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ABSTRACT

ANALYSING DESIGN PARAMETERS OF HYDROELECTRIC POWER PLANT
PROJECTS TO DEVELOP COST DECISION MODELS BY USING REGRESION AND
NEURAL NETWORK TOOLS

Sahin, Haci Bayram
M.Sc., Department of Civil Engineering

Supervisor: Assoc. Prof. Dr. Murat Glindiiz

December 2009, 114 pages

Energy is increasingly becoming more important in today’s world. Ascending of
energy consumption due to development of technology and dense population of
earth causes greenhouse effect. One of the most valuable energy sources is
hydro energy. Because of limited energy sources and excessive energy usage,
cost of energy is rising. There are many ways to generate electricity. Among the
electricity generation units, hydroelectric power plants are very important, since
they are renewable energy sources and they have no fuel cost. Electricity is one
of the most expensive input in production. Every hydro energy potential should
be considered when making investment on this hydro energy potential. To
decide whether a hydroelectric power plant investment is feasible or not, project
cost and amount of electricity generation of the investment should be precisely
estimated. This study is about cost estimation of hydroelectric power plant

projects. Many design parameters and complexity of construction affect the cost



of hydroelectric power plant projects. In this thesis fifty four hydroelectric power
plant projects are analyzed. The data set is analyzed by using regression analysis
and artificial neural network tools. As a result, two cost estimation models have
been developed to determine the hydroelectric power plant project cost in early
stage of the project.

Keywords: Hydroelectric Power Plants, Cost Estimation, Cost Analysis, Cost
Model, Regression, Artificial Neural Networks.
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HIDROELEKTRIK SANTRAL PROJELERININ DIZAYN PARAMETRELERININ
REGRESYON VE SINIR AGI ARAGLARI ILE ANALIZ EDEREK MALIYET BELIRLEME
MODELLERININ GELISTIRILMESI

Sahin, Haci Bayram
Yiiksek Lisans, Insaat Miihendisligi

Tez Ydneticisi: Dog. Dr. Murat Glnduiz

Aralik 2009, 114 sayfa

Glnidmiz dlnyasinda enerji 6nemi hizla artan bir degerdir. Teknolojinin
gelismesiyle ve diinya niifusunun yogunlugu nedeniyle eneriji tiiketimindeki artis
diinyada sera etkisine sebep olmaktadir. En dederli enerji kaynaklarindan biri
hidroenerjidir. Enerji kaynaklarinin sinirli olmasinda ve hizli enerji tiketiminden
dolay! enerji maliyetleri ylkselmektedir. Elektrik Gretmenin farkl yollari vardir.
Yenilenebilir enerji kaynak tiirii oldugundan ve isletme sirasinda yakit maliyeti
olmadigindan dolayl hidroelektrik santralleri ¢ok ©nemli elektrik Gretim
birimlerinden birisidir. Elektrik Gretimde c¢ok pahal bir girdidir. Hidroelektrik
santralleri icin yatinm vyapilacagi zaman bitiin hidroelektrik potansiyeller
yapilabilir olup olmadigi arastirimali ve degerlendirilmelidir. Bir hidroelektrik
santral projesinin yapilabilirligine karar vermek icin o hidroelektrik santralin
maliyeti ve elektrik Gretimi dogru olarak tahmin edilmelidir. Bu tezde hidroelektrik

santral projelerinin maliyet tahmini (zerinde calisiimistir. Insaatinin zorlugu ve

Vi



cok fazla dizayn parametresi hidroelektrik santral projelerinin maliyetini
etkilemektedir. Bu tez icin elli dort adet hidroelektrik santral projesi incelenmistir.
Bu hidroelektrik projelerinin maliyetlerini, bazi dizayn parametrelerini ve
projelerin dzelliklerini igeren bir tablo olusturulmustur. Bu data kiimesi regresyon
ve yapay sinir agi analiz araclari kullanilarak analiz edilmistir. Sonuc olarak,
hidroelektrik santral projelerinin proje safhasinda maliyetlerini tahmin etmek icin
iki farkh maliyet tahmin modeli geligtirilmistir.

Anahtar Kelimeler: Hidroelektrik Santralleri, Maliyet Tahmini, Maliyet Analizi,
Maliyet Modeli, Regresyon, Yapay Sinir Aglari.
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CHAPTER 1

INTRODUCTION

In today’s world, one of the indispensable demands in every part of the life is
electricity due to not only widely use of electrical equipments in homes but also
in factories to produce manufactured goods. Every moment the usage of
electricity is increasing because of rising of world population and rapidly
development of technology. Electricity can be generated from various sources
such as nuclear, coal, natural gas, fuel oil, water, wind, sun etc. The most
important energy resource to generate electricity is renewable energy resources
compare to fossil energy resources. Electricity derived from any renewable
energy source (RES) is considered “green” because of the negligible impact on

greenhouse gas emissions (Rahman, 2003).

In this thesis, hydroelectric power plant (HEPP) projects are taken into account
among the other electricity generation ways. HEPP projects generate green
electricity at low cost that is; there is no fuel cost during the operation of HEPP.
On the other hand, initial investment on HEPP project is expensive due to high
number of design parameters and complexity of the construction. On account of
the limited water resources and being a crucial energy type, every hydro
potential should be investigated. In HEPP projects, two indicators should be
considered; energy generation amount and the cost of investment, where cost is

studied in this thesis.



In order to calculate the cost of a HEPP project accurately, a detailed
hydrological study, site investigation, a good basin planning, geotechnical survey
and various tests are essential. Not only have these steps taken long time and
financial resources, it also might be the waste of time and money. Since these
design stages are too time consuming, other fast yet accurate methods are
required (Verlinden et al., 2008). Improved cost estimation techniques, which are
available to project managers, will facilitate more effective control of time and
costs in construction projects (Hegazy T., 2002). The major aim of this thesis is
to develop an early cost estimation model for HEPP projects. In order to develop
the cost estimation model, regression analysis and neural network tools are used.
This cost estimation model would enable to users to predict investment cost of a
HEPP project in early stage of the project.

This thesis is composed of six chapters. In Chapter 2, related past studies are
reviewed and what affects a HEPP project cost are investigated. In Chapter 3,
brief information about hydroelectric power projects is given. Data collection is
stated in Chapter 4. The effect of parameters on cost of HEPP projects is
explained in Chapter 4 as well. Data is analyzed and cost estimation models are
constructed in Chapter 5. Chapter 6 gives the benefits and shortcomings of the

model. How the model can be improved is also discussed in Chapter 6.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

There is no doubt that electricity is crucial for daily life but green electricity is
more crucial. In order to generate green electricity, renewable energy resources
must be used. Not only the most common way of generating green electricity but
also having one of the highest potential among the renewable resources is HEPP

projects.

It is impossible to know exactly the investment cost of a HEPP project until
starting the operation of it. In order to get an idea whether a HEPP project is
feasible or not it cannot be waited until the construction finishes and the
operation of HEPP project starts. Then, cost of a HEPP should be calculated
before starting the construction. It can be possible after a detailed hydrological
study, site investigation, a good basin planning, geotechnical survey and various

tests.

Based on the all of discussion what can be suggested to make preliminary cost
estimation with almost a free of cost and in a short time? Researchers work on
the cost estimation of construction projects. They develop different techniques

and models to implement for different types of construction projects.



Construction cost is addition of the sum of the all multiplication of material
quantity that is used in construction with the unit prices of these materials and
labor cost. Although preliminary cost in HEPP projects is very useful, there
appears a problem which should be solved with a reasonable way. This problem
is the accuracy of the construction cost that is estimated before the detailed
design. To accomplish the problem, cost estimation methods must be developed.

In literature, different cost estimation methods can be found, resulting in three
main approaches as follows; these are variant-based cost estimation, generative
cost estimation and hybrid cost estimation. (Wierda., 1990).

First proposed cost estimation method is variant-based cost estimation method
which can be explained as finding relationships between a planning project cost
and similar past projects costs. In other words, there should be historical data to
construct cost estimation model. The model is developed based on the known
data of specific type of projects, which is HEPP projects in this thesis, and the
model is applicable for same type of project in the plan stages. The problem here
is the collecting data which should be effective in cost of the project. Besides,
selecting the analysis tool must be acceptable to develop a cost estimation model

which should be representative for all same type of projects.

In generative cost estimation method, different possible construction applications
are analyzed and cost estimation for each application is determined. Therefore,
cost estimation method needs wide information about projects and it can be

applicable in detailed design stage.

The last method, hybrid cost estimation method, can be used when some parts
of the project has enough data whereas other parts has insufficient data. The
cost of the lacking data part can be estimated based on the parts that have

sufficient data by using generative methods.



In this thesis variant-based cost estimation method is studied by analyzing the
data with multiple regression analysis (MRA) and artificial neural network analysis

(NNA) to estimate the cost of HEPP projects in early stages.

2.2  Studies of Early Cost Estimation

Since many cost estimation models were developed by using both MRA and NNA
techniques, in literature comparison of these methods are available.

Kim et. al (2004) collected the data of realized cost of 530 residential building
constructed in Seoul. They analyzed the data with three different methods which
are multiple regression method, neural network model and case-based reasoning
(CBR) model. The aim of this study is the comparison of three methods in

estimating the construction cost of residential buildings.

Kim et. al (2004) used mean absolute error rate as the performance evaluation
criteria which makes results clear and understandable. While analyzing data a
best neural network model is developed. Since, the mean absolute error rate of
best neural network model has the lowest value this model is the most effective
in construction cost estimation. Although neural network model is better for
available data, when new cases come into picture the new best neural network
model should be developed and results may change. On the other hand, CBR
model is easier to update than the other approaches, i.e. updating can be
performed by simply calculating the percentage similarity between the stored
cases in the case base, if necessary. In addition, for the CBR model, if all
variables of a new case are not the same as the stored cases’ variables the
similar case can still be retrieved, although the percentage similarity of the new
case is lower. This is a very important advantage of the CBR model compared
with the neural network model because making all the variables the same as the

stored cases’ variables is usually impossible in practice (Kim et. al, 2004).



Gunaydin and Dogan (2004) developed cost estimation model for buildings with
four to eight floors having reinforced concrete structural systems. In the model
they used eight input data, a hidden layer composed of four processing elements
and a output layer. The performance evaluation criterion of the model is cost
percentage error. Average accuracy is determined as 93% after testing the
model with six projects. Although accuracy of the model is quite enough, number
of input data could be increased in this study. The construction year of projects
to develop model is not mentioned in the study. In other words, developed cost
estimation model cannot be used to estimate construction cost of building
projects, which have four to eight stores, are built in different years. Because
construction time is important due to cost changes in material and labor cost
year by year. Inflation may be effective in cost of construction as well.

Smith and Mason (1999) compared neural network and regression as cost
estimation predictive models. Firstly, a simulated problem is developed in order
to determine the right cost estimation relationship. In this test, 45 neural
network models and total of 135 regression models are built. Three different
equations are used and each 45 regression models have one of three equations.
As a result of the test, having lower variance among all factors show neural
network is less related with the sample. Regression has priority in selection

model when its model commitment phase is successful.

Secondly, Smith and Mason (1999) applied both approaches to a real world cost
estimation data set. This real data set composed of 20 costs of pressure vessels.
Vessel cost dependent on three parameters which are height, diameter and wall
thickness. Finally, they discovered that neural is a good substitution model when

regression model does not work appropriately.

A new technique can be developed as follows;



o First weight of each vessel from data set is calculated.

e Secondly, unit cost of each vessel can be found by dividing the cost of
vessel with total weight. Total weight depends on height, diameter and

wall thickness like the model developed by Smith and Mason.

e Thirdly, calculate average of the unit cost of total data set (20 pressure

vessels).

e Finally, use average unit cost to estimate new pressure vessel after

calculating the weight of the pressure vessel.

Shtub and Versano (1999) compared neural network and regression analysis
while estimating the cost of pipe bending. They analyzed the parameters which
affect the pipe bending cost. Selected parameters are reasonable and
appropriate to estimate the cost. Four pipe families were composed. Neural
network and simple linear regression analyses were applied to same data. End of
the analysis, each and every pipe family’s obtained from neural network analysis

are considerably higher than R? results of regression analysis.

In this thesis, two models are developed based on the past data in order to
estimate the cost of HEPP projects. There is limited study that enables
researchers to estimate cost of HEPP projects. Some available studies are

mentioned below:

Ogayar and Vidal (2009) studied for determination of electromechanical
equipment cost of small HEPP projects. They mentioned some cost estimation
functions developed for different region in order to estimate the cost of

electromechanical equipment (EM). In order to determine parameters they



applied best fit analysis. They considered power, net head and typology of
turbine while determining the cost of the turbine. Besides design discharge of
turbine can be considered as an important parameter of cost estimation function.
Consideration of typology is a good idea. They divided turbines into three groups
which are pelton, francis and kaplan turbines. They formed three cost
determination functions for each type of turbine.

There is a question occurs whether these cost determination functions are
applicable in all regions. In addition to that developed cost estimation functions
are valid for HEPP projects having lover than 2 MW installed capacity. Cost
determination of EM equipment is not a practical solution because EM equipment

cost of a project can be acquired from the manufacturer.

Singal and Saini (2008) analyzed the cost of small dam-toe hydropower plant
having low-head dam-toe small HEPP projects based on the number of
generating units. They classified the HEPPs as micro-hydro, mini-hydro and small
hydro according to their station and unit capacity. Signal and Saini also
categorized the HEPP's as low head, medium head and high head based on their
heads. A method was developed by regression analysis considering head and
installed capacity. This method was applied to create correlations between

number of turbines up to four turbines and layout characteristics of power house.

Signal and Saini (2008) divided the cost of HEPP projects into which are civil
works cost, electro-mechanical cost and other miscellaneous items and indirect
cost. They took the miscellaneous items and indirect cost as %13 of the

summation of the cost of civil works and electro-mechanical cost.

As a result of this study they figured out that increasing in head and the capacity
cause decreasing in unit cost which is cost per kilowatt. Besides increasing in

number of electro-mechanical unit resulted in cost increasing.



2.3 Conclusion of Studies

Cost estimation techniques in construction and how to develop a model to predict
cost of HEPP projects are reviewed in this chapter. Many researchers used
regression and neural network in order to build a prediction model in various
fields of construction business. Some of them made comparisons between results
of application of both methods. In previous applications, there is common
drawback in cost estimation models. Researchers did not take into account
building time of sample projects. This results in impractical cost estimation
methods in application. Because, not only considering the value of time weakens
the models due to different material and labor costs, but also developed models
cannot be properly used for a new project because of time based cost changes.

Determining the HEPPs cost is quite difficult in early stages not only due to many
cost dependent parameters but also availability of various types of HEPP
projects. In order to accomplish this problem, while developing cost estimation
models researchers either limit types of HEPPs or generalize or lessen the cost
dependent parameters. Therefore, cost predictive models cannot be applicable

for all different types of HEPP projects like following two example studies.

First model developed by Ogayar and Vidal (2009) can be used for only small
HEPPs in order to determine the electro-mechanical equipment cost in place of
total construction cost. In addition to that electro-mechanical equipment cost of a

HEPP project can be easily taken from manufacturer company.

Second model created by Singal and Saini (2008) can be applied for only low
head dam toe HEPPs to estimate the cost with considering the number of
generating units. In order to use this model in real life HEPP should have low
head and it should be a dam toe type which is a part of all HEPP project types.

Moreover number of generating units cannot reflect the cost in all situations due



to fact that it's almost no affect on all structures apart from powerhouse. In both

studies cost effect of time is disregarded.

The main aim of this thesis is development of cost predictive models for HEPPs in
early stages by help of the MRA and NNA tools. Since these tools rely on the use
of historic data, fifty four HEPPs data were gathered and they were analyzed with
regression and neural network tools. These fifty four sample project costs were
determined in different years from year 2005 to 2008.

Time is important in construction in terms of money and it is considered while
developing the models in this thesis. All costs of sample projects have been
transformed to the 2008 prices. Costs of projects having prices other than 2008
year are recalculated by using official Turkey escalation coefficient of related
year. Moreover these models can be applicable for most type of HEPP projects.
Because sample projects do not include one type of HEPP project, basic
parameters valid for all types of HEPPs are used in models.
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CHAPTER 3

GENERAL INFORMATION ABOUT HEPPs

The aim of this thesis is to develop a cost estimation model for HEPP projects by
using regression and neural network analysis tools. In this chapter gives the
definition, types and components of HEPPs.

3.1 What is Hydropower

Power obtained from river by potential energy or ocean by wave energy is called
hydropower. Hydroelectricity is electricity generated by hydropower, i.e., the
production of power through use of the gravitational force of falling or flowing
water. It is the most widely used form of renewable energy. Once a hydroelectric
complex is constructed, the project produces no direct waste, and has a
considerably lower output level of the greenhouse gas carbon dioxide (CO2) than
fossil fuel powered energy plants (Wikipedia, http://en.wikipedia.org/wiki/
Hydroelectricity, August 2008). That's why energy produced by hydropower is
called renewable energy. Photo of HEPP projects is given in Figure 3.1 and it

shows how hydropower projects are big and complex structures.
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Figure 3.1 Views of A Ataturk Dam in Turkey
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3.2

Types of HEPPs

Types of hydropower plant projects can be described based on different

parameters. Head and water storage are used in order to classify the HEPP

projects.

3.2.1 Based on Head

Low Head HEPPs : A HEPP plant can be called as low head when
elevation difference between water operation level and tail water level is
less than 30 m. Sometimes head can be a few meters and most of this
type projects are toe type plants because of small head. Since low head
restrains the capacity of stored water, electricity production can be
possible in some seasons having abundant water flow. Thus low head
HEPPs have small installed capacity. There are three low head
hydropower plant projects in the analyzed projects in order to develop

models.

Medium Head HEPPs : Medium head HEPPs are the projects in which
working head of the water is more than 30 m but less than 300 m. Since
the head is quite high, these types of projects are located on
mountainous area. When the project is dam type power plant, the water
reservoir capacity might be high in medium type power plants. There are
thirty three medium head hydropower plant projects in the analyzed
projects in order to develop models.

13



3.2.2

High Head HEPPs : In the high head hydroelectric power plants the
head of water available for producing electricity is more than 300 meters
and it can extend even up to 1000 meters. These are the most commonly
constructed hydroelectric power plants. In the high head hydroelectric
power plants huge dams are constructed across the rivers. There is large
reservoir of water in the dams that can store water at very high heads.
Water is mainly stored during the rainy seasons and it can be used
throughout the year. Thus the high head hydroelectric power plants can
generate electricity throughout the year. The high head hydroelectric
power plants are very important in the national grid because they can be
adjusted easily to produce the power as per the required loads
(Brighthub, http://www.brighthub.com/engineering/mechanical/articles/7
827.aspx#ixzzOWr7fTkVd, October 2009). There are ten high head
hydropower plant projects in the analyzed projects in order to develop

models.

Based on Stored Water

Reservoir HEPPs : The reservoir enables the project to store water
during rainy seasons and to use these water in dry seasons depending
on the capacity of reservoir. The energy produced from reservoir type
power plants can be used whenever the energy is needed and this

increases the energy supply to market. An example is given in figure 3.1.
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e Run-off River HEPPs With Pond : These types of run-off river
hydroelectric power plants usually produce the power during peak loads.
During the day-time and off-peak periods they don’t produce power and
the water is stored in large pond. At night-times and during peak load the
stored water is used to generate electricity. This has been possible
because it is easy to start and stop the hydroelectric power plants, hence
they can be used as peak load power plants (Brighthub, http:
/www.brighthub.com/engineering/mechanical/articles/7827. aspx#ixzzOW
r7fTkvd, October 2009).

¢ Run-off River HEPPs Without Pond : In this type of projects there is
no stored water. That is, water is diverted directly to water turbines
through a penstock. Since there is no stored water, power plant bases on
instant working principle. Generating of electricity depends on the regime
of the river. An example of this type of power plant is given in figure 3.2.

Figure 3.2 Tazimina Project in Alaska Example of Run-off River HEPP
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3.3 Advantages of HEPPs

There are many advantages of hydropower plants. The major advantage of a
HEPP project is able to generate power without fuel. Hence cost of energy
production is low and constant. Other advantages can be noticed as, no air
pollution created, having long life, easy to operate, having irrigation facility,
having recreational facility and preventing of floods.

3.4 Disadvantages of HEPPs

Being the huge and complex structures HEPPs have some disadvantages. Due to
the fact that it covers large areas especially reservoir type power plants, it
disrupts the aquatic ecosystems in the river and the plant and animal life around
the river. Sometimes it causes many people to move and to reaccommodate.
Hydropower plant projects need very high capital investment and high quality of

construction works. Safety problem in these projects is another disadvantage.

3.5 Components of HEPPs

Since a HEPP is composed of many structures, these types of project can be
categorized as complex engineering construction project. The components of a
HEPP project is shown in figure 3.3. Each component of structure is explained

one by one in the following parts.
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Figure 3.3 Components of a HEPP Project

3.5.1 Diversion Structure

Diversion structures are used to divert the water on the river to a conveyance
structure. It can be two types which are dam and diversion weir structures.

e Dam : The biggest structure of a HEPP project and it is used the collect
the water flows through a river. That is, it stores the excessive water
during rainy seasons and it makes the stored water usable in the dry
seasons. There are many types of dams such as arch dams, embankment

dams, buttress dams and gravity dams.
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o Diversion Weir : A diversion weir is a structure built across a river to
raise water elevation up to a specified level and to divert the water in a
specified orientation for different purposes, such as irrigation, hydropower
generation, flood control, etc. There are some important criteria that
should always be satisfied in the design of diversion weirs irrespective of

type. These criteria are listed below (Yanmaz, 2001):

1. The desired amount of water should be diverted for most of the

time.

2. The sediment grains in water should not be allowed to enter
the water intake. However, no matter how perfect the design is,
some sediment will always exist in the diverted water. Therefore,
an ideal design should aim at limiting the amount of entrainment

of especially coarse sediment into the intake.

3. Head losses in the intake should be minimized in order to have

a low spillway.

4. Accumulated objects in front of the intake should be easily

flushed downstream.

5. The flow velocity should be controlled in order to protect the
river bed from the erosion and to protect the related structures

from scouring.

6. Water level fluctuations in front of the intake should be

decreased.

3.5.2 Water Conveyance Structure

e Channel : Channel is the most common type of the conveyance structure
used in HEPP projects because of low construction cost and easy to

construction. On gentle hill slopes, but especially on steep mountain
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sides, the canal should closely follow the contour lines of the area. Over
sufficiently uniform area, the power canal may be designed with an open
cross-section through cuts, overfills and in cut-and-fills as shown in the
Figure 3.4 (Bulu, 2009).

Figure 3.4 Typical Cross Sections of Channels

Tunnel : In some cases constructing the channel is very difficult and
expensive due to steep slope, geological adversities or high expropriation
cost. Because of this reason tunnel is selected as conveyance structure
instead of channel. Tunnels can be designed based on pressurized flow or
open flow. Cross section of tunnel can be horse shoe, circular or mix of
them. Since, a tunnel cannot be opened in small diameter design

discharge should be high enough to pass through minimum tunnel.
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3.5.3 Headpond

The purpose of the headpond (or forebay) is to distribute evenly the water
conveyed by the power canal among the penstocks and, at the same time, to
regulate the power flow into the latter, as well as to ensure the disposal of
excess water. At the headpond the power conduit widens into a basin and thus a
part of the suspended sediment still carried by the water settles down. The
storage capacity of the headpond tends to drop of water level in case of sudden
load increase. Headponds having a storage capacity may even provide daily
storage for the plant (Bulu, 2009). A figure of headpond taken from Bulu is given
in Figure 3.5.

Figure 3.5 General Arrangement of The Headpond
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3.5.4 Penstock

The penstock is the long pipe or the shaft that carries the water flowing from the
reservoir towards the power generation unit that comprises of the turbines and
generator. The water in penstock possesses kinetic energy due to its motion and
potential energy due to its height. The total amount of power generated in the
hydroelectric power plant depends on the height of the water reservoir and the
amount of water flowing through the penstock. The amount of water flowing
through the penstock is controlled by the control gates (Brighthub,
http://www.brighthub.com/engineering/mechanical/articles/7122.aspx,
September 2008). The design of penstock diameter is very important because,
diameter is affects the head loses due to friction. That's why generally penstock
is made of steel having small roughness coefficient.

3.5.5 Power House

Power house is the structure where the energy is produced and transferred to
interconnect system by energy transmission line. Power house is the operating
center of the hydropower and contains all control systems. Electromechanical
equipments are located in powerhouses. The function of the power house is
protecting the electric and electronic instruments, which are very expensive parts
of the hydropower projects, from hazardous effects. That's why it should be well

designed and constructed.
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CHAPTER 4

COLLECTION and IDENTIFICATION of DATA

4.1 Introduction

Basically hydroelectric power plants are composed of several structures which are
diversion weir or dam body, water intake structures, water conveyance
structures, head pond or surge tank, penstock and power houses. Since these
projects are complex engineering structure they are designed based on many
parameters. Cost estimation models are developed by selecting and analyzing
most important parameters affecting the size of HEPP projects. In order to create
prediction models what types of data were collected and identification of those
data are mentioned in this chapter. How to calculate a cost of a HEPP project in
the feasibility stage is expressed Chapter 4 as well.

4.2 Data Collection

Many researchers studied on cost estimation techniques for various types of
construction projects in early stages. Most of the studies in Turkey are
performed for structural works such as residential buildings, bridges, tunnels and
so on. However, Turkey has important role in the energy market which shows

expeditious growing and it is urgently needed to construct new energy project
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including hydropower projects. The decision for making investment on a HEPP
project is very difficult and expensive procedure. Because determining the cost of
a HEPP project needs extensive feasibility research which is time and money

consuming survey.

The main purpose of this study is to estimate the cost of HEPP projects at the
beginning phase of the projects. That's why two prediction models were
developed by using two different analysis tools in this study. Hence this study
makes the investment decision of a HEPP project easy by eliminating the cost

and time requirements.

Developing the prediction models has steps and the first phase is the collecting
the data which is planning to be analyzed. The most important part of gathering
data is what type of data should be investigated. Totally, fifty-four HEPP projects
are investigated and data of these projects are accumulated. One of the
difficulties of cost estimating of HEPP projects is the generalization of these types
of projects as one type like residential building projects. While selecting the
sample projects, this point was taken into account and these projects contain
almost all types of HEPP projects. Due to the fact that information about sample
projects is confidential, the names of projects are not provided. So instead of
names, the projects were called by numbers. Table 4.1 shows that variety of
sample projects which were used in modeling whereas Table 4.2 represents the

variety of testing projects.
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Table 4.1 Types and Province of Sample HEPP Projects

Project

Types of HEPP Projects

Province
Number Based on Head | Based on Stored Water

1 High Head Reservoir Rize

2 High Head Run-off river Rize

3 High Head Reservoir Trabzon
4 High Head Run-off river Trabzon
5 Medium Head Run-off river Trabzon
6 High Head Reservoir Artvin

7 Medium Head Run-off river Mersin
8 Low Head Run-off river Balikesir
9 High Head Run-off river Artvin
10 Medium Head Run-off river Rize

11 Medium Head Run-off river Rize

12 Low Head Run-off river Rize

13 Medium Head Run-off river Ordu

14 Medium Head Run-off river Ordu

15 Medium Head Run-off river Ordu

16 Medium Head Reservoir Mersin
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17 Medium Head Run-off river Adana
18 High Head Run-off river Trabzon
19 Medium Head Run-off river Trabzon
20 Medium Head Reservoir Antalya
21 Medium Head Run-off river Antalya
22 Medium Head Run-off river Antalya
23 Medium Head Run-off river Antalya
24 Medium Head Run-off river Artvin
25 Medium Head Run-off river Rize

26 Medium Head Run-off river Bolu

27 Medium Head Run-off river Kayseri
28 Medium Head Run-off river Artvin
29 Medium Head Run-off river Kastamonu
30 Medium Head Run-off river Trabzon
31 Medium Head Run-off river Trabzon
32 Medium Head Run-off river Adana
33 Medium Head Run-off river Bursa
34 Medium Head Run-off river Ankara
35 Low Head Run-off river Ankara
36 Medium Head Run-off river Giresun
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37 High Head Run-off river Ordu
38 High Head Run-off river Trabzon
39 Medium Head Run-off river Trabzon
40 Medium Head Run-off river Trabzon
41 Medium Head Run-off river Trabzon
42 Medium Head Run-off river Artvin
43 Medium Head Run-off river Trabzon
44 Medium Head Run-off river Ordu
45 Medium Head Run-off river Artvin
46 Medium Head Run-off river Artvin
47 Medium Head Run-off river Artvin
48 High Head Run-off river Dizce
49 Medium Head Run-off river Trabzon

Forty nine of fifty four projects were selected as sample projects in order to be

analyzed for creating prediction models. This sample of projects composed of

various projects located fourteen different provinces of Turkey. Other five

projects will be used for validation purposes.

As it stated before HEPP projects are divided into groups according to their head

and capability of water storage. When head of a HEPP project is lower than 30

m, it can be categorized as low head hydroelectric power plant. A HEPP project is

called high head hydroelectric power plant if its head is higher than 300 m,
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otherwise it is in the medium head hydroelectric power plant. There are ten high
head power plant projects, three low head power plant projects and thirty six

medium head power plant projects in the sample projects.

The amount of head in a HEPP project affects the cost of the project since it
affects the size of some structures. It is directly proportional with the length of
penstock. If two HEPP projects having equal installed capacity are compared the
effect of head on the cost of projects can be understood. Installed capacity is
calculated by two parameters which are design head and design discharge. When
design heads and design discharges of two HEPP projects are different whereas
they have equal installed capacity, weights of cost affecting parameters shows
diversities. Structure sizes of the project having higher head and smaller design
discharge are small. On the other hand, in order to get high elevation difference,
longer conveyance structures are needed. Unit length cost of smaller size
conveyance structure is low but total length should be long to provide high head.
On the contrary; structure sizes of the other project having bigger design
discharge and smaller elevation difference, are big. Unit length cost of bigger size
conveyance structure is high but total length should be short to provide low

elevation difference.

Cost effecting parameters can be changed according to the type of hydropower
plant projects based on stored water. In a reservoir type projects there are
shorter or no conveyance structures such as tunnels and channels, and this
decreases the cost of the project. But the dam body, which provides some part
or all of the elevation difference, increases the cost of the project. The opposite
of this situation is valid for run-off river projects. That is, lower dam body cost
but higher cost of conveyance structures. In order to develop generalized cost
estimation models for HEPP projects, all types of HEPP projects are tried to be

collected in the database.

27



Table 4.2 Types and Province of Testing HEPP Projects

Type of HEPP Projects
Based on| Based on Stored
Project Number | Head Water Province
50 Medium Head Run-off river Bursa
51 Medium Head Run-off river Artvin
52 Medium Head Run-off river Mersin
53 High Head Run-off river Giresun
54 Medium Head Reservoir Giresun

Table 4.2 shows the types of testing projects based on head and stored water
with their provinces. Four of the testing projects are medium head hydropower
plant projects and the last one is the high head hydropower plant project. The
number of run-off river hydropower plant projects is four and there is one

reservoir type hydropower plant project in the testing projects.

Data collection is one of the most difficult parts of this study. Fifty four feasibility
reports about HEPP projects were collected. These feasibility reports were
gathered from construction companies having hydroelectric power plant
investment and engineering companies which prepare those feasibility reports.
Fifty four reports were investigated and necessary data set was constructed. The

steps of feasibility report study is explained in section 4.4.
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4.3 Data Identification

Collected data type and their definitions are explained in this chapter. As
mentioned before totally fifty four HEPP projects were collected and data of
those projects were gathered in order to develop prediction cost models by
analyzing these data.

Installed Capacity: This parameter gives the information about the size of
HEPP project. It can be calculated by multiplication of the design discharge,
design head, gravitational acceleration and the efficiency of turbines as shown in
the equation (1). Since it is dependent to design discharge and design head, it
cannot be used in regression analysis as an independent variable.

IC=QixHixgxn (1)

Where; IC is installed capacity, Qq is design discharge, Hy is design head, g is

gravitational acceleration and n is the efficiency of turbines.

Design Discharge: This parameter is one of the important parameter that
determines the size of installed capacity, settling basin, conveyance structure,
headpond. Deciding to design discharge is dependent to technical and
economical parameters mainly to water supply of the project. Figure 4.1 shows
the water sustainability of project 11 in the sample projects. In this project the
design discharge was selected as corresponding to 10.9% of the total coming
water in the place of diversion weir. The corresponding percents are changed

from project to project.
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Figure 4.1 Discharge Sustainability Graph of Project 11

Average Discharge: This parameter is the average of the all discharges
calculated from water supply of the corresponding project. The discharge
sustainability graph is drawn by all calculated daily discharges of project 11 from

water supply of that project as shown by Figure 4.1.

Design Head: This parameter is determined in the basin plan which arranges
the projects in that basin. The gross head is the elevation difference between
the operation water level and tail water level. The net head is the result of

subtraction of head loss from the gross head.
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Conveyance Length: This parameter is the length of conveyance structure. In
order to provide potential energy of diverted water, it should be transported to
headpond by conveyance structure or water is stored in reservoir type
hydroelectric power projects. The length of conveyance structure is affected by
the aim of river along the river bed, gross head of the project and the

topography.

Energy Transmission Line Length: This parameter is the length of energy
transmission line from power house to transformer station. The length of
conveyance structure is affected topography of the path and closeness of a city.

Penstock Diameter: Penstock diameter is calculated by average flow. The
velocity of water in the penstock cannot exceed the allowable limit because of
the head loss as a result of friction. Income loss due to head decreasing is

compared with the increasing cost of penstock due to bigger diameter.

Penstock Length: This parameter is the length of penstock. The length of
penstock is affected by the gross head of the project and topography of the path

between headpond and powerhouse.

Five Year Occurrence Flood Discharge: This parameter is calculated by
different methods such as mockus method, unit hydrograph method. It is
affected by the basin parameters like aim of the river, shape of the basin, soil
characteristics of the basin, rainfall intensity of the area. Cofferdam and diversion

channel or tunnel is designed by considering the five year occurrence flood.

Hundred Year Occurrence Flood Discharge: This parameter is calculated
similar to five year occurrence discharge. Instead of five year occurrence rainfall

intensity hundred year occurrence rainfall intensity is used in the calculations.
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Same basin parameters are used. Dimensions of the spillway are designed by

determining this parameter.

Catchment Area of the Basin: This parameter is measured the area of ring
which starts from the diversion weir, follows along all hills around the river and

ends at the starting point.

Ranges of parameters which are explained previously are given in Table 4.3. The
table shows diversity of HEPP projects. This enables the prediction models to be

capable of using for different type and ranges of HEPP projects.
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Table 4.3 Ranges of Parameters

Parameter| Maximum Minimum Unit
Cost 560,086,864 |1,517,062 |TL
IC 290.00 0.34 MW
Qave 112.56 0.17 m*/s
Qd 369.51 0.37 m’/s
Hd 493.32 4.90 m
Lt 17305.00 0.00 m
Lc 11127.00 0.00 m
Letl 30.00 0.50 Km
Dp 6.00 0.50 m
Lp 1055.14 51.00 m
Q5 1219.70 4.33 m’/s
Q100 2193.50 9.11 m’/s
A 10069.00 7.24 Km?

Since the values of parameters are much more than one as shown in the table
4.3, iteration numbers in the neural network analysis is very high. Therefore
normalization procedure is applied on parameters and it was tried to take the

parameters values to between 0-1 range.
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Data are generally normalized for confidentiality and for effective training of the
model being developed. The normalization of training data is recognized to
improve the performance of trained networks (Siquera, 1999). That's why

normalization procedure was performed and it is shown in table 4.4.
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Table 4.4 Normalization Procedure of Parameters

Parameter | Original Unit| Divided by
Cost TL 1,000,000,000
IC MW 100

Qave m®%/s 1,000

Qd m®/s 1,000

Hd m 1,000

Lt m 1,000

Lc m 10,000

Letl Km 100

Dp m 10

Lp m 1,000

Q5 m®/s 1,000

Q100 m%/s 1,000

A Km? 10,000

In order to use the prediction models all parameters should be normalized by
dividing corresponding parameter with given numbers as shown in the table 4.4
before putting into the model. The result will be the billion TL and it can be
converted into million TL by multiplying the result with thousand.
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4.4 Cost Calculation Procedure of HEPPs

Step-1 : The first step of cost calculation procedure for HEPP projects is
determining the project formulation that is project layout to site. In the project
layout locations of structures, conveyance structure path and penstock path are
determined. A project layout is given in appendices A.

Step-2 : Hydrological calculations are performed in the second step. Water
supply of the project is calculated by using past stream gauging stations data of
corresponding river. Minimum twenty five year water data is collected and the
data should be daily for run-off river type projects and monthly for reservoir type
projects. The flood flows for different occurrence years are computed as well in
this step.

Step-3 : After performing of water supply, installed capacity, energy production,
design head and design discharge are determined by cost benefit analysis based

on the regime of that river.

Step-4 : Dimensions of structures are designed in this step after determining the
design discharge. Length, width, depth and number of divisions of settling basin,
length, width, depth of conveyance structure and headpond are determined
based on design discharge. Spillway dimensions are determined based on
hundred years occurrence flood discharge. Cofferdam and diversion channel
dimensions are designed based on five years occurrence flood discharge.
Diameter and thickness of penstock are determined based on average discharge
and design head. Power house dimensions are designed based on type and

number of turbines.
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Step-5 : The dimensions of all structures are known after step-4. In order to
apply the structures to field and in order to make quantity take-off engineering
drawings are performed in this step. Drawings of a project used in prediction

models are given appendices A.

Step-6 : Quantity take-off calculations of all structures are performed in this
step. Each cost of structure is computed by multiplying the quantity take-off of
corresponding structure with related item unit price which is determined by State

Hydraulic Works in every year.

Finally, cost of a HEPP project is found by adding of each structure cost
computes as mentioned in step-6. As a summary cost of a HEPP project can be
calculated in six steps as expressed in this chapter. Appendix-A shows the
drawings of project of which data was used in developing the prediction models.
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CHAPTER 5

DATA ANALYSIS and PREDICTIVE MODEL DEVELOPMENT

Construction clients require early and accurate cost advice, prior to site
acquisition and the commitment to build, to enable them to assess the feasibility
of the proposed project; this is a key task, performed by construction contract
price forecasters (Lowe et al.,2006). The cost thus needs to be estimated within
a specified accuracy range, although all necessary detailed information is not
present yet. To overcome this lack of detailed information, cost-estimation
techniques are used to approximate the cost within a certain accuracy range
(Verlinden et al., 2008).

The main objective of this study is to develop cost estimation models for HEPP
projects. The models are constructed by analyzing past data of fifty four sample
projects with regression and neural network tools. This chapter explains what
types of data are used as cost effective parameters, how to analyze data with
both methods and methodology of MRA and NNA.

5.1 Analyzed Data Set

Regression is a data oriented technique because it deals directly with the
collected data without considering the process behind these data (Zayed and

Halpin, 2005). Similar to this idea NNA needs historical data in order to be
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trained while determining the relationship between dependent and independent
variables. Therefore past data is required in order to construct a cost estimation
model by using MRA and NNA techniques. Selecting data needs high attention
because better representative parameters provide better relations between
prediction and predicted data which means that a strong estimation method.

In order to construct a cost related data set fifty four feasibility reports of various
types of HEPP projects are examined carefully. These all feasibility reports are
approved by State Hydraulic Works (DSI) and admitted by Energy Marketing
Regulatory Authority (EPDK). Types of collected parameters are shown in Table
5.1 and each cost related parameters affecting cost of a HEPP is explained in the

next section.
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Table 5.1 Analyzed Data Set

PC Project Cost

IC Installed Capacity

Qa Average Discharge

Qd Project Design Discharge

Hd Project Design Head

Lt Length of Tunnel

Lc Length of Channel

Letl Length of Energy Transmission Line
Dp Diameter of Penstock

Lp Length of Penstock

Q5 Five Year Occurrence Flood Discharge
Q100 Hundred Year Occurrence Flood Discharge
A Catchment Area of The Basin

Totally twelve cost effective parameters were determined and those parameters

were gathered form fifty four HEPP projects.
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5.2 Cost Effecting Parameters

What the cost components of a HEPP project is listed as;

Construction Cost (CC): This item consists of all construction work costs which
are excavations, backfills, formworks, concretes, reinforcements and

transportation costs of related materials.

Electromechanical Cost (EMC): This item consists of all electromechanical
equipment costs which are turbines, generators, switchyard, energy transmission

line and related electric and electronic equipment costs.

Hydro-mechanical Cost (HMC): This item consists of all hydro-mechanical
costs which are penstock, gates, valves, pipes, gutters and related mechanism

costs.

Expropriation Cost (EC): This item is the cost of land on which HEPP project is

going to be constructed.

Unpredicted Cost (UC): This cost item is added to project cost as a
contingency of the project.

Engineering and Consultancy Cost (ECC): This item is the cost of

engineering and consultancy costs which are design and controlling work costs.

Interest Cost (IC): This item is the cost of interest occurred during
construction period. Table 5.2 shows a representative cost table of HEPP project

which is one of the sample projects used in analysis.
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Table 5.2 Cost Table of HEPP Project -1

HEPP Project-1 Cost Table Cost (TL)
1 Coffer Dams
l.a Upstream Cofferdam 372,795
1.b  Downstream Cofferdam 144,891
Sub-Total 517,686
2 Derivation Tunnel, Sluice Outlet and Valve Room 3,991,901
3 Dam and Spillway
3.a Rockfill Dam With Clay Core 1,161,642
3.b Spillway 4,417,011
Sub-Total 5,578,653
4 Inlet Structure 2,979,958
5 Conveyance Tunnels and Approach Tunnels
5.a Conveyance Tunnel 104,390,161
5.b  Approach Tunnels 1,312,723
Sub-Total 105,702,884
6 Surge Tank 2,328,672
7 Power House 3,279,445
8 Penstock and Penstock Supports 5,004,770
9 Road Relocation and Work Site Roads 2,154,700
10 Permanent Housing 1,124,486
11 Electromechanical Equipment 48,360,000
12 Energy Transmission Line (4.5 km ) 3,288,480
Quantity Take-off Cost 184,311,634
Unpredicted Cost 27,646,745
Construction Cost 211,958,379
Engineering and Consultancy Cost for Construction Works 22,884,394
Engineering and Consultancy Cost for Electromechanical
Works 2,969,788
Expropriation Cost 3,719,000
Project Cost 241,531,561
Interest Cost During Construction Period 32,041,864
Total Investment Cost 273,573,425
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The formulations of quantity take-off cost, facility cost, project cost and total

investment cost can be written as follows;

Quantity Take-off Cost = CC + EMC + HMC (2)
Facility Cost = Quantity Take-off Cost +UC 3
Project Cost = Facility Cost +Total ECC + EC 4)
Total Investment Cost = Project Cost +IC (5)

In this thesis quantity take-off costs of HEPP projects are tried to be estimated
by using historical data because of unpredicted cost can be calculated by using
DSI assumption which is the 15% of the quantity take of cost. Since
expropriation cost is changed based on the area of the land and the value of the
land, it is almost impossible to estimate expropriation cost in the early stages.
Thus, estimation of quantity take-off cost is reasonable based on the data which

are given in Table 5.1.

Parameters and how they affect the cost of a HEPP project are explained below.

Design Discharge: This parameter affects almost all components of a HEPP
project. As the name self explanatory it is used in order to design structures
which are settling basin, conveyance structure, headpond. Therefore Qd is
directly proportional to cost of the settling basin, conveyance structure,

headpond, electromechanical equipment and powerhouse.

Average Discharge: This parameter determines approximately what the design
discharge should be. Since it is used to design of penstock diameter, it is directly

proportional to cost of penstock.
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Design Head: This parameter affects the length and thickness of the penstock
and installed capacity. It is directly proportional to cost of penstock and

electromechanical equipment.

Conveyance Length: This parameter affects the cost of conveyance structure.
Generally there are two types of conveyance structure which are channel type
and tunnel type. Tunnel type is more expensive than channel type.

Energy Transmission Line Length: This parameter is directly proportional to
the cost of energy transmission line.

Penstock Diameter: This parameter is directly proportional to the cost of
penstock.

Penstock Length: This parameter is directly proportional to the cost of

penstock.

Five Year Occurrence Flood Discharge: This parameter affects the
dimensions of the diversion channel and cofferdam structures. It is directly

proportional to cost of diversion channel and coffer dam.

Hundred Year Occurrence Flood Discharge: This parameter affects the
dimensions of the diversion weir body and spillway structures. It is directly

proportional to cost of diversion weir body and spillway.

Catchment Area of The Basin: This parameter shows amount and distribution
of the discharges over years. It indirectly affects the cost of all structures in

HEPP projects.
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5.3 Analysis Methods

5.3.1 Multiple Regression Method

Regression cost models have been used for estimating cost since the 1970s
because they have the advantage of a well-defined mathematical basis as well as
measures of how well a curve matches a given data set (Kim et al., 2004).
Regression or multiple regression analysis as it is usually called, is a very
powerful statistical tool that can be used as both an analytical and predictive
technique in examining the contribution of potential new items to the overall
estimate reliability (Skitmore, 1990). Smith and Mason (1999) states that,
regression has been used to develop cost estimation method in following
applications: capital and operating cost equations in south western U.S. mining
operations, software development costs, roads in rural parts of developing
countries, equipment and tooling configurations in plastic molding, query costs in
data bases, maintenance scheduling in power plants, urban water supply projects

and design for manufacturability.

Regression word was firstly used by Pearson in 1908 explained “the purpose of
usage is to reveal the relationship between several independent or predictor
variables and dependent or criterion variable”. That's why regression is used in

model to find out the relationship between HEPP parameters and cost of it.

Although regression is often used as predicting technique, some drawbacks of
regression analysis should be considered. Firstly, there is no general approach to
help the cost engineer in choosing the model that best fits historical data for his
specific problem. Secondly, when using regression techniques, the type of
relationship between variables must be assumed a priori. Thirdly, the number of
input variables is limited to some extent. When generating cost estimation

relationships with regression techniques, a number of conditions need to be
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checked: (1) there needs to be a (linear) relationship between the independent
variables and the cost, (2) the residuals need to be distributed normally and (3)
the different variables should be independent from each other. (Verlinden et al.,
2008). These facts are taken into account while analyzing the data and
constructing the model.

Kim et al. (2004) states that multiple regression analysis can be generally
represented in the form of;

Y=C+ biX; + bXo + ... + bX; (6)

where Y is the total estimated cost, and X;, X5, , , , X, are measures of
distinguishable variables that may help in estimating Y . C is the estimated
constant, and b,, b,, , , , b, are the coefficients estimated by regression analysis,

given the availability of some relevant data.

Estimated model created by regression analysis is needed to be evaluated in
order to select the best representative parameters and develop the most reliable
cost estimation method. Kim et al. (2004) states that the adjusted R*-value
expresses the percentage variability in the cost that can be explained by the
variables included in the model and the p-values give an idea of the significance

of the individual variables.

Two evaluation parameters, which are R*value and P-values, are used
regression model in this thesis. High R?> means (around 0.9 value) that a reliable
relationship is constructed between estimated variable and predictor variables. P-
values of each parameter used in the model should be around the 0.1 value or

less in order to have significant variables in the model.

46



5.3.2 Artificial Neural Network Method

Traditional cost estimating procedures follow a quantity take off, while
comparative cost estimating relies on parameters such as type, size, and capacity
of building. While traditional cost estimating makes use of blueprints and
specifications, comparative cost estimating assumes a linear relationship between
the final cost and the basic design variables of the project. However, the
assumption about a linear relationship is questionable. Developments in
computer and software technology have facilitated novel approaches for cost
estimation. By the emergence of Atrtificial Intelligence tools (i.e., neural
networks) possible multi- and non-linear relationships can now be investigated
(Gunaydin and Dogan, 2004).

A neural network model, developed in this thesis, enables investors to make
reliable decision while estimating the cost of the project at the early stages. It
should be pointed out that with an ANN model; it is possible to obtain a fairly
accurate prediction, even when adequate information is not available in the early
stages of the design process (Rafiq and Bugmann, 2001). This is very useful
property that investors make reliable decisions at design stage of the

construction project.

The model developed by neural network needs an experience which can be
obtained by learning phase of the NNA analysis. This knowledge is stored by
synaptic weights. This learning ability of neural networks gives an advantage in
solving complex problems whose analytic or numerical solutions are hard to
obtain (Rafig and Bugmann, 2001). Cost estimation of HEPP project at the early

stage is the problem which is studied in this thesis.

The cost estimation model for HEPP projects are developed in three phases: the

first step constructing the model, the second step learning and training step, the
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last step is the confirmation of the model by testing process. Gunaydin (2004)
stated the training phase requires the preparation of the data and the adoption
of the learning law for the training. The testing phase evaluates the prediction
accuracy of the model. The actual costs are compared with the estimated costs
and the cost percentage error is calculated.

Typical neural network architecture is composed of three types of layers which
are input layer, hidden layer and output layer. All layers include various number
of neurons by which layers are connected each other with a weighed function
called transfer function. Figure 5.1 represents typical neural network

architecture.
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F  : Transfer function for the neuron's output.
The output 1s the input to the next layer

Figure 5.1 Typical Neural Network Architecture Described by Kim et.al
(2004)

Number of neurons in input layer is equal to number of parameters used for
prediction. Output layer has one neuron which represents the estimated variable,
in the neural network model. In the other hand, as shown in the Figure 5.1,
number of hidden layers and number of neurons in each hidden layer can be can

be any number independent of a strict rule. The number of hidden layers and the
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number of neurons in the hidden layer are very effective in determining the
relationship between variables. Moreover, in a NNA learning rate and momentum
rate, which have great influence on the model, should be decided. These are the
drawbacks of a neural network model. In order to overcome these problems, the
number of hidden layers, the number of neurons in hidden layers and parameters
called learning and momentum rates are determined by trial and error procedure
in learning and training phase of the model. This trial and error procedure, which
is very time consuming, continues until the best model is developed. Fortunately,
in several studies there are some proposals to limit the number hidden layers and

number of their neurons.

Hegazy et al. (1994) proposed that one hidden layer is sufficient to generate an
arbitrary mapping between inputs and outputs and the number of neurons in the
hidden layer is 0.75m, m, or 2m + 1, where m is the number of input neurons.
In this study three neural network models having are constructed and each
model has different humber of neurons which are 0.75 m, m and 2m+1, in the
hidden layer. Each model is tested and the results of test phases are compared.
Then, the model having the smallest mean absolute percentage error (MAPE) is

selected the best estimation model among three neural network models.

Back propagation network (BPN) is used in cost estimating model developed in
this study. Kim et al., (2004) states that, back propagation methodology is
working according to a learning algorithm called generalized delta rule, which
performs a gradient descent in the error space to minimize the total error
between the estimated costs and the desired costs of the output layer to update

the connection weights.

the output of each neuron is modified by the sigmoid transfer function, which
defines the output of each neuron in the given form in Equation (1) and the that

of each output neuron in the form given in Equation (2) ;
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where X; is the value of the input variable, w; and wy are connection weights

(8)

between the input and the hidden neuron and between the hidden neuron and
the output neuron, respectively, 6;and 6y are the bias terms for the iy and ke

neuron, respectively, and i, j, and k are the number of neurons in each layer.

5.4 Analysis of Parameters

5.4.1 Data Analysis with Multiple Regression

5.4.1.1 Correlation of Variables

The variables of a regression model can be tested statistically to select the best
number of variables that best fit the available data (Zayed and Halpin, 2005). A
typical first step in determining the relative importance of numerous quantitative
variables would involve a multivariate regression analysis of the data. However,
multivariate regression analyses proved useless due to considerable
multicollinearity in the data. Multicollinearity is a condition wherein one or more
of the independent variables can be approximated by a linear combination of the
other independent variables (Trost and Oberlender, 2003). If some of the
variables are interconnected multicollinearity occurs, generating wrong cost

equation relationships, resulting in inaccurate cost estimates (Wang et al., 1990).
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Based on the above discussion, correlation analysis was performed with a
statistical software called Minitab in order to find out the multicollinearity of the
parameters if exists. The aim of correlation analysis is to reveal the linear
relationship between each variable pairs. Correlation coefficients of two variables
are calculated by using Minitab Pearson software product. Correlation coefficient
is in the range of +1 and -1. If two variables are directly proportional correlation
coefficient is plus. Whereas, when a variable increases as another variable
decreases, the correlation coefficient between two variables is negative. The
equation of correlation coefficient can be calculated by equation (9).

o 9)

where x bar and s, are the sample mean and standard deviation for one sample,
and y bar and s, are the sample mean and standard deviation of other sample .
If the correlation coefficient of two variables is close to either +1 or -1, these two
variables are highly correlated and one of them should be disregarded in the
regression model. All predictor variables are analyzed by Minitab software
whether each pairs of variable are correlated or not. The Figure 5.2 shows

selected variables in order to find out multicollinearity in Minitab.

Steps of correlation analysis procedure are as follows;

1. After opening the Minitab software paste the predictor data to the opened
worksheet of the software,
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2. Then, from the Stat menu select the basic statistics and click on the

correlation as shown in the Figure 5.3.

NU3W 1L3S Wo.4j uonep.ii0) bunddIas £'s ainbi4

- |

" AR

" aUBIRADY

auoodolg 7
“yoa0ig T

"I palEd
] 3jdues-z

¥ "]
7 oG-

"SRG ahydisaq A

@l @ “SEEIG anduasaq Aepdsig

v‘

MA o1 adues e ooy |

LitE
SljaUeIRdUay
s3j0eL

Saliac Al
SRURAY
ARG AINGEEY
san] Ajent)
SJRLD (340
300

i lilssag |y
uaisa.fiay

deH wopuy Joup3 oo B opy duzy 9m3 ol

fid¥l-S8H - AVLININ

54



3. After opening the correlation dialog box, double click one by one on the
variables which are going to be analyses in order to find out the correlation
relationships as shown in the Figure 5.4. It should be click on the “Displays p-

values” item to show the p-values of the variables.

X]

Correlation

Cc1 e Variables:

| = Dar=

= o1d IC Qo= d HA Lt Lix
Cca H4 Letl Dp Lp Q5 QlO0 A
[ Lt

ce L

7 L=tl

Za Oy

=1 Lp

10 s

211 Qlao

[ = A

v Display p-alues
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Help | ] 4 Cancel

Figure 5.4 Selecting Variables in Correlation Dialog Box

5. After clicking the “"OK” button of the dialog box the program creates the

correlation matrix.

The correlation analysis of the parameters is performed briefly in four steps by
Minitab software. In this thesis, if the p-value between two parameters is higher
than 0.80, these two parameters are assumed to be highly correlated to each
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other. Table 5.3 shows the correlated parameter pairs and the Pearson

correlation values.

Table 5.3 Highly Correlated Variable Pairs and Correlation Coefficient

Pearson

Correlated Correlation

Parameters Values
Qd-Qave 0.991
Qd-IC 0.836
Qave-IC 0.84
Dp-Qave 0.847
Dp-IC 0.816
Dp-Qd 0.805
Q5-Qave 0.818
Q5-Qd 0.821
A-Qave 0.857
A-Qd 0.834

Whole set of Pearson correlation matrix is given in Appendices. If it is looked in

detail to correlated pairs, following results are interpreted.
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Qd — Qave : This pair has the highest p-value among all pairs. The reason
why these two pairs are highly correlated is that both variables are the
discharges and they have very strong relationship. In other words, design
discharge is determined by considering the value of average discharge.
Therefore, one of these variables is disregarded which is average discharge in
the regression model. Based on above discussion; if a parameter is highly
correlated with both average and design discharge, only relation between that
parameter and average or design discharge is explained.

Qd -1IC : Installed capacity is calculated by two parameters which are
design discharge and design head. That is, installed capacity is not independent
variable whereas it is dependent on design discharge and design head. Thus,
installed capacity cannot be considered in regression analysis.

Dp — Qave : Diameter of penstock is determined by considering the average
discharge. Penstock diameter is also highly correlated with design discharge. So

diameter of penstock is not used as predictor variable in regression model.

Dp-1IC : As it is stated before design discharge and design head
determines the installed capacity. These two parameters are very effective in

diameter of penstock.

Qave —Q5 : Average discharge is calculated by considering rainfall dropped
on the basin area. In other words, greater basin area means higher average
discharge. Five year occurrence flood discharge is affected by the basin
characteristics. Although these two parameters are seen as not related
parameters, correlation analysis shows that they are highly correlated. Five year
occurrence flood discharge is highly correlated with design discharge either.

Therefore five year occurrence flood discharge is not included in MRA.
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A — Qave : As stated previous paragraph average flow is dependent on the
rainfall and the area of the basin. So correlation of basin area and average flow is

reasonable. Thus basin area is disregarded in the regression estimation model.

In conclusion, multicollinearity between predictor parameters is analyzed by
using statistical software called Minitab. Totally twelve parameters are
investigated whether each pair of parameter is correlated or not. Because in
regression analysis all parameters should be independent from each other in
order to develop e reliable estimation model. If each parameter pair has a
correlation p-value higher than 0.80, this pair is assumed to be highly correlated.

Based on above discussion, disregarded parameters are IC, Qave, Dp, Q5 and A.
These parameters are not included in regression model due to correlation with
other parameters. Regression analysis is performed with seven parameters which
are Qd, Hd, Lt, Lc, Letl, Lp and Q100. Following mentioned procedure, the

correlation analysis is done.

5.4.1.2 Regression Analysis

Regression is a data oriented technique because it deals directly with the
collected data without considering the process behind these data. Regression is a
mature technique that has been used in many scientific applications. Regression
models can be linear or nonlinear, which represent a relation between dependent
variable(s) and independent variable(s) (Zayed and Alphin, 2005). Regression
model for estimating cost of HEPP projects in the early stages consider one
dependent variable (cost), against several independent variables (design

discharge, design head, length of tunnel, length of channel, etc.).

The final regression model is performed step by step procedure. In every step if
there exists unnecessary parameter, which has little significance on the model, is

dropped from the model and analysis is repeated until all parameters being
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effective in analysis. This procedure called is parsimonious modeling. Pankratz
(1983) states that the principle of parsimony is important, because parsimonious

models generally produce better forecasts.

In parsimonious models, a backward elimination method is used for the initial
regression model. According to this technique, variables that were not
contributing to the model are eliminated one by one at each step. The regression
statistic, significance level (P value, which gives an indication of the significance
of the variables included in the model) is used for determination of variables to
be eliminated. In general, the variables corresponding to the coefficients with P
values close to or less than 0.10 are considered to have significant contribution
to the model (Ontepeli, 2005). This procedure is repeated until all predictor
variables having p-values close to 0.1 or smaller than 0.1 in regression model

developed in this thesis.

Steps of regression analysis and developing of regression model procedure are

as follows;

1. First step is similar to the first step of correlation analysis. The only difference
is that, in addition to predictor variables dependent variable, which is HEPP
costs in this model, should be pasted to the worksheet.

2. As second step, from the Stat menu select the regression and click on the

regression as shown in the Figure 5.5.
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Figure 5.5 Selecting Regression From stat Menu

3. After opening the regression dialog box, double click the dependent variable
(Cost) which is going to be estimated by developed regression model as
shown in the Figure 5.6.
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Figure 5.6 Selecting Dependent Variable in Regression Dialog Box

4. From the regression dialog box double click one by one on the independent
variables as shown in Figure 5.7.
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Figure 5.7 Selecting Independent Variable in Regression Dialog Box

5. Finally click OK button to finish the regression analysis and to see the
results. Results can be considered from the session window as shown in

Figure 5.8
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Figure 5.8 Regression Analysis Results

Above mentioned steps should be followed to perform regression analysis by a
software package called Minitab. At the end of each regression, results are
analyzed in order to find out the parameter not having influence on the model.
After removing that variable new regression analysis is performed until all
predictors having influence on the model. This procedure is repeated till the best
model is developed.

Final regression model is obtained after three trials. In first trial, due to length of
channel has the highest p-value, which is 0.993, this parameter is disregarded in
the next analysis. In second trial, although constant parameter has the highest p-
value, which is 0.183, this parameter cannot be disregarded in regression
analysis studied in this thesis. Thus, instead of constant parameter length of
penstock is disregarded because of having second highest p- value. In the last

trial every parameters have small p-values (around 0.100 value). All regression
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results are given in the appendices and the best regression model results is also

given in below.

Regression Analysis-3

The regression-3 equation is

Cost = - 0.0254 + 1.81 Ood + 0.0848 Hd + 0.0553 Lt + 0.149
Letl - 0.0374 Q100

Predictor Coef StDev T P
Constant -0.02536 0.01260 -2.01 0.051
Qd 1.8090 0.1562 11.58 0.000
Hd 0.08479 0.05373 1.58 0.122
Lt 0.05531 0.01932 2.86 0.006
Letl 0.14922 0.06622 2.25 0.029
Q100 -0.03742 0.01722 -2.17 0.035
S = 0.03683 R-Sg = 87.5% R-Sg(adj) = 86.0%

Analysis of Variance

Source DF SS MS F P
Regression 5 0.406985 0.081397 60.02 0.000
Residual Error 43 0.058319 0.001356

Total 48 0.465304
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In conclusion three regression analyses are performed in order to develop best
regression model. In the best regression value all p-values of parameters are in

the acceptable range for a reliable estimating model.

5.4.2 Data Analysis With Artificial Neural Network

As an alternative for regression techniques, artificial neural networks are used to
generate cost estimates. They are applied in many fields such as financial
services, biomedical applications, time-series prediction, text-mining, decision
making and many others. Although the applications of ANNs are numerous, they
all share an important common aspect: the processes to be predicted are
correlated with a large number of explanatory variables and there may exist
high-level non-linear relationships between those variables (Verlinden et al.,
2008). Developing the best model is the main objective of NNA by determining
the high-level non-linear relationship between the predictors and predicted
variables. Artificial neural network analysis was performed by software called

Neural Power in this study.

The model was developed in three phases: the modeling phase, the training
phase, and the testing phase. The modeling phase involves the analysis of data,
the identification of cost estimation parameters and the selection of the network
architecture and of the internal rules. The training phase requires the preparation
of the data and the adoption of the learning law for the training. The testing
phase evaluates the prediction accuracy of the model. The actual costs are
compared with the estimated costs and the cost percentage error is calculated
(Gunaydin and Dogan, 2004).

In the modeling phase independent variables were carefully selected because the
selection of input variables significantly impacts the accuracy of the neural

network predictions. In this thesis study, the neural network model was
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developed based on twelve parameters which are explained previously. Totally
fifty four HEPP projects were used for developing the neural network model.
Forty nine of the projects were utilized in training phase and in order to evaluate

the accuracy of the model rest of the projects were used.

In training phase the best model is developed by trial and error procedure. In
trial and error procedure each step includes learning and momentum rates
changes till constructing the best estimation model. How to change learning and

momentum rates is explained in “neural network analysis steps” in detail.

In order to control accuracy of the model, validation phase was performed. While
constructing the model a learning and momentum rate was determined and
model was developed. But it was not easy to understand whether the model was
reliable or not. In validation part, every created model was tested by comparing
real project cost and project cost derived from model. That's why some projects

were separated as testing projects.

Steps of neural network analysis and developing of neural model procedure are

as follows;

1. First step is opening the software called Neural Power and opened page is

shown in Figure 5.9.

66



“What do gau want te da?
= 1: Data Flles 2 LeamingTrairing  Applcatic

o resale nesw ar e esd el cats e Such crbs e vl he wed for aitber e rmirg brasinirg prosass ar a3 pplicstiore: bl
Ut are] autpa oty danged dsta shawld b inpuiiad 0o parsts ety thes 0 palre. The Esce-shie W addarcan
M= reni il iormale
1: MauraPoasar daba ile J oyl This is revfee e foemoatol MewraPosser Sy hpes of data, drings and o oiberinim
ml ek, ool sive and s deh essi drchion esgp e on s could be aniered and saeed Qnky this Knd gl o e coo i
pireass hubnok 3l i charscier: sre contsired in dats cheedordsts sre nobidenifed erbvean inpol snd ool sh e
2 e [pay g He L g prsacure. Al imlarmadion aboutnekwariis st
reduding bryer rambens, node umbers and rameder Dnckiones of aach |sverand cornesction wseighis wales Hish
FApplicatone” and A L . anky waluss il conrecions will be oaded imk d st e @oiar
:1: Exced il (sl reaciosd B | chba il e withoar DLE linber, Disbaasd s anke, A0 ofher imla el on will ke i gnong
e workshessle in el i, onlby §isl o will e lsdes)
A: Lt 1-2-3 O, w1 aned QuaioFra Fles (w1 direct ioad wilioar) DUE Inker, wabies only,
2. Cormmaed el imites] beat e (oo, B3 mraned parsrad dads dle iormat. Fasding daty with geparyds of tab spoce, spag
Autnm atica By while sawineg d st with saparsts of =7

ey e Fixe P o § oivly rescdd read pepa) b i esking dstsh s e o rectly,
7.5 Accaes { mbdy rasdiod snoth o elatab LL-1] b Do, W Hreare mra more Haanwo b

Figure 5.9 Information Window in Neural Power

The first window shown in the screen is information box that inform the users
about the Neural Power program and close down the information box. There
are three modules which are data files module, learning module and
application module in the program as shown red ellipse in Figure 5.9
inconvenient with three phases of neural network analysis. After clicking the
data files module a spread sheet is open as shown in Figure 5.10.

67



[~ ok hedRenn ashiel] alElz

| Fes BB Fomat Toos Moes hen Windes B LK

4w DF-E0& L RBRFall-E-|F =-E-

iyl

Ji - EER QEE v A2 - 3 S R

mputhest | ouputsheett | chartsioe |

A B | 4 [ o T E [ F T & [ ® T 1 T a9 T ® T L [T W T N T «

1 -

F]

3

4

§

[}

1

B

g

10

11

12

13

14

16

[

i7

18

18

20 P

z il

ik P

o i

2 ]

b 4

€ il

5 i

a0 ¥

28 Pl

a0 all

az ikl

| -4

I 2l

a0 Al

a8 Al

0 Ell

| i

q 1

il q=

Bt 44

A2 SHH x|

IE |4 L 1 5 5 o
____]

Figure 5.10 Data Files Module in Neural Power

There are three sheets in the first module, which is data files module, as

shown by red rectangle in Figure 5.10. These sheets are input sheet, output

sheet and chart store.

2. Totally fifty four HEPP projects data was gathered and it was divided in

two groups. One group contains forty nine projects data and was used in

developing estimation model. The other group consists of five projects

data and was used in testing the prediction models. These two groups of

data were organized in a excel spread sheet. Independent variables of

modeling data were pasted on the input sheet as shown in Figure.11.

68



LT el

| s ER Fort Totk Weddes e Wedetr o =8z
I-
wd =0 - EEECEM| 8 s o0 A2 E
e || cuipuiSteet! | St |
i g | ¢ [ o e [ F & [ H T 0 [ 4 Tk L T WM | H |
NE] NOEd D0EH NEME DdE 0 [E] .30 n4a .83 LIET 004 A
2 i 00 D04EE DEE DEEE 0 iF] i.225 05 1,085 LiBNF i
g 045 LOHE  DOWE 0EMTE AN i L1 .12 1210 LI DA 0093
4 DdE D0HE D05 DR DARF 0 L0 .14 134 QWM D1ER 0093
B DB 0085 DODSE 0M@ D 11626 i .11 T LM DEE LDHE
g 15 Q0B DOME 1M i7EE 0 L 1268 055 QM6 DdME 00
7 020 0BT DOTIM QOGBSI DSME 035 D 1.135 146 [T T N 1=
0513 b iiE 0DEE D i Ty 225 naz .35 281 164G
R 0zt DOM QMM DA 0 iTH .11 iE] LEH DEE LM
10 0iE7  0MME  DOOE  Q9EM DiEF @ 015 .15 iE] il 16 LI5 00E
1] DiEEA OD0EG4 DO DA4EDE D9Ed i L1E 1.175 14 LR LEF 0WEM
12 DiMA Q0ES DMK QDB 0847 i L1g .21 01 00ME DB M
13 DOmE  QMBAET DOR 118 D LEE D03 1 nau LMEIE DM 04GR
14 D02E ODNEMME DOMES  043M0 D RTEZ I 1] .11 T D053 DUOFE  DeE
16 DOM2  0DIIE0 DOMET  QMFE D 0450 007 .4 nii 00565 DiM416 00096
18 24 01SEIEIS DOBOSI  LEFER L4 i 01 6 LB 1M 21EE 10E
17 D0z OGS0 DODE QM@ D 0EEE 018 1,085 L4 0ME DB 000EIET
10 DOf0E 0DME  DODDH  QBEN D LN 048 1.8 LEE QMOME  DOZEE 00T
19 DOME  0D0i14ETEZ DOME  Q4EITE D LEEE DM i1 L3EEE ODIITES  LOEQD 000476
90 1is2  O[THEIE DADGE)  QdEE4 D i iH] .4 L1 M1 4@ LETE
30 028 ODIEDEI DOME Q01 D&% 0 038 .34 BT OBEE D8 LMD
99 D0 OHEEEI L0t LEEE D E T T 1125 L T 1L.[526
27 Do 007111 DOEE 118031 ] 1947 (i} i.0e ] 1330 8114 1. 00142
24 Dot LU0 DOEE LM D LAEE D03 .M n LO%  DOME W
26 Dis 000G4ENIE DO QMZE D 0H07H 004 .34 LOEE 0D LIME 001126
98 DOME  ODENT DONE QMES D 1.07 Lig 1.4 ] LE%HE  DIRE 0168
37 D0gE OB DOME  QMME  DORIEE  0E5R  DiD§ .5 DOBE 040065 DAFTET GEAIE
90 DOme QW7 DONE QMBS D LASE2E] D03 .18 114 LOE DO 0D

Figure 5.11 Independent Variables of Modeling Projects

Similar to independent variable dependent variables of modeling projects
were pasted on the output sheet as shown in Figure 5.12.
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Figure 5.12 Dependent Variables of Modeling Projects
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Data files module is finished after saving the module with “.ogy”
extension. Since saved data module is going to be used in learning

module it should be saved.

3. Second part of the neural network analysis is learning part which is shown
as the most complex and time consuming phase. Figure 5.13 shows the

learning settlements window.

ing Settlements 2]
| Learning Configurations |
Data Tuoes
Add - File Names ————————————— | Pypase E -
) y : I ' Momal
Drotete2] CiDocuments and Settingsthha_rhelliDesktopD...  Learning
" Giid
Yiew @
Clzar gf
Metwark. File [resume use only)
Open =3 'I \%
5 Save | A Load |v| o 0K | X Cancel | ? Help

Figure 5.13 Learning Settlements Window of Learning Module

Add the saved data file in the first module by clicking on the data icon as
shown in the Figure 5.13 with red ellipse. After adding the data file, the
name file appears as shown by blue ellipse. Data types should be normal
as shown by yellow ellipse. Next step is the arrangement of learning

configuration. Select the learning configuration window by clicking on the
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text as shown in the Figure 5.13 with green ellipse. Learning

configuration window contains every settlements of learning module and

is shown in the Figure 5.14
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Figure 5.14 Learning Configuration Window of Learning Module

One of the critical point in developing a neural predicting model is
determining the number of hidden layer and neuron in these hidden
layers. The function of the hidden layer is to extract and remember the
useful features and the sub features from the input patterns to predict
the outcome of the network (values of the output layer) (Rafig and
Bugmann, 2001). One hidden layer and 0.75m, m, or 2m + 1 number of
hidden neurons, where m is the number of input variables, were used in

neural network model developed in this study. That is three models were
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created each having different nhumber of hidden neurons and one hidden

layer.

By using edit icon in the learning configuration window, which is shown

by red ellipse, layer properties window is opened and enables to change

number of hidden layers, number of hidden neurons and to select the

transfer function of the model as shown in Figure 5.15.
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Figure 5.15 Layer Properties Window of Learning Settlements

After constructing the structure of the model, determining the number of

hidden layers and hidden neurons, the next step is arrangement of
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Although learning and momentum rates are determined by trial and error
procedure till finding the best model, stopping criteria can be assigned at
the beginning of the neural network analysis. By starting assigned values
to learning and momentum rates analysis can be performed, then
learning and momentum rates are changed in order to find the most
suitable values in each and every trial. On the other hand stopping
criteria can be decided before starting to develop the model.

In Neural Power software stopping criteria are various which could be
root of mean square error (RMSE), number of iterations, correlation
coefficient and determination coefficient. RMSE was taken as stopping
criteria in this study and the values was decided 0.001.

Learning algorithms was selected as QuickProp and Multilayer Normal
Feed Forward as connection type model developed in this study seen in
Figure 5.14.

Structure of the neural network model was developed as mentioned in
above steps. Lastly, during the analysis behaviour of RMSE can be
watched by clicking on the RMSE option from the monitoring window as
seen Figure 5.17. and an example of RMSE behaiviour is shown in Figure
5.18.
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Generally the steps of a neural network analysis in this study are explained above
with three parts. These steps are applied for each model which has three
different numbers of hidden neurons (9, 12 and 25). Results and structures of
each final model, which is the best model after trial and error procedure, are
represented. All three models have tanh function as transfer function of the
model and RMSE equals 0.001 as the stopping criteria.

1. First Model (M1) : This model was constructed with 0.75m (0.75x12 =
9) hidden neurons. After trial and error procedure the best model was obtained.
The learning rate was 0.550 and momentum rate was 0.325. The figures of
structure and results of M-1 are given in appendices.

2. Second Model (M2) : This model is constructed with m (1 x12 = 12)
hidden neurons. After trial and error procedure the best model was obtained.
The learning rate was 0.550 and momentum rate was 0.225. The figures of

structure and results of M-2 are given in appendices.

3. Third Model (M3) : This model is constructed with 2m+1 (2 x 12+ 1
=25) hidden neurons. After trial and error procedure the best model was
obtained. The learning rate was 0.550 and momentum rate was 0.225. The

figures of structure and results are given in appendices.

5.5 Validation

The developed models are validated through comparing their results to the
collected validation data points. If these results do not match; then, the model
should be improved to produce better results.(Zayed and Alphin, 2005).
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In order to check the accuracy of developed models five HEPP projects were
selected as testing projects. The costs of HEPP projects were known by
multiplying the quantity take-off with unit prices of each project. Comparing the
estimated costs from developed predicting models shows the reliability of each

model.

Table 5.4 Parameters of Testing Projects

Project

Cost

IC

Qave

Qd

Hd

Lt

Lc

0.01320

0.09090

0.00304

0.00699

0.15250

0.00000

0.70785

0.00541

0.04000

0.00098

0.00288

0.15422

0.00000

0.43560

0.01282

0.15990

0.00520

0.01113

0.15829

0.00000

0.37500

0.07547

0.48930

0.00844

0.01616

0.33549

0.87805

0.12000

0.22007

1.10000

0.05435

0.11900

0.11174

1.29860

0.00000

Continue of Table 5.4 Parameters of Testing Projects

Project

Letl

Dp

Lp

Q5

Q100

A

0.13000

0.18000

0.48000

0.04940

0.20840

0.02183

0.09000

0.08500

0.28700

0.01525

0.03680

0.00976

0.06000

0.17500

0.29500

0.02450

0.07730

0.02200

0.06000

0.20000

0.08500

0.11000

0.18800

0.03840

0.04500

0.49000

0.25865

0.39820

1.00100

0.31090
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The performances of models were tested by using mean absolute percentage

error (MAPE) of which equation is given below.

1 7= |lactual — predicted.
MAPE=—Y" 1 '|,,;m.3

ng  |predicted |

(10)

In the equation “i” is the number of project, actual is the real cost of that project
and “predicted” is the cost of predicted cost of that project calculated by

estimation models.

First of all regression model was checked by comparing the actual cost of testing
projects with predicted costs of those testing projects from developed model.

Table 5.5 shows the predicted costs of testing projects, percent error and MAPE.

Table 5.5 Results of Regression Model Cost Estimation

. Real Cost Estimated Cost | Percent
Project MAPE
Million TL Million TL Error
1 13.199 11.760 -10.90%
2 5.406 4.924 -8.91%
3 12.817 14.217 10.93% 9.94%
4 75.469 82.764 9.67%
5 220.068 240.546 9.31%
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Different from the regression model three neural network models were
developed and at the end of the testing procedure the best one was selected.
The numbers of hidden neurons are different in each model. Testing results of all

three model are given in Table 5.5, Table 5.6 and Table 5.6.

Table 5.6 Results of First Neural Network Model Cost Estimation

Real Cost | Estimated Cost|Percent

Project MAPE
Million TL Million TL Error

1 13.199 13.667 3.55%

2 5.406 5.244 -2.99%

3 12.817 13.378 4.38% 5.04%

4 75.469 70.051 -7.18%

5 220.068 204.428 -7.11%

In model-1 the mean absolute percentage error is about 0.05 and this is
acceptable and high accurate results. If it is looked at results of model-1, it gives
more accurate results for low cost HEPP projects of which costs are less than 20
million dollar. Big HEPP projects, i.e. expensive projects costs were estimated

with around 7% error as shown in results.
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Table 5.7 Results of Second Neural Network Model Cost Estimation

Real Cost Estimated Cost | Percent
Project MAPE

Million TL Million TL Error

1 13.199 12.083 -8.45%

2 5.406 4.808 -11.05%

3 12.817 12.629 -1.47% 8.71%

4 75.469 86.183 14.20%

5 220.068 201.628 -8.38%

In model-2 the mean absolute percentage error is about 0.87 and this is also
good results but it less accurate than model-1. Bigness of the project cannot
affect the result, that is small project gives more error than the big project or

vice versa.
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Table 5.8 Results of Third Neural Network Model Cost Estimation

Real Cost | Estimated Cost| Percent MAPE
Project | Million TL Million TL Error
1 13.199 12.912 -2.17%
2 5.406 4.294 -20.57%
3 12.817 11.487 -10.38% | 10.23%
4 75.469 67.172 -10.99%
5 220.068 235.499 7.01%

In model-2 the mean absolute percentage error is about 0.10 and most of the
costs of test projects were underestimated. If three models are compared the M1
is the best model which gives the high accurate results in cost prediction for
HEPP projects. Therefore M1 was selected as neural network cost estimation

model is compared with the regression model.

5.6 Conclusions

Variables of data set and their effects on costs of HEPP projects were expressed
in Chapter 5. Analysis methods which are regression method and neural network
method were explained as well. In order to develop prediction models, analysis

of parameters were performed by both tools.

Correlation analysis was done in regression model in order to find out
multicollinearity between parameters. Based on the correlation analysis results

five of twelve variables were disregarded in regression analysis due to strong
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correlations between those parameter pairs. The best regression model was
constructed after three analyses. It was decided by looking p-values of each
parameter used in the model. The final model includes parameters having p-
values around 0.1 or less. Minitab software tool was used in regression analysis.

How to develop RM was explained step by step with the help of figures.

Neural network model was developed as the second cost prediction model.
Different than the regression model there is training phase in neural model.
Determining the structure of the model is the hardest part in NNM and it was
handled by trial & error procedure. Three models were constructed each having
different number of hidden neurons based on number of parameters used in the
model (9 neurons, 12 neurons and 25 neurons) and the best one was selected
among these models. Neural power software was used in NNA and each
analyzing steps and results were given in the light of figures.

Five projects were separated as testing projects in order to validate the models.
Parameters of these testing projects were put into models and costs of them
were estimated. MAPE was used for comparison the estimated cost with original
costs. MAPE of the regression model was 9.94% and the results were enough to
estimate cost of a HEPP project at the early stage. In order to select the best
neural model M1, M2 and M3 were validated by testing projects. Since MAPE of
the M1 was the smallest value which is 5.04%, M1 was determined the best NNM
and was compared with the RM. Although regression model can be said
successful, MAPE of neural model is almost half of the MAPE of regression model.

The results and comparison of both models are given Table 5.9.
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Table 5.9 Results of NNM and RM Cost Estimations

Estimated | Estimated
Real Cost Percent | Percent | MAPE
. . Cost By | Cost By . . . MAPE
Project| Million Errorin |Errorin| in
NNM RM in RM
TL NNM RM NNM
Million TL | Million TL
1 13.199 12.912 11.760 3.55% |-10.90%
2 5.406 4,294 4,924 -2.99% |-8.91%
3 12.817 11.487 14.217 4.38% 10.93% |5.04% |9.94%
4 75.469 67.172 82.764 -7.18% |9.67%
5 220.068 235.499 240.546 -7.11% |9.31%
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CHAPTER 6

CONCLUSION

The main purpose of this thesis is to develop cost estimation models for HEPP
projects. Two cost estimation models were built by using regression analysis and

neural network analysis.

This thesis is composed of six chapters. First chapter is the introduction part and
gives brief information about aim of this thesis. Second chapter is the literature
review. Past studies related to cost estimation techniques in construction projects
with regression and neural network tools. General information about hydropower
plants are given in Chapter 3. Definition of hydropower and types of hydropower
projects are mentioned. Explanations of components of HEPP project are in
Chapter 3 as well. How sample projects were collected is expressed in Chapter 4.
Types of sample projects are listed in this chapter and it includes identification of
twelve parameters. Lastly cost calculation procedure of hydropower plants is
explained steps by steps in Chapter 4. Fifth chapter is the data analysis and
development of predictive models. Cost effective parameters are mentioned.
Sample data and their effects on cost are listed in Chapter 5. After explanations
of multiple regression method and neural network method, data analyses with
both methods are performed in this chapter. Analysis steps are indicated with the
help of figures. The last part of Chapter five is validation process of the models.

The sixth chapter is the conclusion part.
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Important points of early cost estimation models are easy to use, applicable to
different types of projects and ability to estimate cost within an acceptable error
range. These points were taken into account while developing models. Moreover,
in this study time is fixed on 2008 prices and other year cost of sample projects
are converted to 2008 prices. For example, if cost of a HEPP project is going to
be estimated in 2010, the cost this projects should be determined by models with
2008 prices. Then the cost should be multiplied with 2010 escalation factor in
order to find 2010 year cost.

The products of this study are two cost estimation models which are regression
model and neural network model. These models are developed from data of forty
nine HEPP projects and validated by five testing projects. There are some
differences between developing of both models. In regression analysis, there is
no learning phase but a correlation analysis should be performed and data
analysis is performed till developing of a good model. Equation 11 is developed
which represents the effects of each parameter to the model. Cost is estimated
by using this equation. Cost is dependent on five parameters in regression

model.

Cost = 1.81Qq + 0.0848H4 + 0.0553L; — 0.149L¢ -0.0374Q100 — 0.0254 (11)

On the other hand, in neural network analysis there is no correlation analysis.
This part is done by neural network program in learning part. Stopping criteria
and structure of model is determined by researchers. Using of developed model
for cost estimation can be used only via the software. Cost is dependent on

twelve parameters in neural model.

Comparisons of validation results of both models are given in Table 5.9. As it is

seen in from MAPE of each model, regression model has 9.94% and neural
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network model has 5.04% which is almost half. Thus; when test projects results

of each RM and NNM models are compared, NNM gives better results.

Estimation models tried to be developed in order to make models applicable to
different types of HEPP projects. As a suggestion, these models can be
developed for each component of hydropower projects. Therefore, firstly based
on the type of HEPP, components are determined. Then, cost of each component
will be estimated by related cost prediction models. Finally, cost of the project
can be found by adding cost of each component. This makes the user of the
model more flexible. But it is very difficult too collect data for each component of
different types of HEPP projects.
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Figure A.3 Project Number 13 Diversion Weir Plan and Sections
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Figure A.4 Project Number 13 Diversion Weir Sections
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Figure A.5 Project Number 13 Headpond, Penstock and Power House Plan
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Figure A.6 Project Number 13 Headpond, Penstock and Power House Profile
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Figure A.7 Project Number 13 Headpond Plan
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Figure A.78Project Number 13 Headpond Cross Sections
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Figure A.9 Project Number 13 Power House Plan-1
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Figure A.10 Project Number 13 Power House Plan-2




00T

1 1 L i 1 = i i 1 L 1 TR — (- = — e — i 1 o — N L=
o o
B4 b
E =
2 —_— — — —, p—
E.\_\_ _'__.,-! E___ o —_— —_— e
- __‘__1.-\._\__\_\_ il __'_‘_,_.-—n._\_\_\__ _'_'_'__.-—{___\_ -
- . —
- o
- ‘ e
—
- TRAFD g 1 =
a ( [.ipig Tl el B
- | B
= ———— o
|| e
1
4 -
o A L
L —
o e
L
. —LiCre s =y
. " 1 1 F
-
=
T T T T T T T T T L T T T TF T L j— L T T L_m— o

Figure A.11 Project Number 13 Power House Cross Section-1
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Figure A.12 Project Number 13 Power House Cross Section-2



APPENDIX B

Table B.1 — Pearson Correlation Matrix

IC Qave | Qd Hd Lt Lc
Qave (0.840
Qs |0.836 |0.991
Hy |0.221 |-0.141 |-0.118
L 0.352 |0.074 |0.030 |0.524
L. -0.398 |-0.291 |-0.283 |-0.158 |-0.452
Lew |0.322 |0.128 |0.107 |0.125 |0.131 |-0.224
D, |0.816 |0.847 |0.805 [-0.138 |0.246 |-0.281
L, 0.351 |0.169 |0.203 [0.769 |0.410 |-0.132
Qs [0.638 |0.818 [0.821 |-0.221 |0.001 |-0.290
Q100 [0.536 |0.776 [0.783 |-0.238 {0.075 |-0.283
A 0.535 |0.857 |0.834 |-0.258 |-0.065 |-0.146
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Continue of Table B.1 — Pearson Correlation Matrix

Letl | Dp Lp Q5 [Q100

D, [0.29

L, 0.033 | 0.027

Qs 0.204 | 0.785|-0.047

Q100 |0.070 | 0.687|-0.064 |0.914

A 0.036 |0.675|0.043 |0.688 |0.745

Regression Analysis-1

The regression-1 equation is

Cost = - 0.0176 + 1.98 0d + 0.190 Hd + 0.0569 Lt - 0.0002 Lc
+ 0.127 Letl - 0.0592 Lp - 0.0474 Q100

Predictor Coef StDev T P
Constant -0.01756 0.01617 -1.09 0.284
Qd 1.9773 0.1842 10.73 0.000
Hd 0.19042 0.08028 2.37 0.022
Lt 0.05693 0.02093 2.72 0.010
Lc -0.00017 0.01898 -0.01 0.993
Letl 0.12735 0.06731 1.89 0.066
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Lp -0.05919 0.03390 -1.75 0.088
0100 -0.04740 0.01793 -2.64 0.012
S = 0.03637 R-Sq = 88.3% R-Sq(adj) = 86.4%

Analysis of Variance

Source DF SS MS F P
Regression 7 0.411070 0.058724 44.39 0.000
Residual Error 41 0.054234 0.001323

Total 48 0.465304

Regression Analysis-2

The regression-2 equation is

Cost = - 0.0176 + 1.98 Qd + 0.190 Hd +
Letl - 0.0592 Lp - 0.0474 Q100

0.0570 Lt + 0.127

Predictor
Constant
Qd

Hd

Lt

Letl

Lp

Q100

Coef

-0.01764

1.9776

0.19045

0.05701

0.12744

-0.05923

-0.04739

StDev
0.01304
0.1795
0.07923
0.01888
0.06576
0.03330

0.01771
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.35

.02

.40

.02

.94

.78

.68

0.183

0.000

0.021

0.004

0.059

0.083

0.011



S = 0.03593 R-Sq = 88.3% R-Sq(adj) = 86.7%

Analysis of Variance

Source DF SS MS F P
Regression 6 0.411070 0.068512 53.06 0.000
Residual Error 42 0.054234 0.001291

Total 48 0.465304

Regression Analysis-3

The regression-3 equation is

Cost = - 0.0254 + 1.81 od + 0.0848 HdA + 0.0553 Lt + 0.149
Letl - 0.0374 Q100

Predictor Coef StDev T P
Constant -0.02536 0.01260 -2.01 0.051
Qd 1.8090 0.1562 11.58 0.000
Hd 0.08479 0.05373 1.58 0.122
Lt 0.05531 0.01932 2.86 0.006
Letl 0.14922 0.06622 2.25 0.029
Q100 -0.03742 0.01722 -2.17 0.035
S = 0.03683 R-Sg = 87.5% R-Sg(adj) = 86.0%
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Analysis of Variance

source DF SS MS F P
Regression 5 0.406985 0.081397 60.02 0.000
Residual Error 43 0.058319 0.001356

Total 48 0.465304
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Figure B.1 Layer Properties of Neural Network Model-1 (M1)
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Figure B.2 Learning Settlements of Neural Network Model-1 (M1)
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Figure B.3 Neuron Structure of Neural Network Model-1 (M1)
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Figure B.4 Weight Distribution of Neural Network Model-1 (M1)

108




B22%

B%

Figure B.5 Importance Chart of the Parameters in

Neural Network Model-1 (M1)

Table B.1 Representation of Parameters — Column Matches

Indicated
Parameters | Column

.
rxX|«“e—~=|IT®O MM |m|>
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Figure B.6 Layer Properties of Neural Network Model-2 (M2)
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Figure B.7 Learning Settlements of Neural Network Model-2 (M2)
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Figure B.8 Neuron Structure of Neural Network Model-2 (M2)
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Figure B.9 Weight Distribution of Neural Network Model-2 (M2)
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Figure B.10 Importance Chart of the Parameters in NNMI-2 (M2)
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Figure B.11 Layer Properties of Neural Network Model-3 (M3)
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Figure B.12 Learning Settlements of Neural Network Model-3 (M3)
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Figure B.13 Neuron Structure of Neural Network Model-3 (M3)
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Figure B.14 Weight Distribution of Neural Network Model-3 (M3)
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Figure B.15 Importance Chart of the Parameters in NNMI-3 (M3)
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