampling implicit
stochastic optimization model. The results of the case study of the TP model showed that
more release from the YD reservoir made TP at the DC reservoir worse because the
phosphorus load from YD reservoir is greater than the increase of DC reservoir storage.

As for the methodologies for reservoir optimization, the importance of combining
simulation and optimization algorithms, considering multi-objectives and operating the
reservoir system adaptively were demonstrated by the case study. The case study also
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showed that the reservoir inflow forecast systems played the most important role out of
all functions included into the DSS in that the ensemble created by the forecast models
made the greatest difference between the ASISO and ISO methods. From the comparison
between the ASISO and adaptive DDP, the results indicate although the ASISO is much
better theoretically, the adaptive DDP can be applied successfully in practice.

The typical data-driven models of nonparametric methods and stochastic ANN
were clearly recognized as an excellent alternative for probabilistic modeling along with
the hybrid model of Bayesian networks. The applications to stochastic inflow forecast
and probabilistic water quality modeling showed their potential to be extended to various
water resources projects. A pure data-driven modeling technique of stochastic ANN can
be recognized as the best one in terms of goodness-of-fit as demonstrated in the case
study for stochastic inflow forecast. Although fuzzy rule-based modeling may be
included in the class of the data-driven probabilistic modeling techniques, it has
limitations for practical application for probabilistic modeling.

However, the group of data-driven modeling has obvious limitations in representing
physical characteristics of a system of interest because they are absolutely dependent on
pattern recognition from data instead of relying on the system functions that describe a
variety of physical-biological-chemical reactions. If data are not updated adaptively, this
situation makes their limitations more serious. From this viewpoint, the hybrid Bayesian
networks may be recognized as the most reasonable method in that it can both reflect the
physical features of a system and analyze the system probabilistically in an adaptive way.
Furthermore, this method can work even in the case where sufficient data are not

available. However, the relatively complicated modeling processes may be an obstacle in
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practical applications, and this fact was confirmed in the case study of the inflow forecast
modeling by comparing with the k&-NN nonparametric model.

In summary, for the projects that require interaction between an analysis model and a
DSS, the pure data-driven A-NN method is recommended when sufficient data are
available. For decision making based on ‘what if* type of analysis, a Bayesian modeling
is strongly suggested especially when data set is not large.

A monthly time step is the commonly accepted standard for the purpose of both
designing a new storage project and operating the project. However, monthly average
operational policies tend to overestimate the ability of the system to capture flood peaks
and supply water. Furthermore, system constraints and operations criteria may be based
on finer time scales: hence, it is recommended for further study that the developed
reservoir operation system should be reduced to a weekly or daily real-time operation.
For the expected weekly or daily systems, they should be based on adaptive management
like the monthly ASISO model. Object oriented network-flow models linked to monthly
operation models are strongly recommended in that it is relatively easy to describe a
complicated reservoir system in detail. However, it may be problematic to incorporate
stochasticity of the hydrologic variables into the system.

Forecasting reservoir inflow and stream flow series is surely a strenuous task.
These forecasts however, may be the most important element out of all the procedures for
reservoir system operation. For recommendations for further study about short term
forecast models, Markovian autoregressive models could be made more sophisticated by
incorporating a variety of exogenous variables such as temperature and humidity. As
another alternative, a disaggregation forecast model may be considered, which is
connected to monthly or yearly models.
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APPENDIX-A. MCMC Diagnostics of Rating Analysis Using BMCMC
A-1) Donghyang station

(1) Analysis of the rating under section control in 2004

(Gelman-Rubin R:

(History path) Within- and between-sequence)
achais 1:2 T & chains 12 b chains 12
40.0- 10} 10
0 . ) .
b F
200 05 05
250 0O 00r
0 . . . . 10000 15000 20000 25000 10000 15000 20000 25000
10000 15000 20000 25000 30000 iteration iteration
iler_alicn ~ e chains 1:2 tau chains 1.2
b chains 1:2 1.0F »o 10
5.0
N 05t 05}
3.0 L
DO T & T T T UD T T T T
2 10000 15000 20000 25000 10000 15000 20000 25000
L . . i i . teration teration
10000 15000 20000 25000 30000
iteration
e chains 1:2 N .
. (Autocorrelation
1.8 . . HETE R : i a chains 1:2 b chains 1:2
T ' : 10} 10
1.6 RO A e e R 0.5-& 0.5}
14 * ook 1 T - 0o} hllwm_...-__ﬂ.__,...W
. 7 ; . ; 05F 05
10000 15000 20000 25000 30000 1.0 . -1.0F .
teration 0 20 40 9 20 40
tau chains 1:2 o lag tag
o & chains 1:2 tau chaing 1:2
0.2 10F 100
05 I 05
ot 00 | ool b
051 -0.5
0.q A0 A0t
10000 15000 20000 25000 30000 1] 20 40 0 p2i3 40
iteration lag lag
(Correlation between two parameters)
b e e
50F 19
18
17
16 N
»
15
T T T 1
30
a a b

A-1

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



posterior density

(posterior probabilities of 4 parameters (a, b, e, 7))

posterior probability of a

0 i
N N M
© i 4| = theornommal(30.0,1.48)
i 3 empir.density
o H \
N i ¥
< ] i
; |
]
i }
o |
S i
f .’:
i |
2 |
S ,‘ }
§ i1
o) ,‘! 1\_
o H %
o ‘,’ \‘;
.‘j “\'\»
; .,
[ e o,
o 4 ot .
o
H T ¥ T
25 30 35 40
parameter a
posterior probability of e
o
- theor.norm(1.65,0.038)
< gmpir.density
=3 A
= A
P
z °7 o "
o B
o H
@ H
° - 4
5 © 7 i "‘\
3 ; .
@ / B
& - 1; “\a
o~ : '\‘\
'
s \'»
[=] ol .
T T T T T T T
155 160 185 170 175 180 185

parameter e

posterior distribution of b

3 fOTE
¥ 7 theornormal(2.57 041}
/ \ + empir.density
= & ] I
5 3
S H 4
5 \
5 % {
3 o § \
2 /
)
) i
S \‘%
\
K
o e Sy,
2
T T T T T T
10 1.5 20 25 30 35 40 45
parameter b
posterior probability of tau
wn &,
- 0y,
Y
i k)
E i)
-— theor norm{0.14,0.0265) 4
o empir.density H '\&
= < 4
b ,f H
= ]’ 1
e /
g / |
& ; {
) i b
& e 4 i i
4
¥ :
'; \
o - - S
T T T T T T
0.00 005 0.10 0.15 0.20 025
parameter tau
A-2

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



(2) Analysis of the rating under channel control in 2004
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A-2) Hotan station

(1) Analysis of the rating under section control in 2004

(Gelman-Rubin R:

(History path) Within- and between-sequence)
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(2) Analysis of the rating under channel control in 2004

(Gelman-Rubin R:
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(posterior probabilities of 4 parameters (a, b, e, 7, al, b1)
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A-3) Source code of WinBUGS for the reliability analysis of ratings using MCMC

# Qu: the observed unsteady flow

# muu: the computed mean of unsteady flow

# Qs: the computed steady flow

# hu: the stage corresponding to the unsteady flow

# dhdt: the variation rate of stage in time

# hysteresis_correction: the degree of unsteadiness by the Jones formula
# U: the number of observations

# dnorm: a Normal distribution

# M: the number of data points for simulation of loop shaped raring curve

# Training the a,b, and e of Oza(h-e)b and al & bl of the Jones formula

Model
{
for (k in 1:U)
{
Qu[k]~dnorm(muu[k], tau)
muu[k] <- hysteresis_correction [k]* Qs[k]
Qs[k] <- a * pow((hu[k]-¢), b)
hysteresis_correction[k] <- pow(1+1/sv[k]*dhdt[k], 0.5)
sv[k] <- 1/(al+b1*hu[k]+c1*hu[k]*hu[k])
}

# Simulation of steady and loop shaped unsteady rating
for (m in 1:M)
{

Qs_sim[m] <- a * pow((h_sim[m]-e), b)
sv_sim[m] <- 1/(al+b1*h_sim[m]+c1*h_sim[m]*h_sim[m])
correct_sim[{m] <- pow(1+1/sv_sim[m]*dhdt_sim{m], 0.5)
Qu_sim[m] <- correct_sim[m]* Qs_sim[m] #unsteady flow
}
# Prior Probabilities for the Parameters
a~dgamma(a_1st, a 2nd) #Gamma distribution
b~dunif(b_1st, b _2nd) #Uniform distribution
e~dunif(e_1st, ¢ 2nd)
al~dunif(al 1st, al 2nd)
bl~dunif(b1l_1st, bl 2nd)
cl<-0
tau~dgamma(tau_1st, tau_2nd)
sigma <~ sqrt(1 / tau)
variance <- (1 / tau)

A-9
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APPENDIX-B. Development of a Reservoir Inflow Forecast System
B-1) Joint probability of the monthly inflow in the Chungju reservoir using KDE
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B-2) MCMC diagnostics of the stochastic ANN model in December

(History path) (Posterior probability of parameter)
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(Gelman-Rubin R: (Autocorrelation)

within- and between-sequence)
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APPENDIX-C. Development of the Probabilistic BOD and TP Models

C-1) MCMC diagnostics for the BOD model at the reach of Geumnam to Gongju

(Monthly posterior probability of k. Bg. Gn)
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C-3) Source code of WinBUGS for the BOD model (DC dam ~ Gongju station)

#DC :the Daecheong dam

#Gp  :the Gapcheon tributary

#Bg :the Bugang water quality measurement site
# Mh : the Mihocheon tributary

#Gn :the Gumnam flow measurement site

#Gj :the Gonhju control point (flow measurement site)

#Jn  :junction

#k : decay + settling rate (/d)

#X : the distance (m) between two points for water quality analysis
#U : velocity (m/d) between two points for water quality analysis
#Q  :flow (m’/s)

#L : BOD (mg/L), remaining oxidizable organic matter

#bef : before

#1J : the number of observations

# Training or calibration of BOD model over reaction rate (kr)
Model {

for Gin 1:J) {

# right before junction between the Geum River and Gapcheon tributary
L.bef.Gp[j] <- L.DC[j]*exp(-1*k.DC.Bg[j]*X.DC.Gp/U.bef.Gp[j])
U.bef.Gp[j] <- 24*3600*(alp.DC.Bg*pow(Q.bef.Gpl[j], bet. DC.Bg))
Q.bef.Gp[j] <- Q.DCJj]

# at the junction between the Geum River and Gapcheon tributary
L.Jn.Gp[j] <- (L.Gp[j]*Q.Gplj] + L.bef.Gp[;1*Q.bef.Gp[;])/Q.Jn.Gp[j]
Q.In.Gplj] <- Q.Gp[i+Q.bef.Gplj]

# at Bugang station
Obs.Bg[j]~dnorm(L.Bg[j], taul)

L.Bg[j] <- L.Jn.Gp[j]*exp(-1*k.DC Bg[j]*X.Gp.Bg/U.Bgli])
U.Bg[j] <- 24*3600*(alp.DC.Bg*pow(Q.Bg[j], bet. DC.Bg))
Q.Bg[j] <- Q.Jn.Gp[j]*inc_ratio.Bg

# right before junction between the Geum River and Miho tributary
L.bef Mh[j] <- L.Bg[j]*exp(-1*k.Bg.Gn[j]*X.Bg.Mh/U.bef. Mh[j])
U.bef.Mh[j] <- 24*3600*(alp.Bg.Gn*pow(Q.bef.Mh([j], bet.Bg.Gn))
Q.bef.Mh[j] <- Q.Bg[j]

# at the junction between the Geum River and Miho tributary
L.Jn.Mh[j] <- (L.Mh[j}*Q.Mh[j] + L.bef. Mh[j]*Q.bef. Mh[j])/Q.Jn.Mh[j]
Q.Jn.Mh[j} <- Q.Mh[j]+Q.bef.Mh[j]

# at Geumnam station
Obs.Gn[j]~dnorm(L.Gnlj], tau2)

L.Gn[j] <- L.In.Mh[j]*exp(-1*k.Bg.Gn[j]*X.Mh.Gn/U.Gn[j])
U.Gn[j] <- 24*3600*(alp.Bg.Gn*pow(Q.Gnlj], bet.Bg.Gn))
Q.Gn[j] <- Q.Jn.Mh[j]*inc_ratio.Gn

# at Gongju station
Obs.Gj[jJ~dnorm(L.Gj[j], tau3)

L.Gj[j] <- L.Gn[jJ*exp(-1*k.Gn.Gj[j]*X.Gn.Gj/U.Gj[j])
U.Gj[j] <- 24*3600*(alp.Gn.Gj*pow(Q.Gjlj], bet.Gn.Gj))
Q.Gj[j] <- Q.Gn[j]*inc_ratio.Gj }
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# Prior Probabilities for the Parameters

k.DC.Bg[1]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.DC.Bg[2]}~dnorm(0.10, 0.01)I(0.01, 0.99)
k.DC.Bg[3}~dnorm(0.18, 0.01)1(0.01, 0.99)
k.DC.Bg[4]~dnorm(0.74, 0.01)I(0.01, 0.99)
k.DC.Bg[5}~dnorm(0.12, 0.01)1(0.01, 0.99)
k.DC.Bg[6]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.DC.Bg[7]~dnorm(0.52, 0.01)1(0.01, 0.99)
k.DC.Bg[8]~dnorm(0.90, 0.01)I(0.01, 0.99)
k.DC.Bg[9]~dnorm(0.63, 0.01)I(0.01, 0.99)
k.DC.Bg[10]~dnorm(0.31, 0.01)I(0.01, 0.99)
k.DC.Bg[11]~dnorm(0.73, 0.01)I(0.01, 0.99)
k.DC.Bg[12]~dnorm(0.67, 0.01)I(0.01, 0.99)

k.Bg.Gn[1]~dnorm(0.90, 0.01)I(0.01, 0.99)
k.Bg.Gn[2]~dnorm(0.10, 0.01)1(0.01, 0.99)
k.Bg.Gn[3]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Bg.Gn[4]~dnorm(0.10, 0.01)1(0.01, 0.99)
k.Bg.Gn[5]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Bg.Gn[6]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Bg.Gn[7]~dnorm(0.90, 0.01)1(0.01, 0.99)
k.Bg.Gn[8]~dnorm(0.90, 0.01)I(0.01, 0.99)
k.Bg.Gn[9]~dnorm(0.85, 0.01)I(0.01, 0.99)
k.Bg.Gn[10]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Bg.Gn[11]~dnorm(0.10, 0.01)1(0.01, 0.99)
k.Bg.Gn[12]~dnorm(0.44, 0.01)1(0.01, 0.99)

k.Gn.Gj[1]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Gn.Gj[2]~dnorm(0.52, 0.01)[(0.01, 0.99)
k.Gn.Gj[3]~dnorm(0.52, 0.01)I(0.01, 0.99)
k.Gn.Gj[4]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Gn.Gj[5]~dnorm(0.26, 0.01)I(0.01, 0.99)
k.Gn.Gj[6]~dnorm(0.17, 0.01)I(0.01, 0.99)
k.Gn.Gj[7]~dnorm(0.33, 0.01)I(0.01, 0.99)
k.Gn.Gj[8]~dnorm(0.90, 0.01)1(0.01, 0.99)
k.Gn.Gj[9]~dnorm(0.75, 0.01)I(0.01, 0.99)
k.Gn.Gj[10]~dnorm(0.10, 0.01)1(0.01, 0.99)
k.Gn.Gj[11]~dnorm(0.10, 0.01)I(0.01, 0.99)
k.Gn.Gj[ 12]~dnorm(0.10, 0.01)I(0.01, 0.99)

taul~dgamma(1.0E-0, 1.0E-3)
tau2~dgamma(1.0E-0, 1.0E-3)
tau3~dgamma(1.0E-0, 1.0E-3)
sigmal <-sqrt(1 / taul)
sigma2 <- sqrt(1/ tau2)
sigma3 <-sqrt(1 / tau3)

C-5
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C-4) MCMC diagnostics for the TP model at the DC reservoir with monthly
averaged TP loading rates and discharges from the YD reservoir and YD.Oc
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probability distribution of the simulated TP in the DC reservoir by month

Risk of TP Standard Violation in February

Risk (%)

Release of YD
Res. (m3/s)

Release of DC Res.
(n3/s)

Risk of TP Standard Violation in March

S
3
I
21
4
Release of YD
Res. (m3/s)
Release of DC Res.
(m3/s)
Risk of TP Standard Violation in April
g
ke
4
[
7 21
7
Release of YD
Res. (m3/s)
Release of DC Res.
(m3/s)
Risk of TP Standard Violation in May
100
30
g 60t
=
i 40

91 Release of YD
Res. (m3/s)
Release of DC Res.
(m3/s)

C-5) Risk of the TP standard violation and the mean of the posterior predictive
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Risk of TP Standard Violation in August
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Risk of TP Standard Viclation in December Mean of Posterior Predictive PDF of Tp in December
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C-6) Source code of WinBUGS for the TP model in the Daecheong reservoir

#DC : the Daecheong dam

#YD : the Yongdam dam

#0OC : the Ok-cheon station

#BC : the Bo-cheong tributary
#TP : the total phosphorous (mg/L)

#Q.YD, Q.DC : the release of YD & DC dams (m’/s)
# Obs.Tp.DC  : the observed TP of DC dam (mg/L)

#W : the load of TP (kg/month)

# ks : a first order settling velocity (/month)

#kr : the contributed rate of the TP load from YD dam at the Ockcheon
#1] : the number of observations

# Training or calibration of TP model over ks and kr
Modet {
for jin 1:J) {
Obs.TP.DC[j]~dnorm(TP.DC[j], tau)
TP.DCJj] <- (W.DCJ[j]*1.0E6)/(Q.DC[j]*24*3600*days[j] +
ks*Vol.DC[j]*1.0E6)/1000

W.DC[j] <- kr*W.YD[j] + W.YD.OC[;] + W.BC[j}]

W.YD[j] <- (TP.YD[j]1*1000)*(Q.YD[;]*24*3600*days[j])/1.0E6 }
# Prior probabilities for the parameters

ks~dnorm(0.05, 0.001)1(0.001,0.9524) : Normal distribution

kr~dnorm(0.70, 0.001)1(0.001,0.99)

tau~dgamma(1.0E-0, 1.0E-3) : Gamma distribution

sigma <- sqrt(1 / tau)
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