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ABSTRACT
EVALUATION AND FORECAST OF ENERGY CONSUMPTION IN (HFERENT
SECTORS OF THE UNITED STATES USING ARTIFICIAL NEURANETWORKS

by
Arash Kialashaki
The University of Wisconsin-Milwaukee, 2014
Under the Supervision of Professor John R. Reisel
The United States is a country which consumes aarasunt of energy. In order to keep
the development of the United States sustainalbter@e and productive over the time)
energy planning should be carried out comprehelysared precisely. This dissertation
presents a specific mathematical modeling apprtaghrds energy demand modeling of
the United States and forecast future energy denlangenerate more detailed and
accurate results, this dissertation investigateettergy demand of each sector separately
using the analysis of trend for unique set of iredefent parameters which affect the
energy demand in that sector.
In solving a forecast problem with artificial neln@tworks, the most important part is to
choose the independent variables that provide the precise estimate of the dependent
variable. While including too many variables makes model complicated and increases
the calculation time significantly, excluding impamt independent variables makes
integrity of the model questionable and reduceprgslictive ability. In this study,

correlation coefficient analysis is applied toialily select the independent variables.



In terms of forecasting the energy demand in tealemtial sector, the MLR and ANN
models show two different trends while their pemf@ances are at a similar level of
accuracy during the test period.

ANN model anticipates a small increase in the endegnand of the transportation
sector. Although a small increase has been estihigt¢he ANN, the United States
should keep trying to reduce energy consumptiarrder to reduce C{gas and meet its
national and international commitments.

ANN is also applied to forecast the industrial gyestemand and perform future
projections for the period 2013-2030. Based on rhwdmed with historical data of
period 1980-2012, the price of energy significaiifiects the amount of energy used in
the industrial sector. Hence, ascending price sceaad descending price scenario will
result in 7% and 25% increase in the energy demétids sector, respectively.

Based on model trained with historical data of @&i987-2012, the U.S. trade
significantly affects the amount of energy usethi&mncommercial sector. Hence,
ascending trade scenario and descending tradersceniaresult in 5% and 2% increase

in the energy demand of this sector, respectively.
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CHAPTER 1

INTRODUCTION

Mathematical modeling makes it possible to pretie behavior of a broad range
of energy systems in response to fluctuations factihg parameters. In other words,
energy models which explain the properties of aesgsmathematically are powerful
tools for studying energy production and demandlems. As a practical matter, the
only means for constructing a comprehensive maslghiough careful integration of
separate mathematical descriptions of the systemsiponents. Over the years, there
have been many attempts to develop accurate maticaim@odels of energy systems,
and these have achieved varying degrees of suc@ss . of the modeling techniques that
have shown great promise employs the method dicatineural networks. The efforts
described in this work involve developing and empig artificial neural network
modeling techniques for use in predicting energysconptions in various sectors of the

United States economy.

1.1 Mathematical Modeling

Mathematical models integrate scientific and tecainiknowledge with the
purpose of predicting system behavior. Such knogdeds incorporated into the

computational codes that computers execute in matiledation. From this perspective,



the significance of mathematical and computationatleling of energy systems is clear;
it is the most efficient and effective method foegicting the behavior of systems [1].
A mathematical model is a description of the bebtwaof a system. It is made up
of three components [2]:
1. Input variables (statisticians call these regressmiables), which act on the
system.
2. The system structure and parameters/propertieshwikithe necessary physical
description of the system
3. Output variables which describe the reaction ofsytem to the input variables.

Energy use is often a response variable.

In this study, mathematical models based on numlesgnulation permit the
study of a complex energy system that otherwiselavbe too complicated, too costly, or
even impossible to thoroughly investigate. Thefiaral neural network (ANN) technique
is one that can overcome the limitations of tradiél approaches by solving a complex
modeling problem which is difficult to analyticallgescribe. There are some other

methods to mathematically describe a system sublu#igple Linear Regression (MLR).

1.2 Energy Modeling

Energy consumption modeling seeks to quantify gnempguirements as a

function of input parameters. Because of the posfehe mathematical models in the



analysis of the past conditions and for forecasthmg future, mathematical models are
widely used in energy demand modeling. Based orathity of mathematical energy
models, and since the availability and use of enes@ne of the most essential elements
of development in industrial countries, many stadmave been performed to develop
mathematical energy models for use in evaluatiegftkure availability of energy and to
help policy makers to plan accordingly.

Energy models may be used for various reasons.nidst common goal of the
energy models is the determination of regional aatibnal energy supply requirements
and the response of energy consumption in a p&tisector to an upgrade or addition of
technology. Energy models are useful as they cadegpolicy decisions regarding
energy supply and transmission. By quantifying domsumption and predicting the
impact or savings due to retrofits, decisions amento support energy supply, and
retrofit technology incentives.

Energy models rely on data to simulate energy aopsion. Based on the level of
detail of the input data, different modeling tecjues may be used. Different modeling
methods have various positive and negative pataisability and applications.

Energy models in existence are dominated by twéemdiht approaches. Top-
down modeling is based on macroeconomic modelimciptes and techniques and is
intended to include all important economic intei@ts of the society. Bottom-up
modeling is based on disaggregation and technexapeters. Each of these methods is
based on the different levels of input informatidifferent calculation or simulation, and

provides results with different applications.



1.2.10verview of the top-down models

The top-down method considers the energy sectananergy sink and does not
distinguish energy consumption due to individuadl-eses. Top-down models explain
the effects on the energy consumption due to lengrthanges of the energy sector. The
primary purpose of top-down models is to deterntime supply requirements. These
types of models mostly use macroeconomic indicasoch as gross domestic product
(GDP) and energy prices, environmental conditi@m] energy intensity of end-users.
As indicated in Figure 1-1, there are three groapgop-down models. Econometric
models are mainly based on price and income. Téogimal models mainly focus on
broad technological characteristics of entire sysf8]. Statistical models, which are the
primary focus of this study, rely on historical @aOnce the relationship between end-
uses and energy consumption has been establisteechadel can be used to estimate the

energy consumption of sector.



Figure 1-1: Energy modeling approaches

The regression model building consists of selectarg appropriateset of
regressors from a set that quite likely includdsohithe important variables; howewvt
one is not sure that all of these candidate regresge necessary for adequate mode
of the historical data of energy consumption. Ichs@a situation, ne is interested i
screening the candidate variables to obtain theessgon model that contains the k
subset of regressor variables. A number of criten@y be used for evaluating a
comparing the different regression models obtaidedommonly ued criterion is base
on the coefficient of multiple determinatio

Artificial Neural Networks (ANNSs) are composed ahple elements operating
parallel. These elements are inspired by biologieaous systems. As in the nature,

network function is determined largely by connettimetween elements. A network ¢



be trained to perform a particular function by atijng the values of the connections

(weights) between elements. This study discussddsAN more detail.

1.2.20verview of the bottom-up models

The bottom-up modeling approach encompasses alelmochich use input data
from a hierarchal level less than that of the sea® a whole. These models employ
energy consumption of individual end-uses and exlede to represent the nation based
on the representative weight of the modeled sample.

Bottom-up models are capable of determining theggneonsumption of each
end-use and identify the areas of improvement.strength of the bottom-up approach is
that it can determine the total energy consumpicthe energy sector without relying on
historical data. However, the level of detail reqdiby these models is greater than that
of top-down models and the calculation or simulatad the bottom-up models can be

complex [3].

1.3 Energy Consumption in the United States

1.3.1Energy Production and Consumption

The United States is a country which consumes tarasunt of energy. In fact,
the United States is the largest consumer of pgiraaergy among the OECD nations [4].
In 2009, it ranked %L globally with respect to the consumption of prignanergy sources

such as petroleum, natural gas, coal, hydroelectticlear, geothermal, solar and wind,



followed by China [4]. The United States relies petroleum imports to meet its oil
demand, and therefore is the leader globally ims$eof crude oil imports. Also, the
country is the largest consumer of natural gakenworld:about 11% of its natural gas in
2010 supplied by imports, primarily from its No#lmerican neighbors [5].

In 2007, the United States imported 707 Mtoe ofrgpeand exported only 188
Mtoe. The country was self-sufficient in energy iuthe late 1950s when energy
consumption began to outpace domestic production.2B07, net energy imports
accounted for 22.4% of all energy consumed. At shme time, most (84%) of the
imported energy was in the form of oil. The Unit8thtes now imports more oil and
natural gas than any other country [5].

While the United States consumes vast quantitiesnefgy as mentioned above,
it has also pledged to cut its greenhouse gas emssby 2050. This was done through
passage of the American Clean Energy and SecucitynrAJune 2009. This measure aims
to promote clean energy investments and to lowegtgBnhouse-gas emissions by more
than 80% by 2050 [6].

The production and distribution energy data for theted States are shown in
Figure 1-2. The left-hand side of the figure shdts distribution of energy sources in
the United States. This distribution is similarthat of worldwide energy sources: fossil
fuels account for 82% of energy use, nuclear eng@mgguces 8.5%, and renewables

account for 9.3%.



Figure 1-2: Share of energy sources and uses in thimited States [7]

The right-hand side of Figure 1-2 presents theepadtof energy use in the United
States, where more than 40% of the energy is usgdrterate electricity. The remaining
nonelectrical uses are transportation, non-elattrigenerating industrial uses, and
residential and commercial energy use. Lines widncgntages noted at both ends,
connect energy sources and energy uses in Figdrerhe percentages on the left-hand
side of the lines are percentages of the evenseafrom that source. The percentages on
the right-hand side of the lines show the distidrbf energy sources for each use. For
example, 36% of natural gas was used to productrieity, and 24% of electricity was
produced from natural gas. The percentages malteai that not all energy sources can

be used in all applications. For example, 100% wiflear power and 91% of coal are



used to generate electricity: these fuels are mad¢lyw used for other purposes. As can be
seen, the transportation sector relies almost exa@ly (93%) on petroleum and

relatively little of other fuels are used in thector.

1.3.2Renewable energy

Renewable energy production in the United Statesghawn in recent years, with
an average annual growth rate of 4.6% over the destade. Renewable energy
consumption of the United States is also increawiitly an average annual growth rate of
4.5% over the past decade. Since the total enesgguenption is also increasing, the
share of renewable energy remained approximatethamged during last two decades
with an ascending trend through last five years [7]

In 2012, the United States ranked third in totahewgable energy supply
following the People’s Republic of China and Ing@&. The United States has some
renewable energy fostering policies which are imewn with some other countries, but
also differs in its approach in various ways. Resig@ electricity production in the

United States is discussed in Chapter 7 of thidysitu more details.

1.4 Energy Modeling and Forecast

1.4.1The Importance of Energy Consumption Forecasts

Energy planning is impossible without a reasondltewledge of past and

present energy consumption and likely future demaitiese consumption patterns are
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significantly affected by energy prices. Any demamalysis and consumption forecast,
therefore most take explicit account of energy gwjcbecause prices not only affect
choices among alternative energy sources, butclilsites between use of energy versus
other alternative inputs such as capital and laboighoices between energy and non-
energy consuming activities.

However, prices of specific energy resources akg one set of parameters that
affect use. Others, such as availability, relidypitif supply, convenience in use, technical
and economic characteristics of energy-using eqemnand appliances, population
growth, income, rate of urbanization, as well asadabits are as important as or even
more important than price in determining energystonption. Hence any analysis of
past and current consumption patterns and forexfafstture consumption have to take
these other factors explicitly into consideration.

Consumption forecasts could be made either ondbkes lof statistical evaluations
and projections of past consumption trends, ohenbiasis of specific micro-studies. The
former approach is appropriate in industrializediams in which data coverage is
excellent.

There are three interrelated reasons for the impoeé of accurate energy
consumption forecasts. The first is that the timatyg reasonably reliable availability of
energy supplies is vital for the functioning of aaern economy. The second is that the
expansion of energy supply systems usually requirasy years. And the third is that
investments in such systems generally are hightadapitensive. If supply shortage

develops as a consequence of forecasts that alewwpanore expensive foreign energy
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supplies may have to be imported, emergency equipmay have to be installed, and
forced outages may occur. Overestimates of futemahd may be equally costly, if
expansion plans are based upon therd would lead to unnecessary idle capacity that
means wasted financial resources.

The large time horizon for new energy supply inatains increases the need for
accurate forecast of energy demand. Thermal povertgpmay need 4 to 6 years to
complete, although high-cost gas turbines or digsmlher plants can usually be
commissioned on an emergency basis within 1 toa2sydNuclear power plants need 8 to
12 years to build and hydroelectric power plantgine about 5 to 8 years. Therefore, it
would be better to model energy consumption withdgaccuracy in order to avoid costly

mistakes.

1.5 Current Study

Energy modeling and analysis is important becaussrgy is at the core of
economic and industrial activity in industrializeduntries. Energy cost can affect not
only industries with large consumption, but alsdustries as a whole and even the cost-
of-living of citizens, notably because of the impatenergy prices on transport cost and
heating. While respecting the environmental reqoésts of sustainable development,
the energy policies based on energy models shoalldesigned with the objective of
securing economic growth and safeguarding the elthof the citizens; this requires

accurate models.
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Most of the previous studies in this area were ahprehensive and detailed.
While some of them mainly focused on one of theaecsome others analyzed energy
consumption of a country as a whole and do notysthd effective parameters of each
sector. Proven studies show that the accuracy ealmbitity of the ANNs models are
higher compared to other methods of numerical gnergdeling [9-11].

Because of the scarcity of a comprehensive eneoggumption study of the
United States in the open literature and the ingmaé of the accuracy and reliability, this
study builds a solid, precise and reliable modelualenergy consumption in the United
States. This study focuses on each sector sepagatdl takes effective parameters on
each sector into account. Moreover, as the pricenergy carriers increases, renewable
energy demand grows rapidly and renewable energgiugtion technologies improve
significantly. Hence, in this study, a chapter patsention to renewable energy
consumption and important factors and constraints this sector. Finally, by
incorporating energy consumption in all of the polessectors, this study generates a

broad outlook of future energy consumption of thetéd States in near future.

1.6 Dissertation Organization

There currently exists a need for reliable energpsamption analysis and
forecast in different sectors of the United Staldwerefore, the objectives of this research
are to (1) identify the effective parameters onrgmneconsumption in these different

sectors, (2) design and use artificial neural nét&®o analyze the energy consumption
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in the different sectors using the significant paeters, and (3) forecast the future energy
consumption in a specific time frame. To descritie twork, the dissertation has been
divided into eight chapters, including this intratlury chapter.

Chapter 2

Objective: To review past studies about energy modeling aretést in the open
literature and to introduce the methodology andhemfatical backgrounds of artificial
neural networks analysis and multiple linear regjesanalysis.

This chapter elaborates the methodology of thissedtation as well as
mathematical background of methods.

Chapter 3

Objective: To evaluate the energy consumption in the resialesector of the
United States using artificial neural networks

Hypothesis It is expected that the energy consumption inréisedential sector of
the United States is a function of household s&BP, median household income, and
the cost of the energy sources.

Methods to test the HypothesisCollecting the data on the effective parameters,
building the ANNSs, training the network and matchithe test set with the generated
results of the network, evaluating the performaocthe model by error analysis, using
the future trends of the effective parameters ad td the network to forecast the energy
consumption of the residential sector in the Uni¢ates.

Chapter 4
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Objective: To evaluate the energy consumption in the tramapon sector of the
United States using artificial neural networks

Hypothesis It is expected that the energy consumption in tia@sportation
sector of the United States is a function of popata number of vehicles, GDP,
passenger transport amount, and the gasoline price.

Methods to test the Hypothesiscollecting the data on the effective parameters,
building the ANNSs, training the network and matchithe test set with the generated
results of the network, evaluating the performaoicéhe model by error analysis, using
the future trends of the effective parameters ad td the network to forecast the energy
consumption of the transportation sector in thetéthBtates.

Chapter 5

Objective: To evaluate the energy consumption in the indalsgector of the
United States using artificial neural networks

Hypothesis It is expected that the energy consumption initlaeistrial sector of
the United States is a function of population, im@mnd export, employment, GDP, and
the prices of energy sources.

Methods to test the Hypothesiscollecting the data on the effective parameters,
building the ANNSs, training the network and matchithe test set with the generated
results of the network, evaluating the performaoicéhe model by error analysis, using
the future trends of the effective parameters ad td the network to forecast the energy
consumption of the industrial sector in the Unigdtes.

Chapter 6
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Objective: To evaluate the energy consumption in the comialesector of the
United States using artificial neural networks

Hypothesis It is expected that the energy consumption incivmercial sector
of the United States is a function of populatiomport and export, employment,
household income, GDP, and the prices of energscesu

Methods to test the Hypothesiscollecting the data on the effective parameters,
building the ANNSs, training the network and matchithe test set with the generated
results of the network, evaluating the performaoicéhe model by error analysis, using
the future trends of the effective parameters ad td# the network to forecast the energy
consumption of the commercial sector in the Uni¢ates.

Chapter 7

Objective: To evaluate the renewable energy production am$wumption of the
United States

Hypothesis It is expected that the renewable energy consomph the United
States is a function of geographical parameters, afotraditional energy sources, federal
and state policies.

Methods to test the Hypothesisquantifying the effective parameters, collecting
the data on the effective parameters, evaluatioefi@ctive parameters on renewable
energy development via comparison of states withraon geographical conditions and
different renewable energy production status aral amalysis of energy production
portfolio of leading states.

Chapter 8
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Objective: To summarize and generate a broad outlook ofrdéutenergy
consumption of the United States in near future, suggest areas for future work of the
interested researchers.

The period for which data is analyzed and usedifemmodels is slightly different
for each chapter. In period of study for each chiamll of the independent variables
which are subjects of this study are available.aDragarding more extended periods or
monthly or quarterly data are not available forvatiables within the open literature. In
addition, smaller intervals of data are not neadgshelpful; for example, the effect of
energy price change in monthly periods does natliysaffect the energy demand of the
industrial sector in the same period.

In summary, the main goal of these eight chaptertoiprovide a numerical
method to evaluate the important parameters whibctaenergy consumption of
different sectors in the United States and to psepa detailed image of the future of

energy consumption in the United States.
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CHAPTER 2
ARTIFICIAL NEURAL NETWORKS AND

MULTIPLE LINEAR REGRESSIONS

2.1 Introduction

Energy consumption is one of the hardest sectorthefeconomy to analyze,
model and forecast. The structure of energy denfianthe entire sector is unclear. For
example, the energy demand in any economic senot@it not be strongly correlated
with common factors with the other sectors. Whitkergy markets are complex, energy
models are simplified representations of energgpcton and consumption, regulations,
and producer and consumer behavior. Projectionshiayiely dependent on the data,

methodologies, model structures, and assumpticet instheir development.

2.2 Energy Demand Modeling

Energy demand modeling seeks to quantify the energyirements as a function
of input parameters. Models may be used for varreasons. The most common goal of
the energy models are the determination of regicarad national energy supply
requirements and the change in energy demand aftecydar sector to an upgrade or

addition of technology.
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The reasons for modeling energy consumption araasd as the ways in which
energy is used in processes [12]. Energy modelas@til as they can guide decisions of
policy regarding energy supply and transmission.gBgntifying the consumption and
predicting the impacts or savings due to retrofisgisions are made to support energy
supply, retrofit, and technology incentives. Reslkars and scientists tried to develop
integrated energy models for both traditional aedewable energy sources as well as
energy-demand side. Comprehensive overviews ovdhieus types of energy modeling
are presented in several review papers [13-15].

The practice of modeling energy demand is necdgsarsynthesis of data and
method [12]. Energy models rely on data to simuéatergy consumption. Based on the
level of detail of the input data, different modejitechniques may be used. Different
modeling methods have various positive and negageints, capabilities, and

applications.

2.3 Previous studies

The relationship among energy consumption and eugrtas been studied and
reported in the literature such as Min et al. [&)-Ming and Xin-Heng [17], Geem and
Roper [18], Cayla et al. [19], and Swan and Uguf8al Total and sectoral energy
modeling and prediction studies have been carrigdbg many researchers. Geem [10]
developed ANN models for South Korea’'s transpoergn forecasting by considering

various independent variables such as GDP, popualabil price, number of vehicle
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registrations, and passenger transport amount. dent: study, the ANN models
obtained robust results in terms RMSEas well as®?, when compared with multiple
linear regression models. Also, Murat and Ceyld}} ffzscribed the logic of ANN and
fold cross-validation method. They proposed possdpplication of ANNs to forecast
energy demand for next 20 years of Turkey.

Many of previous works using ANNs in energy demammtleling have been done
for the electricity sector. For instance, Ekonomauestigated long-term electricity
demand in Greece using ANNs. Ekonomou used mudtilgperceptron models to test
several possible architectures in order to choosevath the best generalizing ability to
be selected. After all simulations, the chosen Midd ANN models had the following
characteristics: 2 hidden layers with 20 and 17reowesiin each of them, a Levenberg-
Marquardt back-propagation learning algorithm andogarithmic sigmoid transfer
function. Performed predictions with ANN techniqueere found to be much more
accurate than those obtained by a linear regressadel [21]. Ermis et al. used a feed-
forward back propagation ANN to be trained basethendata for 1965 to 2004 and then
forecast the world green energy consumption toydae 2050. They investigated energy
consumption equations and related environmentacspn different sectors. In terms of
calculated errors for performance evaluation (alisolmean relative error, standard
deviations in the relative errors, aRd) ANN had lower errors and better performance
[22]. By using ANNSs, Sizen proposed numerical equations to estimate Tiglanergy
dependence based on basic energy indicators anmrae@nergy consumption.

Moreover, different strategies to preserve the suppd demand balance of Turkey are
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evaluated in this paper. According to results efdieveloped models, this study could be
used to predict of energy dependency from the smcémergy consumption per capita
with a high confidenceRf~1, average deviations= 0.0073%) [23]. Another nesework

on energy consumption in Turkey, Kankal et al. dasted future projections based on
socio-economic variables like GDP, population amipleyment. Different scenarios
were analyzed and the results of the model base¢bdase scenarios were compared with
the official forecast. The proposed ANN model pegelil the energy consumption better
than the multiple linear and power regression nmodelterms of relative errors and
RMSEs [24].

For Turkey as a country which had the highest ayeg@opulation growth rate
among the International Energy Agency (IEA) memlgeuntries, Hamzacebi [25]
explored net electricity energy consumption oncaeal basis until 2020 and the results
are compared with official forecasts of the Turkky.2007, Akay and Atak used Grey
Prediction with Rolling Mechanism (GPRM) to foretasectricity demand of Turkey.
GPRM was chosen because of the high predictionracgwand the little computational
effort required [26]. Duran used Ant Colony Optiatibn (ACO) to estimate energy
demand of Turkey. The presented model used popuolatyross domestic product,
imports, and exports to plan the energy demantefTurkey until 2025 based on three
proposed scenarios [27]. Unler proposed a modelguparticle swarm optimization
(PSO) method to forecast energy demand of TurkdyP,Gopulation, imports, and
exports are used as independent indicators todetemergy demand and the results are

compared with the results of the ACO model devalof same problem [28]. As
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another approach for forecasting short-term grossia electricity demand for Turkey,
Kucukali and Baris applied fuzzy logic. The propbsaodel used GDP as the sole
independent parameter and captured the systemibeléthe period 1970-2014 [29]. In
2012, Bilgili et al. applied artificial neural netwk (ANN), linear regression (LR), and
nonlinear regression (NLR) to estimate the eleityriconsumption of the residential and
industrial sectors in Turkey. Installed capacitypsg electricity production, population
and total subscribership were selected as indepéndariables. Prediction of the
electricity consumption is based on two differecg¢rgarios and the results of the three
methods were compared [9]. The comparisons shoveedl @greement between the
actual data and forecasting results. Also, theoperdnce values of the ANN method
were better than performance values of the LR aod Models.

In 2008, Adams and Shachmurove built an economeatondel of the Chinese
energy economy. This model is based on an eneldgnd®and used to forecast Chinese
energy consumption and imports to 2020 [30]. Fanlas a case study, Azadeh et al.
presented an integrated algorithm for forecastimgtimy electricity consumption based
on a supervised multi-level perceptron ANN, compusemulation and design of
experiments. Electricity consumption data for Ifeom 131 months from 1994 to 2005
were analyzed and applied to the proposed algortthshow the applicability of ANN
and its superiority to conventional time series andulated-based ANN according to
statistical analysis of the results [31]. Regarding industrial sector of Iran, Azadeh et
al. developed an ANN to forecast annual electricipsumption. In addition, the ANN

forecast is compared with actual data and conveatioegression model to show the
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superiority of ANN models [32]. In 2010, Azadeh @t applied a fuzzy regression
algorithm to estimate energy consumption of Irahey showed that the proposed
algorithm is capable of managing imprecision, amibyg and lack of data due to fuzzy
regression mechanism [33].

Use of Al techniques to forecast energy demand tmggdes not limited to
Turkey, Iran and China. For example, Geem and Ragstimated energy demand of
South Korea with an ANN model. This model has fouependent variables including
GDP, population, import, and export amounts [18]. 2013, Kialashaki and Reisel
developed energy demand models which are able recdst energy demand for the
residential sector of the United States. In thislgtmultiple linear regression models and
ANN models are compared and one of the ANN modelshbsen based on the model

evaluation parameter [34].

2.4 Linear regression

Multiple linear regression analysis is one of thidest and most common
methodologies used to analyze the dependency afaatity on a set of independent
variables [35]. A MLR model explicitly describegedationship between independent and
dependent variables.

In this study, the method of least squares-fit seduto estimate the regression
coefficients in MLR model. Producing a fit usindirrear model requires minimizing the

sum of the squares of the residuals. A plot oftss visually gives a good insight about
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Goodness of Fit. The Goodness of Fit is also meadshy Coefficient of Determination
(R?) and Adjusted Coefficient of Determinatio®2) which indicates how closely
obtained values match the dependent variable ofnibdel. The following equation

shows the regression equation for the proposediregression model:

V1 filx) - (D) /B &
(3): : : ()+<> (2.1)
Yn fl(xn) fp(xn) 'BP &p

wherey; is the scalar responsg; to g, are scalar regression coefficientgx) is the
vector component showing each independent paransetiescripip indicates the number
of independent variables, subscmpshows the number of historical observations, and
to ¢, are the scalar noise terms (biases) of the mdthed. model is called linear because
it is linear in the coefficient®;. Regarding bias terms, it is assumed that they are
independent of each other, normally distributedhwiite mean equal to zero.
Multiple linear regression technique is appliedigtermine unknown coefficients
of Bo to Bp. This process is done by minimizing the sum ofdfy@ares of the deviations of

simulated data from the historical data.

2.5 Artificial Neural Networks

2.5.1Structure of the Network

An artificial network is an information-processimgystem that has certain

performance characteristics in common with biolabiweural networks. Artificial neural
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networks have been developed as generalizationsiathematical model of human
cognition based on the assumptions that [36]:
¢ Information processing occurs at many simple uatked neurons.
e Signals are passed between neurons over connéoisn
e Each connection link has an associated weight lwhaultiplies the signal
transmitted.
e Each neuron implies an activation function tanis input to determine its output.

The discovery and widespread dissemination of éec&fe general method of
training a multilayer neural network in 1980s playe major rule in the application of
neural networks as a tool for solving a wide variet problems. There has been a
substantial increase in the interest in the ardificeural network methods in recent years.
Several successful applications of ANN can be foumdarious fields of mathematics,
engineering, medicine, economics, metrology, pskadg and neurology.

A multiple-input neuron is shown in Figuel. As shown in Figur2-1, the input
vectorP is represented by a rectangle on left. It is iathd thaP is a single vector dR
elements. These inputs go to the weight matfixvhich hask columns but only one row
in this single neuron case. A constant 1 entersigugon as an input and is multiplied by
a scalar biag. The net input to the transfer function f is n,iethis the sum of the bias
and the productVxP. The neuron’s outpwd is a scalar in this case. If there is more than

one neuron, the network output is a vector.
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Figure 2-1: Neuron with R inputs

The layer includes the weight matrix, the summgrs,bias vector b, the transfer
function boxes and the output vector. A layer whasgput is the network output is called
an output layer. The other layers are called hiddgars. Single-layer networks suffer
from the disadvantage that they are only able twestinearly-separable problems.
Multilayer networks are more powerful than singdgdr networks. Moreover, the bias
gives the network an extra variable and networkh Wwias are more powerful than those

without.

2.5.2Learning Process
Learning is defined in this context of neural netkgoas [37]:
The learning is a process by which the free paransedf a neural network are adapted
through a process of stimulation by the environniemthich the network is embedded.
The procedure used to perform the learning prosesalled a “learning algorithm”, the
function of which is to modify the synaptic weigltsthe network in an orderly fashion

to attain a desired design objective [38].
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The very general nature of the backpropagatiomitrgi method means that a
backpropagation net (a multilayer, feedforward tnained by backpropagation) can be
used to solve problems in many areas. It is simmgiyadient descent method to minimize
the total squared error of the output computedhayrtet. The training of a network by
backpropagation involves three stages: the feedii@wf the input training pattern, the
calculation and backpropagation of the associatedr,eand the adjustment of the
weights. After training, application of the net alves only the computations of the
feedforward phase. Even if the training is sloviragned network can produce its output
very rapidly.

With processing steps on inputs and targets, newelork training becomes
more efficient. In this study, normalization is &pg@ to both the input and the target
vectors. This normalization scales the inputs &edtargets so that they fall in the range
[-1,1]. In this normalization, it is assumed thhé tinput and target vectors have only
finite real values, and the elements of each veat@ not all equal. Matrix is
normalized into matriy so that

— (ymax - ymin) X (x - xmin)
(xmax - xmin)

whereymin andymax are 1 and -1 respectively. The settings of noizatibn are saved in

*+ Ymin (2.2)

structure parameters. After network has been tdaitt®se structure parameters are used
to transform future inputs applied to the network.
In this study, data are randomly divided into 3ss&0% for training, 15% for

validation process, and 15% for test process. Tdiaimg process is the optimization of
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the performance function by tuning the weights dmases. The mean square error

(MSE), which is the performance function of thisdst, is defined as

N

N
1
MSE = WZ(Q _a)? = Z V2 (x) 2.3)

i=1

whereN is the number of observations for training, &n@nda; are targets and outputs,
respectively. Levenberg-Marquardt (LM) optimizatioils used to optimize the
performance function of the network. This techniquiich is a variation of Newton’s
method, was designed for minimizing functions tlaaé sums of other non-linear
functions. This method is well-suited to the periance function of this study: the MSE.

In this method Hessian matrix is approximated as

H=J"J (2.4)
and the gradient is computed as
g=J"v (2.5)
where
v, (x) vy (x)
[ dx, dxy, }
J= : . : (2.6)

F%m "mﬂw

0xy 0x,

andyv is the vector of network errors. By applicationtbé following modification to
Hessian matrix, it becomes invertible and the apprated Hessian matrix has the same
eigenvalues as the original Hessian matrix.

G=H+ul 2.7)

This leads to the Levenberg-Marquardt algorithm:

Xierr = X — [37(K) I0x) + s 17 3T (X V(%) (2.8)

where
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X' = [X1 X2 X3 ... %] = [\I\/11,1VV11,2 Ql tl,lel,l BVIS] (2.9)
and
VT = [V1 Vo V3 ... \N] = [el,l €1... 81€... E%‘S.M] (2-10)

The algorithm starts witlx set to a small value. If the step does not yielc tsmaller
value for F(x) the step is repeated with a larger valueuofEventually, F(x) should
decrease since we would be taking a small stepdardirection of steepest decent. LM
algorithm provides a good compromise between teedmwf the Newton’s method and
the assured convergence of steepest descent [88]e -1 contains the important

parameters of LM algorithm to train the ANN in tisisidy.

Table 2-1: Important parameters in LM training algorithm and their values

Parameter Value

Maximum number of epochs to tra 100

Performance goal 0
Maximum validation failures 10
Minimum performance gradient le-10
Initial u 0.001

u decrease factor 0.001
u increase factor 10
Maximumgy lel0

2.5.3Training algorithm

The training of a network by backpropagation ineslvthree stages: the
feedforward of the input training pattern, the cédtion and backpropagation of the
associated error, and the adjustment of the weidtfter training, application of the net
involves only the computations of the feedforwalége. Even if the training is slow, a

trained network can produce its output very rapidly
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The nomenclature used in the training algorithmtfer backpropagation net is

presented in Table 2-2.

Table 2-2: nomenclature used in the training algothm

X Input training vector
X=(Xgy weey Ko vnes X0)
t Output target vector
tz(t]_, vaey t, caey t])
Vi Weight of the link betweeiY' input unit toj"™ hidden unit
Wik Weight of the link betweej!' hidden unit td" output unit
Sk Portion of error correction weight adjustment¥grthat is due to an error at

output unitY,; also the information about the error at Ufiithat is propagated
back to the hidden units that feed into Ofjit

J; Portion of error correction weight adjustment¥pthat is due to the
backpropagation of error information from the outiayer to the hidden unit
Z.

a Learning rate

Xi Input uniti:
For an input unit, the input signal and the ougghal are the same

Vo Bias on the hidden unjit

Z; Hidden unit j

The net input t;is denoted_in:
Z_in= Vo + Z XV
The output signal (activation) & is denoted;

z="f(z_in)
Wok Bias on output unik.
Yy Output unitk

The net input tdris denoted/_ing:

Y_INe= Wok+ X ZWi

The output signal (activation) of is denoted
Yic= fy_iny)

The algorithm used for training is as follows [36]

Step O Initialize weights.
Step 1 While stopping condition is false do step 2-9
Step 2 For each training pair, do step 3-8.
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Feedforward:

Step 3.Each input unitX;) receives input signal and broadcasts this signal to all units
in the layer above (the hidden units).

Step 4.Each hidden unitZ) sums its weighted input signals,

Z_in= Vot X XVj

applies its activation function to compute its adtpignal,

7= f(z_in)

and sends this signal to all units in the layervab@utput units)

Step 5.Each output unitYy) sums its weighted input signals

Y_ine= Wok+ X ZWik

and applies its activation function to computeoitigput signal

yi= f(y_ing

Backpropagation of error:

Step 6.Each output unitY) receives a target pattern corresponding to thetitraining
pattern, computes its error information term,

A = (t— WL (y_ing,

calculates its weight correction term to updage

AWk = adkZ;

calculates its bias correction term to updajge

AWk = ady

and sends to units in the layer below.

Step 7 Each hidden unitzj) sums its delta input

o_iny = Z0Wik

multiplies by the derivatives of its activation fition to calculate its error information
term

o; = o_in; fJ (z_in),

calculates its weight correction term to updgtéater

AVij = adiX;

and calculates its bias correction term to upsgtéater
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AVoj = a J

Update weight and biases:

Step 8.Each output unitYy) updates its bias and weights
wik(new)= wi(old) + Awj

Each hidden unitf) updates its bias and weights
vi(new) = yj(old) + Av;

Step 9.Test stopping condition
2.5.4lInitialization

In the ANN models developed in this study, Nguyeitidv technique has been
used for initialization of the parameters. Thisht@ique is one of the most effective
neural network weight initialization methods avhl&a This algorithm chooses values in
order to distribute the active region of each nauro the layer approximately evenly
across the layer’s input space.

The initialization of the weights from the inputitsnto the hidden units is
accomplished by distributing the initial weightgddmasis so that, for each input pattern, it
is likely that the net input to one of the hiddemts will be in the range in which that
hidden neuron will learn most readily. The procedemnsists of following steps [36]:

For each hidden unijH1,2,...,p:

e |Initialize the weight vecton;;(old) = random number between -0.5 and 0.5.
e Computellvj(old) ] which is the norm of the vector.

¢ Reinitialize weights and bias:

_ ﬁvi,j(old)

Vil = v, (ol | (2.11)

vo,j= random number betweegt andp
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wheren is the number of input unitp,is the number of hidden unitgsis the scale

factor:

B=0.7 (p)" (2.12)
Weights from the hidden units to the output unitsiaitialized to random values
between -0.5 and 0.5.

2.6 Selection of the independent variables

In solving a forecast problem with artificial neurgetworks, the most important
part is to choose the independent variables thatige the most precise estimate of the
dependent variable. Moreover, since the future dsenf dependent variables are
unknown, the probability percentage of occurrentdhese variables is significantly
important. Hence, the process of choosing indepgndariables must be done with
special consideration.

While including too many variables makes the mamnehplicated and increases
the calculation time significantly, excluding impamt independent variables makes
integrity of the model questionable and reducespiidictive ability. In this study,
correlation coefficient analysis is applied toiaily select the independent variables.

The correlation coefficienpgy) between random variabl@sandY is defined as

px.¥= COVENI(VOIV(Y)] ™ (2.13)

where, cow,y) is the covariance between the random variaKlesdY andV(x) and
V(Y) are variances of random variabksindY, respectively. The correlation coefficient

is a dimensionless quantity that can be used tgeoenthe linear relationships between
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pairs of variables in different units [39]. Caldutg linear correlation before fitting a
model is a useful way to identify variables thavéa simple relationship, provided it is

done along with the P-value calculation and comigdeinterval test for some chapters.

2.7 Overfitting

Overfitting is important in machine learning. ltuadly appears when the model is
highly complicated and has too many parameters eo@op to the number of
observations. Especially when the learning perfarmeoo long or when the training set
is too short, the learner may adjust to very specandom features of the training data.
The performance of the model in terms of predictiaii generally decline. In other
words, minor fluctuations of data will be exaggetat

In the current study, however, the overfitting geob is very unlikely to happen
since the training examples are not rare comparedet number of effective parameters.

In addition, the model that is employed is not esteely complex.
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CHAPTER 3

ENERGY DEMAND IN THE RESIDENTIAL SECTOR OF

THE UNITED STATES

3.1 Introduction

The United States is a nation which consumes aarastint of energy. In 2009 in
the United States, fossil fuels accounted for 83%ot@l energy consumption, renewable
energy supplied 8.0% and nuclear electric powevideal 8.8%. The pattern of energy
use varies by sector as explained in CHAPTER 1erAfhe electric power sector
(40.3%), the transportation sector was the secargkst consumer of primary energy
(28.5%), followed by industrial (20%), residenti@%), and commercial (4.3%), as
shown in Figure 3-1. The major primary energy seurcthe residential sector is natural
gas (43%) while electricity (42%) and petroleum @aD occupy small portions as shown

in Figure 3-2 [5].
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Figure 3-1: Energy consumption by sector in United States |5
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Figure 3-2 Major primary energy sources in residential secto [5]

To assist in planning for future energy needs, thggse of thischapter is to
develop a model faresidentie energy demand that incorporates past trends. sets of
models are developed. The primary model describéhis chapteremploys arAtrtificial
Neural Network (ANN) technique to predict United Staresidentialenergy demand.
Seven independentariables resident populatigngross domestic produchousehold
size, median householdcome, cost of residential electricity, cost e$identialnatural
gas, and cost oesidentialheating oi) have been tested for the modeling. The resul
the ANN models are compared to those predictedhéyrtore traditioneMultiple Linear

Regression (MLR)modeling technique so that any advantages to thé&l Atbdeling
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technique can be discerned. By studying the passiténario for growth of parameters,

future residential energy demand in United Stet¢ken forecast based on the models.

3.2Background

Modeling and predicting energy consumption playitalvole in developed and
developing countries for policy makers and relabeganizations. Underestimation of
consumption would lead to potential outages thatdmvastating to life and economy,
whereas overestimation would lead to unnecessdey dgdpacity that means wasted
financial resources. Therefore, it would be betttemodel energy consumption in order
to avoid costly mistakes. Also it is better to aetely use models that can handle
nonlinearities among variables as the expectedreaiti energy consumption data is
nonlinear.

Swan and Ugursal [3] provide a review of the vasiooodeling techniques used
for modeling residential sector energy consumptibm.their research, two distinct
approaches are identified: top-down and bottomigrh technique relies on different
levels of input information, different calculatiam simulation techniques, and provides
results with different applicability. A critical veew of each technique, focusing on the
strength, shortcomings and purposes, is providaugalith a review of various models.

Both regression models and neural network modedd us the current study are
categorized as statistical models which are aidwisf the top-down approach. Models,

using a bottom-up approach can account for enesggumption of individual end-uses,
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individual houses, or groups of houses and therapalate to represent the region or
nation based on the representative weight of thelebed sample. Researchers have
applied a variety of statistical techniques toizailthis and other information to regress
the energy consumption as a function of house chexiatics.

It is well-known that Artificial Neural Networks (RN) can model any nonlinear
relationship to an arbitrary degree of accuracyatjusting the network parameters. In
addition to many different algorithms reported ime tliterature, the accuracy and
prediction performance of ANN models need to bedisa for energy consumption
prediction problems in order to give decision makan opportunity to make sound
decisions regarding their activities. Finally, ashwany other modeling problem, inputs
to a model should cover all possible variables thtience the output variable of
interest.

Regarding the residential sector, Gilland [40] pob¢d the world energy demand
for the period of 2000 to 2020 on the basis of gilale assumptions regarding population
growth, economic growth and a relation betweentieiss of energy demand and growth
of gross domestic product per capita by world regiMin [16] presented a novel
approach to modeling residential energy by both esel and fuel type for the entire
United States at a high resolution. Their modeljles an in-depth look at how energy
is used by residences in different parts of thentguand the variances between home
energy use characteristics both within and acrdgseht regions.

Cayla et al. [19] characterize quantitatively thgact of income on household

energy consumption in the residential and transgextor of France. Their analysis show
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that the economically-poorest households are peatiy constrained since the share of
their budget represented by these energy sensgcesry large. As an alternate fuel used
in residential sector, wood energy consumption Iesn studied by Song et al. [41].
They found that the composite non-wood energy ppiositively associated with U.S.

residential wood energy consumption in the longamith elasticity 1.82. Wage rate was
negatively associated with wood energy consumptioboth long-run and short-run.

They also suggest that the estimated trend in eaa wood energy consumption is

significantly negative, about -3% per year.

3.3Energy Modeling

A neural network is a massively parallel distrilsutprocessor made up of simple
processing units which has a natural propensitystoring experiential knowledge and
making it available for use. It resembles the bmitwo respects:
1. Knowledge is acquired by the network from itsvimnment through a learning
process.
2. Interneuron connection strengths, known as dimayeights, are used to store the
acquired knowledge.

The procedure used to perform the learning prodgsssalled a “learning
algorithm”, the function of which is to modify ttenaptic weights of the network in an

orderly fashion to attain a desired design object88].
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Neural networks are composed of simple elementsatipg in parallel. These
elements are inspired by biological nervous systeftss in the nature, the network
function is determined largely by connection betwekments. A network can be trained
to perform a particular function by adjusting thalues of the connections (weights)

between elements.

Including connections
——P » Compare
Input (called weights) between Output
Adjusted
weights

Figure 3-3: Training algorithm of neural networks

Commonly, neural networks are adjusted, or trairsedthat a particular input
leads to a specific target output. Such a situasashown in Figure 3-3. In Figure 3-3,
the network is adjusted, based on a compression obtiteut and the target, until the
network output matches the target. Typically mamghsinput/target pairs are used in this

supervised learning, to train a network [38].

3.4 Effective Parameters on Energy Demand of the Residgal Sector

This chapter considers various independent vasadleh as resident population,
gross domestic product, household size, medianemals income, cost of residential

electricity cost of residential natural gas, andtcof residential heating oil to build a
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residential energy model of the United States. fl&@44 and Table 3-1 show the detailed

trends of the parameters.

The data in this study come from different sourcdse information for GDP,

population, median household income, and housebialel are from the U.S. Census

Bureau. The information related to energy consuompith residential sector is taken from

U.S. Energy Information Administration. Finally,etldata for total energy consumption

in residential sector of the United States are frima Annual Energy Review 2011

published by DOE/EIA. [42] [7] [5]
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Figure 3-4.a: Residential Sector Energy Consumptiokstimates [5]
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Table 3-1: Trend of the independent variables andreergy consumption estimate$5] [42] [7]

Year Resident Gross Household Median Cost of Residential Cost of Residential Cost of ResidentialResidential Sector Energy

Population Domestic  Size  Householc Electricity (Dollars Natural Gas Heating Oil Consumption Estimates
(thousand) Product Income per Million Btu) (Dollars per Million (Dollars per Gallon) (Billion Btu)
(Billion (2010 Btu)
dollars) Dollars)
1984235,825 3930.9 2.69 44802 20.169 5.719 7.571 15,959,563
1985237,924 42175 2.67 45640 20.129 5.517 7.056 16,041,334
1986240,133 4460.1 2.66 47256 19.842 5.169 55 15,975,109
1987242,289 4736.4 2.64 47848 19.221 4.730 5.097 16,263,213
1988244,499 5100.4 2.62 48216 18.531 4.494 4.955 17,132,613
1989246,819 5482.1 2.63 49076 18.081 4.412 5.233 17,785,725
1990249,623 5800.5 2.63 48423 17.558 4.308 5.864 16,945,297
1991252,981 5992.1 2.62 47032 17.301 4.145 5.394 17,420,310
1992256,514 6342.3 2.66 46646 17.15 4.072 4.8 17,355,685
1993259,919 6667.4 2.67 46419 16.875 4.147 4.546 18,217,687
1994263,126 7085.2 2.65 46937 16.572 4.203 4.301 18,112,431
1995266,278 7414.7 2.65 48408 16.154 3.872 4.102 18,518,963
1996269,394 7838.5 2.64 49112 15.616 3.937 4.545 19,504,218
1997272,647 8332.4 2.62 50123 15.394 4.210 4.421 18,964,947
1998275,854 8793.5 2.61 51944 14.852 4.050 3.769 18,954,918
1999279,040 9353.5 2.6 53252 14.355 3.906 3.791 19,556,929
2000282,172 9951.5 2.58 53164 14.024 4.392 5.489 20,424,794
2001)285,082 10286.2 2.58 52005 14.199 5.284 5.089 20,042,076
2002287,804 10642.3 2.57 51398 13.75 4.279 4.525 20,810,265
2003290,326 11142.1 2.57 51353 13.89 5.086 5.31 21,109,915
2004293,046 11867.8 2.57 51174 13.886 5.547 5.909 21,092,623
2005295,753 12638.4 2.57 51739 14.181 6.326 7.576 21,626,073
2006298,593 13398.9 2.56 52124 15.119 6.625 8.459 20,698,278
2007301,580 14061.8 2.56 52823 15.054 6.143 9.014 21,565,031
2008304,375 14369.1 2.57 50939 15.328 6.282 10.78 21,596,245
2009307,007 14119 2.59 50599 15.724 5521 8.019 21,063,265
20103.09349 14660.4 2.58 49445 15.511 5.106 9.252 22,153,450

This study considers all the possible combinatdrvariables for the model.

Each of these models is based on some of the listkchtors.
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The model building problem consists of selectingappropriate set of regressors
from a set that quite likely includes all of thepantant variables; however, we are not
sure that all of these candidate regressors aessagy to adequately model the historical
data of energy demand. In such a situation, wardeeested in screening the candidate
variables to obtain the regression model that costéhe best subset of regressor
variables. In addition, to make the model easys®, we would like the model to use as
few regressor variables as possible.

First, the models are built using the multiple &ngegression method. This
approach requires the fitting of all the regressemuations involving one candidate
variable, all regression equations involving twgression variables, and so on. Then
these equations are evaluated according to sontabluicriteria to select the best
regression model. Since there are 7 candidatessmre there are 2otal equations to be
examined.

A number of criteria may be used for evaluating @aothparing the different
regression models obtained. A commonly used ooiteis based on the Coefficient of

Multiple Determination shown witR’,

SSg(p)

Syy

RZ=1- (3.1)
where S&(p) and S,y denote the error sum of the squares and total cfutine squares,
respectively, for a p-variable model.

A second criterion is to consider the mean squace &r a p-variable equation:
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(3.2)

Regressors are usually chosen so M&t(p) is a minimum. A third criterion is
the C, statistics, which is a measure of the total megumase error for the regression

model.

SSe(p)
C, = 52 N + 2p (3.3)

We choose the ‘best’ regression equation eitheodetmwith minimumcC, or a
model with a slightly large€, that does not contain as much bias. More detaitshe
found in [20] and [21].

Another criterion is based on a modificatiorR3§ that accounts for the number

of variables in the model. This statistics is ahllee adjusted®?, defined as

Y n-1 2
Rp == 1 —m(l - Rp) (34)

The regression model that has the maximum valué?_gofvvould usually be

selected. The results of the regression modelsnaieated in appendix A. Table 3-2

contains the summary of the best models amonga#ible models.
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Table 3-2: Evaluating criteria of each number of imlependent variables

Number of
independent 1 2 3 4 5 6 7
parameters

R%, 0.95697 0.97068 0.97168 0.97255 0.97297 0.97349 0.9735

MSE 1.78E+11 1.27E+11 1.28E+11 1.29E+11 1.33E+11 1.3TE+1.45E+11

G 7.8449 0.019459 1.3009 2.6789 4.374 6.001 8

The best regression models are based on two, thnee four independent
variables. Adding more independent variables, siscimodels using 6 and 7 independent
variables, only increases the calculation time iantkases the model complexity without
a correspondingly significant improvement mzp. Table 3-3 shows the selected

independent parameters for the models.

Table 3-3: Selected independent parameters for thrmodels

Median Cost of Cost of Cost of
Resident Household . . Residential Residential
. . Household Residential i
Population Size . Natural Heating
Income Electricity .
Gas Qil
Model 1 v v
Model 2 4 v v
Model 3 v 4 v 4

Stepwise regression is probably the most widelydusariable selection
technique. The procedure iteratively constructsequence of regression models by

adding variables at each step. Forward selectianvigriation of stepwise regression and
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is based on the principle that regressors shouladded to the model one at a time until
there are no remaining candidate regressors tlualupe a significant increase in the
regression sum of squares. Backward eliminatiorisstaith all candidate regressolg (
in the model. Then, the regressor with the smaflastial F-statistic is deleted. Next, the
model withk-1 regressors is fit and the next regressor withmgatkelimination is found.
The algorithm terminates when no further regresaarbe deleted.

Forward selection and backward elimination are p$iffnations of stepwise
regression that omit the partiatest for deleting variables from the model thatehbeen
added at previous steps. This is the potential nesdk of forward selection and backward
elimination; that is, the procedure does not exlitre effect that adding or deleting a
regressor at the current step has on regressablesi added or deleted at earlier steps
[39].

In this chapter, stepwise regression method has bsed. In order to select the
appropriate independent variables for the any @itlodels, all the possible MLR models
have been tested. For instance, to select thethrest parameters for the second model,
all possible MLR models with 3 of 7 independentiales have been tested and the
independent variables corresponding to the besemmeere selected for further analysis.
The following equations show the regression eqguatior the proposed MLR models 1,
2, and 3:

Y1 = B11Xs + B21X5 (3.1)

Yy = B12Xo + B22X4 + B32X5 (3.2)

Y3 = B13Xy + B23X4 + B33X5 + Ba3zXy (3.3)
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whereY; is ith model,g;; is thei™ regression coefficient of thi' model andX;s are
shown in the Table 3-3.

In the next step, based on the historical trenthefparameters, the future trends
of the independent variables are forecasted. Thectsd regression models take the
future trends of the independent variables as inpugienerate the estimated energy
demand in next 20 years. Figure 3-5 presents thenaed energy demand in the
residential sector of the United States based enfdnecast of selected independent

variables using best regression models.
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Figure 3-5: Estimated energy demand of the resideial sector 2010-2030 using MLR models
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3.5 Artificial Neural Network Modeling

For modeling the problem using ANN, a feed-forwamdiltilayer perceptron
neural network has been used which is coupled téitk-propagation technique. This
network is a generalization of single layer perompt The network consists of a set of
sensory units that constitute the input layer, bidelen layer of computation nodes, and
an output layer of computation nodes. The inputaigropagates through the network in
the forward direction, on a layer-by-layer basis.

Essentially, error back-propagation learning cdesef two passes through the
different layers of the network: a forward pass artfshckward pass. In the forward pass,
an activity pattern (input vector) is applied t@ tbensory nodes of the network, and its
effects propagate through the network layer byrlalymally, a set of outputs is produced
as the actual response of the network. Back-prdjmagallows quick convergence on a
satisfactory local minimum for error in the kind rétworks to which it is well-suited. It
is simply a gradient descent method to minimize ttital squared error of the output
computed by the network [36].

During the forward pass, the synaptic weights efrietwork are all fixed. During
the backward pass, on the other hand, the synaptghts are all adjusted in accordance
with an error-correction rule. Specifically, thetwa response of the network is
subtracted from a target response to produce am signal. This error signal is then

propagated backward through the network, agaimstitection of synaptic connections.
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The synaptic weights are adjusted to make the bhotisponse of the network move
closer to the desired response in a statisticalesen
The applied technique has four distinctive charzsttes [37]:

e The model of each neuron in the network includasrainear activation function.
The nonlinearity is smooth and differentiable evdrgre. The used form of
nonlinearity that satisfies this requirement igvsagdal nonlinearity defined by the
logistic function

1

T1 + exp(—vj) (3.4)

Yj

wherev; is the weighted sum of all synaptic inputs plus Itas of neuronpandy; is the
output of the neuron.

The presence of non-linearity is important becaatkerwise the input-output relation of
the network could be reduced to that of a singjetigerceptron.

e The network contains one layer of hidden neurorf®es& neurons enable the
network to learn complex tasks by extracting pregineely more meaningful
features from the input vector. The theoreticalitssshow that one hidden layer
is sufficient for a back-propagation net to appnoxie any continuous mapping
from the input patterns to the output patterns. fidelen layer neurons influence

the network performance prediction.
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e The network exhibits a high degree of connectiagydetermined by the synapses
of the network. A change in the connectivity of tietwork requires a change in

population of synaptic connections or the weights.

¢ In the forward pass, the function signal appeaahdhe output of neuropis

computed as

yi(n) = ¢ (v,- (n)) (3.5)

wherev;(n) is the induced local field of neurpmlefined by

v = > wy (W) (3.6)
i=0

In Equation (2.6), m is the total number of inpaigluding the bias applied to
neuron j anaw;(n) is the synaptic weight connecting neurdo neurory andx(n) is the
input signal of neurof. The indexi refers to thé™ input terminal of the network. The
transfer function accepts inputs varying from Oltend produces outputs over a finite

range from O to 1. Figur@6 shows a signal-flow graph of output neuron.

4;(n)

; ¥;(n) -1 &;(m)
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The steps of the analysis are as follows:

1. Divide the available data into training, validatiand predicting set;

2. Select the proper architecture and input parameters

3. Train the model using the training set;

4. Evaluate the model using validation data;

5. For different architectures and input parametenseat steps 2 through 4;

6. Apply the test on the final network architecture.

In the estimation of energy demand of the residésector, three models are built. Each
of these three contains a set of independent JasaWwhich are same independent
variables as ones used in MLR modeling. FiguresBdws the output of the model for

the period of 1984-2010 compared with known enelgyand in same period.
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Figure 3-7: Energy demand of the U.S. residentialestor, comparing ANN models to the actual data
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3.6 Forecasting Scenario

To forecast the energy demand in the residentialoseindividual variables
(resident population, gross domestic product, Hooigsesize, median household income,
cost of residential electricity cost of residentiatural gas, and cost of residential
heating oil) should be analyzed and their trendgte future should be forecasted first.
This forecast has been made based on the histalatalfrom 1980 using a regression
method. The extrapolated trend is linear for GDPgagita, resident population, median
household income, and household size. Howeverfrédrals of the cost of residential
heating oil, cost of residential natural gas, aodt of residential electricity follow a
guadratic trend during the forecast period. Thedasted results based on historical data
are shown in Figure 3-8.

Using the forecast of individual variables, therggyedemand has been forecasted
for the period of 2010 to 2030. The models, whielvdhbeen developed and trained by
the historical data points and performances duthwy test period, are now used to
generate the future demand of energy. The foredastlues of the individual variables
are fed to the trained networks as input vectofse Todels give the future energy
demand by applying the weights which are set ugr dfte training process. The results

are presented in Figure 3-9 and also summariz&dle 3-5.
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Table 3-4: Forecasted energy demand in the U.S. idential sector using ANN

year model 1 model 2 model 3
2011 21542000 22081000 21173000
2012 21246000 22731000 20581000
2013 21167000 23395000 20160000
2014 21485000 23748000 20181000
2015 22308000 23495000 20662000
2016 22282000 22442000 21313000
2017 20956000 20991000 21697000
2018 19808000 20014000 21610000
2019 19528000 19628000 21133000
2020 19460000 19521000 20453000
2021 19026000 19513000 19766000
2022 17817000 19550000 19158000
2023 17829000 19614000 18566000
2024 18174000 19653000 18006000
2025 18592000 19528000 17881000
2026 20105000 19104000 18490000
2027 21678000 18448000 19580000
2028 21822000 17715000 20624000
2029 21097000 16979000 21292000

2030 20158000 16314000 21620000
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As can be seen in Figure 3-8, noticeable decreasdsplace for the GDP per
capita and median household income during 2007 2@1i0. This happened due to the
great variations in economic growth during the @asi of the economic downturn, which
occurred in the United States beginning in 2007 wahdse impacts are still experienced.
Therefore, because of the nature of the ANNs modedpproach, these fluctuations are
reflected by the model in its future predictions. dddition, the results of the ANN
models are in agreement with the predicted redattshe growth of energy demand in
the residential sector published in Internationahefgy Outlook, 2011. This
corresponding study shows a 0.1% annual growth lwhieans the delivered energy
consumption in residential sector of the Unitedé&tamains almost constant for next 20

years.

3.7 Discussion

As previously explained, Table 3-3 shows the indelpat variables selected for
MLR models. The same sets of variables are seldoiedNN models. Although the
results of 6 different models (3 ANN models and IMinodels) were presented above,
the evaluation of the models was not performeds Ebction targets the evaluation of the
models. Results presented in Table 3-5 indicat¢ the R? of the models are not
significantly different and all of the models arengrating the energy demand data
corresponding to the test period that are closth¢oreal data. However, in terms of

prediction, the trends of the models are different.
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Table 3-5: Comparison of the performance of MLR moels and ANN models

MLR Models ANN Models
1 2 3 1 2 3
RZp 0.95697 0.97068 0.97168  0.98229 0.98489 0.98957

Although, the results from regression models showearease with different
slopes corresponding to different models for enelgyand in the near future, the results
from ANN express no significant change in demandame time frame (except model
2). Since the regression models only see the dverag-term trend, they are not
sensitive to the recent fluctuations. Being monesiive to the outcomes of economic
crises, it seems that the approximately unifornulteswith slower growth predicted by
the artificial neural networks are likely more iisait.

Because the ANN is a black-box method and it casthidden trends implicitly
in addition to explicit independent variables sitdifficult to explain the wavy forecasted
results which remain with no significant changegiven time period. However, there are
some factors which may be being captured in theenhat may help explain the results:
1) Home appliance makers may spend more moneyswarmeh in order to progress to
more environmentally-friendly and fuel-efficientqolucts.

2) Due to the growing cost of the energy, peoplalifgaheir behavior and use energy
more efficiently.
3) Development of education and improvement of ublvareness about restricted

energy sources decreases the energy demand natlen-w
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3.8Conclusion

Both multiple linear regression and artificial ng&unetwork models for the
residential sector of the United States have beseldped applying various independent
variables. Models show robust outcomes when ®eis considered.

In terms of forecasting, the models show two ddfer trends while their
performances are at a similar level of accuracynduthe test period. Sensitivity of the
ANN models to the recent fluctuations caused bydbenomic recession may be the
reason for the difference as regression modelsfonécast based on the total trend of the
individual parameters.

Although a small increase in the energy demaneésidential sector of the United
States has been estimated by the ANN, the Unitate$Sshould keep trying to reduce
energy consumption in order to reduce ;,Cémissions and meet its national and
international commitments. Furthermore, improvedneeic conditions in the near
future may cause ANN models to revise their forecagpwards in terms of energy
consumption.

Due to the uncertainty in any extrapolation tecbhe&] more research should be
done to closely observe the accuracy of the ANN kihdR models developed in this

study for predicting the energy demand.
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CHAPTER 4

ENERGY DEMAND IN THE TRANSPORTATION SECTOR

OF THE UNITED STATES

4.1 Introduction

While, as discussed previously, the United Statassumes vast quantities of
energy, it has also pledged to cut its greenhoaseegissions by 2050. This was done
through passage of the American Clean Energy amadr®e Act in June 2009. This
measure aims to promote clean energy investmerdst@ahower US greenhouse-gas
emissions by more than 80% by 2050. Part of thdsiggon will need to be achieved in
the transportation sector. Moreover, a new efficyestandard for automobiles set joint
fuel economy and greenhouse-gas emission stanttar@911 model cars and trucks to
increase fuel economy to 6.7 liters per 100 kilan€B85 miles per gallon) by 2020 [6].
The major primary energy source in the transpoctoseof the United States is oil
(94.1%) while liquefied gas (2.4%) and biomass 4@3.®ccupy small portions as shown

in Figure 2 [5].
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Figure 4-1: Major primary energy sources in transpat sector

In order to assist in planning for future energgae the purpose of this chapter is
to develop a model for transport energy demand ithairporates past trends. Two
models are developed. The primary model describekis research employs an artificial
neural network (ANN) technique to predict Unite@t8s transport energy demand. Five
independents variables (population, GDP, oil pramapunt of passenger transportation,
and number of vehicles) have been tested for thdeimy. The results of the ANN
models are compared to those predicted by the tredl@gional multiple linear regression
modeling technique so that any advantages to th&\ Ahbdeling technique can be
discerned. By studying the possible scenario fommgn of parameters, future transport

energy demand in United States is then forecasteddoon the models.

4.2 Background

As the energy demand in the transportation sectowg rapidly compared to the
other energy consuming sectors, modeling energyaddnm this sector to estimate the

future demand is getting more popular among enarglysts. There have been some
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successful models which focus on the estimatioreradfrgy demand in transportation
sector. Geem, after modeling the energy demandourthSKorea, developed an ANN
network to estimate the nationwide energy demamdtirimsportation sector of South
Korea. He built different models by using differeombination of independent variables.
Also ANNs are compared with the multiple linear neggion models. The ANN models
obtained robust results in terms RMSE as well asR?, when compared with MLR
models [10]. To project transport energy consunmptio Thailand, Limanond et al.
generated log-linear model and feed-forward neuetlvork models based on GDP,
population and number of registered vehicles aspgeddent variables. Two log- linear
models were created. The first model explains prarisesnergy usage in terms of gross
domestic product, while the second explains pertaafansport energy use based on per-
capita GDP. The models can account for up to 93-85%e variability in transport
energy demand. The final ANN models include allefisocio-economic variables as
inputs, and estimated transport energy demand asugut. The three ANN model
structures with the highest performance are usedrrige at the final energy demand
projection. The results are projected for 2010-283@ also compared with their previous
study done by LEAP [44]. Murat and Ceylan invedegafuture energy demand in
transportation sector of Turkey using ANNs and e@aonomic indicators. The structure
of their model consists of a feed-forward neurdimoek trained by a back propagation
algorithm and the socio-economic indicators useel GNP, population and annual
average vehicle-km; the period of study is 197@@01. The logic of the ANN and the

application of k-fold cross-validation method aresdribed in detail. The data is
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partitioned into six groups and whichever provities total minimum error is selected as
the best network architecture. The best of the agtwrchitectures is obtained as 3x14x1
and used for all the modeling process [20]. Jingrand Xin-heng compared the results
of their model for energy demand of China whichased on ANN with the results from

trend extrapolation. The ANN model showed highecion [17].

Several studies were carried out on the UnitedeStatnergy consumption
forecast using different methods and approachdkenrecent years. L. Parshall et al.
evaluated the ability of Vulcan to measure ene@ysamption in urban areas, a scale of
analysis required to support goals established a$ @f local energy, climate or
sustainability initiatives. The Vulcan Project isSNASA/DOE funded effort under the
North American Carbon Program to quantify North Aicen fossil fuel carbon dioxide
(CO,) emissions at space and time scales. They alddidhited the methodological

challenges of this type of analytical exercise slew alternative approaches [45].

4.3 Description of the ANN Model

This portion of the study primarily focuses on #néficial neural networks and
multiple linear regression techniques for forecapsthe transportation energy demand of
the United States based on several indicators.siimy considers various independent
variables such as population, GDP per capita,raiepnumber of registered vehicles and
amount of passenger transportation to build a parnsenergy model of the United

States. Figure 4-2 shows the detailed trends opénameters.
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Figure 4-2: Transport Energy Demand and related initators

The data in this study come from different sourd&$ile GDP is a common
factor of most studies, in this study the GDP papita is tested. GDP per capita is a
measure that results from GDP divided by the sizb@ nation’s overall population. So,
in essence, it is theoretically the amount of moti&t each individual receives in that
particular country. The GDP per capita provides wlmbetter determination of living
standards as compared to GDP alone. The inform&iradBDP per capita comes from the

World Bank [46].

The data for the Number of U.S. aircraft, vehiclesssels, and other conveyances
are from the Research and Innovative Technology iAdtnation (RITA), U.S.
Department of Transportation, National Transpastatbtatistics [47]. Finally, the data
for total energy consumption in transportation sectf the United States are from the

Annual Energy Review 2011 published by DOE/EIA [5].
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The population information is from U.S. Census Bwrg42] and oil price
information is from U.S. Energy Information Admitvstion for unleaded regular
gasoline. The amount of Annual Vehicle - Miles @&Vvel is provided by United States

Department of Transportation - Federal Highway Amistration [48].

Table 4-1: Variables applied in each model

GDP per us Nominal Highway, total Annual Vehicle
Model
capita population Gas Price registered vehicles  Transport Amount
1 v v v
2 v v v
3 v v v
4 v v v
5 v v v v
6 v v v v v

This study considers six models. Each of these taadebased on some of the
listed indicators. Table 4-1 lists the variabledalihare applied in each model. First, the
models are built using the multiple linear regressmethod. The model building
problem consists of selecting an appropriate seegfessors from a set that quite likely
includes all of the important variables; howeverawe not sure that all of these candidate
regressors are necessary to adequately model staxital data of energy demand. In
such a situation, we are interested in screeniegctindidate variables to obtain the
regression model that contains the best subseigoéssor variables. In addition, to make
the model easy to use, we would like the modelde as few regressor variables as

possible. The equations used in this technique are

Y1 = PiX+ BoXo + PsXs + By (4.2)
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Yo = PX+ Bk + PsXs + B (4.2)
Ya = BXa+ BaXa + BXs + (4.3)
Yo =B+ X+ X+ (4.4)
Ys = PX+ PoXs + BiXy + PXs + (4.5)
Yo = BX + PoXo + X + BiXy + BoXs + fo (4.6)

In Equations 4.1 - 4.6, the variableg, to ys are energy consumed in the
transportation sectorx; to xs are the regresors which are indicators of energy

consumption, whilg, to S5 are the coefficients of regression.

For modeling the problem using ANN, a feed-forwamdiltilayer perceptron
neural network has been used which is coupled téitk-propagation technique. This
network is a generalization of single layer perompt The network consists of a set of
sensory units that constitute the input layer, lbidelen layer of computation nodes, and
an output layer of computation nodes. The inputaigropagates through the network in
the forward direction, on a layer-by-layer basis.

Overfitting is important in machine learning. ltuadly appears when the model is
highly complicated and has too many parameters eo@op to the number of
observations. Especially when the learning perfarmseoo long or when the training set
is too short, the learner may adjust to very speca#ndom features of the training data.
The performance of the model in terms of predictiaii generally decline. In other

words, minor fluctuations of data will be exaggecdat
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In the current study, however, the overfitting geob is very unlikely to happen
since the training examples are not rare comparedet number of effective parameters.

In addition, the model that is employed is not estesly complex.

4 4 Results

The data are divided into three categories: 25 paitats (1981-2005) are used for
training, 4 data points (2006-2009) are used fdidadon, and 21 data points are
subsequently predicted (2010-2030) to generateltse$or the future demand. The
MATLAB neural network toolbox was used to train tlkleveloped neural network
models. All models with 3 and 4 parameters shovgfsatory results in terms 6€, Root

Mean Squared Error (RMSE):

3 (d - %)
(Z Y ()2

R*=1- (4.7)

Z(yk(x) )-

- ;(dk - yk(x)) (48)
n

wheren is the number of data points (2006-2009) and thés vector of independent

variables. Then, a new model which includes thectfdf 5 most important parameters to
estimate the demand was developed. Since all dRtlvalues are above 0.950, all of the
models are working satisfactorily. The resultsspréded in Table 4-2 show that

improvement is gained in estimating the values oérgy demand using ANN in
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comparison to MLR modeling. Figure 4-3 shows theults of the ANN models and
MLR models for the test period (2006-2009).

Table 4-2 : Results of the models corresponding the test period

Method Error Model 1 Model 2 Model 3
ANN R? 0.9962 0.9840 0.9798
R? 0.9930 0.9930 0.9890

MLR RMSE 20.3059 145.8258 187.6521
Method Error Model 4 Model 5 Model 6
ANN R 0.9910 0.9955 0.9923
R? 0.9858 0.9931 0.9935

MLR RMSE 24.3806 161.2944 42.0043
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Figure 4-3: Performances of ANN and MLR models in &lidation period (MTOE)

Most of the ANN models have better performancegiedicting the energy
demand during the test period when compared twaheess forecasted by MLR models.
As discussed, similar results were seen by Ekonomdus comparison between ANN
and MLR modeling [21]. While both models are pding acceptable levels of
predictions for most cases, the improvement seehamPANN models suggests that the
modeling scheme employed in ANN techniques offelgaatages which may become

more apparent as one tries to predict over longes periods. A longer time period of
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historical data results in a better learning precsd consequently higher performance of
model in the forecast period.

The regression coefficients of the MLR models aresented in Table 4-3.
Positive values of this coefficient show the pesitcorrelation of the regressor with the
energy demand and negative values express a negatikelation between the regressor
and the energy demand. Although most of the regmessoefficients have reasonable
sign, some of them have non-acceptable signs. Xampgle, the coefficient of gas price
should be always negative since an increase igdRerice should result in a decrease in
demand. In addition, the coefficient of Annual \@ai Transport amount should be
always positive because more transportation needs fuel. These rules are not satisfied

in all of the models.

Table 4-3: Coefficient of regression in MLR models

Highway, Annual

GDP Nominal
us total Vehicle
Model per Gas
population (registered Transport
capita Price
vehicles) Amount
1 12.095 -0.2875 0.4663
2 10.812 0.2418 0.3303
3 0.0092 1.6436 0.6478
4 0.2258 -1.1224 1.9783
5 0.0385 0.0358 0.4062 11.028
6 0.0884 0.1063 0.8189 10.655 -0.9336
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4.5 Forecasting Scenario

To forecast the energy demand in the transportatemtor, individual variables
(US population, GDP per capita, Nominal Gas Pritighway total registered vehicles,
Annual Vehicle Transport Amount) should be analyaed their trends for the future
should be forecasted first. This forecast has Imeade based on the historical data from
1980 using a regression method. The extrapolagl tis linear for GDP per capita, US
population, and total registered vehicles in higysvadowever, the trends of the annual
vehicle transport amount and nominal gas priceovola quadratic format during the
forecast period. The forecasted results based siorlwal data are shown in Figure 4-4.
Also, the quality of the regression for each of theividual variables is given by the

coefficient of determinatiorR) on the extrapolated graph.
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Figure 4-4: Historical and future trend of indepencent variables

Using the forecast of individual variables, therggedemand has been forecasted
for period of 2010 to 2030. The models, which hbeen developed and trained by the

historical data points and performances of whichkehbeen evaluated during the test

period, are now used to

the individual variables are fed to the trainedameks as input vectors. The models give

the future energy dema

process. The results are
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nd by applying the weights&chviare set up after the training

presented in Figure 4&lgo summarized in Table 4-4.
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Figure 4-5: 20-years forecast of energy demand imansportation sector using ANN and MLR (MTOE)
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As can be seen in Figure 4-4, fluctuations takeelfor the GDP per capita,
Nominal Gas Price, Highway total registered velsicknd the Annual Vehicle Transport
Amount during 2007 until 2010. This happened duthéogreat variations in GDP for the
periods of the economic downturn, which hit the t8diStates beginning in 2007 and
whose impacts continue to the present. Therefa@eause of the nature of the ANNs
modeling approach, the fluctuations are reflectad tlhe model during the future
predictions.

Table 4-4: Results of the ANN and MLR compared wh forecast by Annual Energy Outlook 2011

JeaA
TNNY
NNV
ENNY
PNNVY
SNNV
9NNV
TN
c¢dIN
cdIN
12=R1%
GHIN
94N

(t10Z ‘vI3)

uonoaloid

2010 733.6 747.7 6859 694.8 686.7 6783 730.7 7340 7395 7421 729.0 7205
2011 7374 7559 6846 6943 6888 6784 7385 7423 .4747749.8 737.0 727.0
2012 740.0 763.0 680.1 693.6 691.0 6784 746.2 7505 755.0 7574 7449 7333
2013 7417 769.0 6679 6932 693.2 6784 7540 758.7 .6762765.1 752.7 739.6
2014 7429 7740 6531 693.0 6955 6783 761.6 766.9 770.2 7728 760.5 745.8
2015 7437 7782 646.6 6929 6977 6782 769.1 7750 .6777780.1 768.2 751.7 671.7
2016 7442 781.7 6451 6928 700.0 678.1 7765 783.0 7848 7875 7758 757.6
2017 7446 7846 6448 6928 7022 678.0 7839 791.0 .0792794.8 783.4 763.3
2018 7448 787.0 6448 6928 7045 677.8 791.1 7989 799.2 8019 790.9 768.8
2019 7449 7893 6446 6928 706.7 677.7 7984 806.8 .1806809.2 798.3 774.3
2020 745.0 7913 6443 6928 7089 6775 8055 8146 813.0 816.2 8057 779.6 683.5
2021 7450 7933 6435 6928 711.2 6774 8125 8224 .9819823.0 8129 784.7
2022 7451 7956 641.6 6928 7133 6772 8195 830.0 8265 829.7 820.1 789.7
2023 745.1 7983 6378 6928 7155 677.1 8264 837.7 .1833836.6 827.3 794.6
2024 7451 801.7 631.2 6928 717.6 6769 833.2 8452 8395 8432 8343 799.3
2025 745.1 806.3 6229 6928 719.7 676.7 8399 852.8 .0846849.7 841.3 803.8 697.6
2026 7451 8123 617.0 6928 721.8 6765 846.6 860.3 8523 856.2 848.3 808.3
2027 745.0 8199 6167 6928 7238 6764 853.1 867.7 .4858862.6 855.1 812.6
2028 7449 8284 6224 6928 7257 676.2 859.6 8750 8646 869.0 8619 816.8
2029 7448 8354 6323 6928 7276 676.0 866.0 8823 .6870875.3 868.7 820.9
2030 7444 836.9 6448 6928 7293 6758 8723 8895 8764 8812 8753 8247 718.8
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In addition, the results of the ANN models are greement with the predicted
results for energy demand in transportation septdslished in International Energy

Outlook, 2011. Those projections are shown in Tdbde

4.6 Discussion

Although the results of 10 different models weregented above, the evaluation
of the models was not performed. This section targlee evaluation of the models.
Results presented in Table 4-2 indicate thatRhand the RMSE of the models are not
significantly different and all of the models arengrating the energy demand data
corresponding to the test period close to the dat. However, in terms of prediction,
the trends of the models are different.

Although, the results from regression models showndorm increase with
different slopes corresponding to different modelsenergy demand in the near future,
the results from ANN express no significant chamgedemand in same time frame.
Considering the trend of the demand in recent yeatan be seen that the rate of the
growth moved closer to zero and it was even negativing 2007 until 2010. Since the
regression models only see the overall long-teendrand they are not sensitive to the
recent fluctuations, such models estimate a grdsetind similar to the demand growth in
the 25 years prior to 2007. Being more sensitivéheooutcomes of economic crises, it
seems that the approximately uniform results wiibwer growth predicted by the

artificial neural networks are more realistic.
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Because the ANN is a black-box method and it costhidden trends implicitly
in addition to explicit independent variables, & difficult to explain the uniform
forecasted results. However, there are some faetbich may be being captured in the
model that may help explain the results:

1) Automobile makers may spend more money on rekdarorder to progress to more
environmentally-friendly and fuel-efficient prodsctThe Energy Independence and
Security Act of 2007 further mandates an increaskght-duty vehicle fuel economy to
an average of 6.7 liters per 100 km (35 miles @diog) by model year 2020. As a result
of the more stringent standards, the average ft@@my of new light-duty vehicles in
the United States (including credits for alternatfuel vehicles and banked credits) rises
from 7.92 liters per 100 km (29.7 miles per gallem)2011 to 6.59 liters per 100 km
(35.7 miles per gallon) in 2020 and 6.25 liters ;60 km (37.6 miles per gallon) in
2035. For instance, Figure 4-6 shows the trenduef £conomy for new light duty
vehicles during last 30 years. The improvementdrehfuel economy has more rapid
growth since 1998 and this improvement will affdet fuel economy of the whole fleet
in future. This rapid growth trend has been capting ANN and has been applied to the
forecast shown in the Figure 4-5. Hence, in futiitelies, researchers may consider fuel

economy as one of the parameters of MLR analysis.
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2) Public transportation becomes more popular whgeple change their modes of
transportation. The average energy intensity pessgrager-kilometer for light duty

vehicles is similar to that for airplanes, and mlasiger than that for buses and rail.

3) Development of data networks and remote workilegreases the transportation
demand nation-wide.

4) Delivery of freight become more efficient usiogtimal logistic methods. For freight,

trucks are much more energy-intensive than railbh@lgh long-haul trucks are much
more efficient than other types of trucks, a seifen from long-haul trucks to rail would

achieve significant energy efficiencies.

4.7 Conclusions

Both multiple linear regression and artificial n@unetwork models for the
transportation sector of the United States haven béeveloped applying various
independent variables. Models show robust outcomlesn their R and RMSE are

considered.
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In terms of forecasting, the models show two tgtdifferent trends while their
performances are at a similar level of accuracynduthe test period. Sensitivity of the
ANN models to the recent fluctuations caused bynenuc recession may be the reason
for the difference while regression models onlyet@st based on the total trend of the
individual parameters.

Although a small increase in the energy demandansportation sector of the
United States has been estimated by the ANN, theetliStates should keep trying to
reduce energy consumption in order to reduce; @& and meet its national and
international commitments. Furthermore, improve@neenic conditions in the near
future may cause ANN models to revise their forecagpwards in terms of energy
consumption. Keeping up with recent technologhybrid and electric vehicles can be
effective methods.

Due to the uncertainty in any extrapolation tecbhe&] more research should be
done to closely observe the accuracy of the ANN kihdR models developed in this

study predict the energy demand.
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CHAPTER 5

ENERGY DEMAND IN THE INDUSTRIAL SECTOR OF

THE UNITED STATES

5.1 Introduction

The availability and use of energy is one of thesmessential elements of
development in industrialized countries. Peopletsperity, industrial competitiveness
and the overall functioning of society are dependmn safe, secure, sustainable and
affordable energy. As the industrial activities amg throughout the years, the need for
development of energy production becomes more itapbr

Clarifying the relationship between energy demand aconomic growth by
means of energy models has been a crucial issueotortries around the world during
last two decades ([49-52]). The ability to forecastrgy demand due to economic
growth is helpful in estimating the potential regul future energy production and supply
infrastructure. If we could detect conditions unedrich economic growth leads to an
increase in energy demand, we might be able to geatie high dependency of industry
on energy and increased energy burdens at lower Gbsnate change caused by
industrial activities is currently one of the mosportant environmental problems, and it
must be dealt with adequately [53]. Successfuhmleg for future energy needs can

assist in this endeavor.
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Among energy demands of the various economic secatioa country, industrial
energy consumption is one of the hardest end-usasdlyze, model and forecast. The
structure of the energy demand for an entire indlssector is unclear. For example,
energy demand of the industrial sector might nostoengly correlated with population
size because industrial products may be sold inedtimmarkets or exported to global
markets. To describe how the dependent variablerggrdemand in industrial sector) and
independent variables (such as prices of energyiecs) interact, the relationship
between the variables was determined using cowaiand correlation methods.

Figure 5-1 shows the trend of the consumption argy in industries of the
OECD and the United States during the period 19¥Ik2As shown in Figure 5-1,
among the various countries in the OECD, the UnBéates has a significant share of
energy consumption. Growing demand for energy ntlael@evelopment of conventional
energy resources as well as economic productiamonfconventional energy resources

necessary.
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Figure 5-1: Consumption of different energy carries in OECD and the United States [54]

5.2 Studies on energy demand modeling in the industriadector

Planners, policy-makers, and the private sector oal energy forecasts to help
make policy and investment decisions. Hence, theeemany studies related to energy
demand forecasting in the literature for countaesund the world. Recently, researchers
applied artificial intelligence (Al) techniquestimeir studies as a forecasting method.

This review of the past studies not only includedhe of the most recent and
accredited research of the energy modeling andcésteof countries around the world,
but also shows the trend of applying artificiakitigence (Al) techniques in this field.

In the United States, the Energy Information Admstiration (EIA) has published

energy forecasts since 1982. These energy foreedwsth are presented in each year’s
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Annual Energy Outlook, are the main sources ofgyaliecisions in the United States. To
make projections, EIA used the Intermediate Fukoeecasting System (IFFS) between
1982 and 1993, and used National Energy Modelirgjedys (NEMS) since 1994. IFFS
and NEMS apply balanced supply demand approacheywenwNEMS uses this approach
in more detail [55]. Auffhammer evaluated the rasitity of published forecasts of EIA
under symmetric and asymmetric loss and found ecelef asymmetric loss in areas
including oil, coal and electricity prices and naflgas consumption [56].

In the open literature, there is an insufficientioer of studies regarding energy
demand forecasts for the United States to givenapeehensive and clear picture of the
future; however, some of the researchers have gaigcevaluated energy demand for
different sectors and tried to describe the petspgeof energy demand in the United
States. Wilkerson et al. analyzed how the Natidfraérgy Modeling system (NEMS)
projects energy demand in the residential and cawialesectors with special focus on
the role of consumers’ preferences and financialstraints. Their baseline models
forecasted energy demand in the year 2035 [57]. |&abwadi and Oravetz studied
historic aggregate energy intensity trends of ti& for the period of 1954-1994. Their
price-induced energy efficiency formulation genedamore price-sensitive energy use
trajectory [58]. Other important studies of diffetesources of energy demand in the
United States are also available [59-61].

In the published literature, various techniquesehbeen applied to explore the
relation between energy demand of the United Statesits economic development.
They concluded that to sustain long-term growtis ilecessary to either increase energy

supplies or increase the efficiency of energy usableese studies suggest that
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development of the industrial sector is closelyrelated to increase in energy demand.
Stern analyzed the relation between energy andoasicngrowth (expressed in terms of
GDP) in the United States by using a multivarigipraach. In this study, the presence of
a causal relationship between energy use and egompawth was investigated using the
data related to the period of 1947-1990 and it wascluded that a causal relation
between final energy use and GDP existed [49]. €&#nd et al. discussed the role of
energy in the economy. They accounted for energyitgiand examined the importance
of energy quality in evaluating the relation betwemergy use and GDP from 1947 to
1996 [62]. In 2007, Ewing et al. investigated thée& of energy consumption on
industrial output in the United States. Monthly alabtnd a generalized variance
decomposition approach have been applied to aisessipact of energy on real output.
They suggested that unexpected shocks to fosdileinergy sources have the highest
impact on the variation of output [63]. Focusing mmewable and non-renewable
sources, Bowden and Payne examined the causalionslaip between energy
consumption and real GDP between 1949 and 20086.stady, which provides details of
various economic sectors, revealed that energyucopton in the industrial sector and
renewable energy consumption are not causally ealahowever, results indicate
unidirectional causality from industrial non-rendadaenergy consumption and real GDP
[64]. Warr and Ayres examined the energy-GDP reestinip for the period 1946-2000 by
redefining energy in terms of exergy and the amafnuseful work provided from
energy inputs. They concluded that to sustain kemgr growth it is necessary to either
increase energy supplies or increase the efficiafiagnergy usage [65]. A summary of

these studies between 2000 and 2010 is given ile Bab.
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Table 5-1: A summary of studies on relation betweeanergy demand of the United States and
economic development of the country

Year Data
Reference . Time Method Outcome
Published A
Period
Relatively strong relationship
1947- . :
[64] 2000 1996 Aggregation energy flows between energy use and economic
output
No causal relation between income
[54] 2007 1960- Granger causality and carbon emissions Granger
2004 relationship causal relation between income and
energy use
2001:1- Generalized variance The tradltlonal energy sources
[65] 2007 . I explain a greater amount of output
2005:6  decomposition method .
variance than does the renewables.
Real industrial output is long-run
[68] 2008 2001:1- Autoregressive distributed  forcing variable for nearly all
2005:6  lag (ARDL) measures of disaggregate energy
consumption
No Granger-causality between
1949- renewable
2 Toda-Yamamot lit
[69] 009 2006 oda-Yamamoto causality or non-renewable energy
consumption and real GDP
| coint ti d
panel colntegration and error presence of both short-run and
[70] 2009 1980- correction model to infer long-run causality from ener
2004 causal relationship g . y . 9y
. consumption to economic growth
Granger Causality
Review of methods used to Research papers using the same
assess the energy methods with the same variables,
consumption and economic just by changing the time period
[71] 2009 - . : X ;
growth relationship and som examined, have no more potential
of the results obtained to make a contribution to the
through their use existing literature
1946- Exergy analysis using vector-No evidence of either short or long-
[67] 2010 2000 error correction model to test run causality flowing from GDP to
Granger causality exergy
1949- Toda-Yamamoto long-run  Unidirectional causality from
[66] 2010 causality test to examine industrial non-renewable energy
2006 . .
Granger-causality consumption and real GDP
Exploration of new sources of fossil
Artificial Neural Network, fuels, development of new
. renewable sources, and the trends
1996- multiple Pearson product- : o
[70] 2014 . of economic development in high
2012 moment correlation

coefficients

energy consuming countries as
effective parameters on energy
demand.
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5.3 Materials and Methods

5.3.1Energy Demand Modeling

Projections in energy models of the industrial @efticus on the factors that
shape the U.S. energy system in the industriabsester the long term. Under the
assumption that current laws and regulations remagtanged, these models provide a
basis for examination and discussion of energy aenaad the direction it may take in
the future. While energy markets are complex, gnergdels are simplified
representations of energy production and consumptégulations, and producer and
consumer behavior.

Projections are highly dependent on the data, ndelbgies, model structures,
and assumptions used in their development. Theipeaaf modeling energy demand is
necessarily a synthesis of data and method [1rdyrmodels rely on data to simulate
energy consumption. Based on the level of detaihefinput data, different modeling
techniques may be used. Different modeling metlmad® various positive and negative

points, capability and applications.

5.3.2Selection of the independent variables

In solving a forecast problem with artificial neureetworks, the most important
part is to choose the independent variables thatighe the most precise estimation of
dependent variable. Moreover, since the future dsenf dependent variables are

unknown, the probability percentage of occurrenicéhese variables is very important.
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Hence, the process of choosing independent vasiablest be done with special
consideration.

Calculating linear correlation before fitting a nebds a useful way to identify
variables that have a simple relationship. Theetation coefficient, P-value, and the
lower and upper bounds for a 95% confidence intdreaween the energy consumption
in the industrial sector of the United States aadous independent variables are given in
Table 5-2. Results presented in Table 5-2 whiclcareesponding to data in the period of
1996-2012 confirm a linear correlation of energicgs (electricity, natural gas, diesel
fuel and propane) and total energy consumptionhe ihdustrial sector. Since the P-
values for price of electricity, diesel fuel, anadpane are less than 0.01, there is a very
strong presumption against the null hypothesis;éwas in case of price of natural gas,
presumption against null hypothesis is low. Restilhe correlation coefficient analysis
between GDP and energy consumption in the indlusteator shows unreasonable
relationship between them; however, two variableat thave a small or no linear

correlation might have a strong nonlinear relatons

Table 5-2: Correlation coefficients, P-value and Vaes of 95% confidence interval between the
energy consumption and independent variables (1998312)

Natural Gas Refiner

Avera_ge Retail Price, Price of No. Rgflner
Price of . . Price of
. Delivered to 2 Diesel
Electricity, Propane to
. Consumers, Fuel to End
Industrial . End Users
Industrial Users

Correlation Coefficient -0.8967 -0.3923 -0.7401 -0.6945

P-value 1.0944 e-6 0.1194 6.8178 e-4 1.9785 e-3
Lower
Confidence bound -0.9625 -0.7344 -0.9004 -0.8810
Interval  Upper -0.7312 0.1089 -0.4027 -0.3210

bound
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Before development of the MLR models, the undedyiassumption of
homoscedasticity of variances must be tested. asssimption simplifies mathematical
and computational treatment of the model. Violagiam homoscedasticity may result in
overestimating the goodness of fit as measuredhbyPearson coefficient. Based on
Bartlett's Test for Equality of Variances, the pabldity associated with the Chi-squared
statistic is equal to 0.8870. Hence, the associatedability for the Chi-squared test is

larger than 0.05 and the assumption of homoscetgsiias met [71].

5.4 Results and discussion

5.4.1Data analysis and future trend of independent variales

Data from the period of 1980-2007 are applied antthe network. Data for the
years of 2008-2012 are used exclusively in thegestedure to evaluate the performance
of the model. The data are from the following sesrcthe total energy consumed by
industrial sector is from the Energy Information miidistration (EIA) office of
Department of Energy [72]; the prices of energyiesas (electricity, natural gas, diesel
fuel and propane) are taken from monthly reportshef EIA [73]; and GDP data are
obtained from the World Bank [74]. The trends oé tihdependent parameters for the

period of 1980-2012 are shown in Figure 5-2.
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Figure 5-2 Trend of change of independent parameters and tat energy consumed in industrial
sector of the U.S., 198@01z

As can beobserved irFigure 5-2, all independemiarameters except GDP he

been fluctuating significantly, particularly sin2@05; GDP has been growing smoot

since 1980. In order to estimate the future trehehergydemand in the industrial sect

based on independent parameters, we need to atdicipe behavior of independe

parameters in the future. For the future trend DPGa second order polynomial equat
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is fitted to the GDP growth curve. The valueRdfshown in the GDP graph of Figure 5-2
confirms the accuracy of the fitted curve. For thieer independent variables, we define
three scenarios for potential future changes:

e Constant Price Scenario (CP3h this scenario price remains at the level ef th
average price of last five years of data set.

e Ascending Price Scenario (AP®) this scenario, prices grow with annual rate of
4%.

e Descending Price Scenario (DP®) this scenario, prices slake with annual rate
of 4%.

The value of 4% in the APS and DPS was choseerpoesent realistic bounds
for these prices. According to the defined scesarreal data corresponding to 2008-

2013 and the future trends of independent variadmeshown in Figure 5-3.
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5.4.2Results

Initially, the training process was applied and AN model was obtained to get
predictive equations based on data from 1980 t®2Rext, the testing process is done to
examine the performance of the model over the desf@2010-2011. Comparison of the
industrial sector energy consumption between thaahdata and generated results of the

model is shown in Figure 5-4.
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Figure 5-4: Energy demand in the industral sector bthe US; actual and simulated data

Figure 5-4 shows good agreement between the adatal and the forecasted
results. The results of the tests which evaluaetrformance of the model and accuracy
of its forecast are shown in a linear regressi@plyr(Figure 5-5), and an error histogram
(Figure 5-6). The information contained in Figures Zand Figure 5-6 confirm the

accuracy of the ANN model.
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Following the network training process and the eaabn of the model
performance in the training period, the model stdd over a short period of actual data
which is not included in the training process. histtest process, the evaluation of the

method performance is measured®Byarameter which is defined as
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. Z (d, - % 0¥ (5.1)
(Z % (0)°
z(yk(x) )-

wheredy is the actual energy demandifyear, andy is the corresponding predicted
value. If value of¥ is less than 0.99, the training process is repleatth all weights and

biases initialized. Table 5-3 shows the performarfdbe model over the test period.

Table 5-3: Performance of the ANN model over the & period

Relative
Year Actual ANN
Error

2010 30,501.533 30434.85 -0.0022
2011 30,843.130 31004.98 0.0052

2012 30,696.042 30395.33 -0.0098

After the training process and examination of thened network during the test
period, the model is used to forecast the industrnargy demand based on the three pre-
defined scenarios. The predicted results of thefitesodel are shown in Figure 5-7.
Moreover, the predicted values of the model cowadmg to the three described

scenarios are presented in Table 5-4.
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Figure 5-7: Forecasted Energy Demand in the U.S.ndlustrial Sector, 2013-2030

Table 5-4: Forecasted energy demand of industriakstor of the U.S. based on prescribed scenarios

Forecasted energy demand of industrial sector

(Trillion Btu)
Scenarios
Year APS CPS DPS
2013 31115 31175 31175
2014 31247 31533 31935
2015 31345 31890 33072
2016 31367 32241 34022
2017 31129 32641 34644
2018 30767 32972 35140
2019 30113 33293 35600
2020 29406 33653 35988
2021 28673 33995 36271
2022 28065 34315 36555
2023 27675 34606 36940
2024 27507 34862 37419
2025 27513 35076 37853
2026 27640 35247 38129
2027 27827 35390 38290
2028 28075 35471 38309
2029 28315 35521 38316

2030 28542 35533 38302
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5.4.3Discussion

To project the future trend of the industrial seanergy demand using an ANN
model, the independent parameters including GDR,paiite of energy carriers such as
electricity, natural gas, diesel fuel, and propamee varied according to three scenarios.
The “business-as-usual” scenario which is definedh@ CPS in this study is based on
the assumption of uniform price of energy careetsle GDP grows with its usual trend.
According to the ANN model prediction using CPSe ttotal consumption of the
industrial sector is expected to be around 35,50lich Btu by 2030 which is around
16% higher than the corresponding value in 2012.

On the other hand, the effects of the ascendirgg @mtenario (APS) should not be
underestimated. APS can happen in cases of anyrlosice in energy supply and
demand such as wars, rapid economic growth of dpire countries, etc. In addition,
energy policy makers may keep the price of fueld anergy carriers high in order to
protect the environment and make renewable enamgqis economically feasible. The
APS scenario considered results in a reduced erdemand in the industrial sector of
approximately 28,300 Trillion Btu per year by 20aad will negatively impact the
performance of this sector. However, a higher pfarefossil fuels may lead to more
investment in renewable energy sources and makesagenent of sustainable energy
sources economically beneficial.

If new sources of fossil fuels are introducedhiea hear future and if these sources
are even less expensive as current sources, engfnable energy sources are produced
in more economical processes compared to curresepses, the overall prices of energy

sources would likely decline. If fuel prices deelito the benefit of energy consumers,
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then the industrial sector benefits and the indalstsector will respond to this
improvement by increasing production and resultmgnore consumption of energy. In
this scenario (DPS), the energy demand of indusigator may reach 38,300 Trillion
Btu per year in 2030.

Protection and augmentation of the industrial gegkays an important role in the
economic decision making process in the UnitedeStaCurrently, the industrial sector
has the largest share of total energy consumptioong all general sectors. As such,
others have produced predictions for the futuregneeeds of the industrial sector. For
comparison purposes, the results of the three sosnare presented along with the
predictions from the EIA presented in the Annualeiyy Outlook 2013 [75]. As
demonstrated in Figure 5-8, the results of ANN radthased on DPS are consistent with
Annual Energy Outlook report. This consistency @d, and suggests that the EIA
expects some price drops in energy. Alternativielg, ANN method results considering
CPS and APS may be useful as scenarios for platmeansider if they have reasons to
be less optimistic on the possibility of decliniegergy prices. The ANN technique
presented here therefore provides a tool for usplémyners and information on a wide

range of scenarios.
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5.5Conclusions

In the United States, the industrial sector is thizing engine of economi
development, and the energy consumption in thiosetay be considered as the fuel
this engine. In order to keep this sector sustdn@liverse and productive over the tin
energy planning should be carried out comprehelysand precisely. The ANN methc
is a promising tool for use in forecasting the isimal energy demand depending on
selected applied independent variat

In this chapter ANN was applied to forecast the industrial enedgynand ani
perform future pragctions for the period 20-2030. Among all effective independe
parameters on energy demand in industrial sectwrgy cost and GDP growth ha
been considered ithis study based on correlation coefficient analyBiased on mod
trained with histogal data of period 192012, the price of energy significantly affe

the amount of energy used in the industrial se
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In 2012, 30,696 Trillion Btu of energy were usedtle industrial sector of the
United States. Based on the energy demand foradtiisANN model, if GDP increases
with its historical trend since 1980, and if theeggy prices decrease with annual rate of
4%, the energy demand in industrial sector grovgmicantly. According to this
scenario, the energy demand increase will be 252080. This result, which is in close
accordance with published predictions of the Enelgiprmation Administration of
Department of Energy, may be considered as anatdic of the need for development
of new and low-cost energy sources. However, natiand international commitments
of the United States should not become neglectdl vagards to making progress
towards sustainable development.

If a mitigation energy policy is applied by the gowment by increasing the
energy price by 4% annually, the ANN model predibtt energy demand may decreases
up to 7% by 2030. Funds provided from this policggynbe spent in development of new
and clean energy sources which were not benefmialiously. Nevertheless, this
increase in energy price may negatively affect tgraent of the industrial sector. To
ease the effect of inflation in the price of enemgyd to protect the industry and
consumers, some additional considerations sucag) efficiency improvement may
be applied.

As a result of the competitive advantage of lowuredtgas prices, a boost to the
industrial sector is expected, industrial produtgxpands and natural gas use will
increase over the next 10 to 15 years. Low naglasalprices and increased availability of
natural gas and related resources such as hydoocgds liquids (HGL) benefit the U.S.

industrial sector in multiple ways: Natural gasised as a fuel to produce heat and to
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generate electricity and, is also used as a feeklsbogproduce chemicals. In addition,
with generally lower energy prices resulting in moapid economic growth, demand for

industrial products increases.
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CHAPTER 6

ENERGY DEMAND IN THE COMMERCIAL SECTOR OF

THE UNITED STATES

6.1 Introduction

Development in the industrial, transportation, destial and commercial sector
caused a rapid growth in energy demand. Growth P Goopulation increase, and life-
style improvement are other reasons for the endeggand increase. The increase in
GDP which is a result of high commercial activitefsghe society leads to an increase in
the energy demand in the commercial sector. Althahg commercial sector has one of
the smallest energy demands among the differemage@ sectors, providing future
energy security, mitigation of greenhouse gases randement towards sustainability
requires plans of action regarding energy demaradl isectors including the commercial
sector.

Energy demand in the commercial sector of the drfg@ates has been studied by
many researchers in a variety of methods. Somdexet studies evaluated the energy
utilization of the commercial sectors using exeagnalysis [76-78]. Since buildings play

an important role in energy consumption of the carual sector, some researchers
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focused on building energy performance and stutliecenergy demand of the residential
and commercial sectors cumulatively [78] [79] [§81] [82] [83]. For instance, Utlu
and Hepbasli analyzed the energy utilization efficy of the Turkish residential-
commercial sector in 2001 by means of energy anerggx analysis. The energy
efficiency value of the Turkish residential-commaltsector which found to be 55.75%,
which clearly emphasizes and clarifies the impargaif the planned studies towards
increasing efficiencies [78]. Xing et al. develoga® macro-model for commercial and
residential sectors. These models are simulatiodelsahat estimate changes in energy
consumption according to building type, and appilocaover a 5-year period. In the
model corresponding to the commercial sector, tetedrgy consumption was divided
into two parts: air conditioning and other eledtiappliances. Compared to a business-
as-usual scenario, implementation of commercial smes achieved a significant
reduction in energy consumption [82]. In 2010, kmanfar et al. used a logistic based
approach to forecast the natural gas consumptionefdential and commercial sectors
of Iran. Nonlinear programming and genetic algonshwere applied to estimate the
logistic parameters. They studied gas consumpteata of the 1995-2005 period and
generated promising results of yearly gas consumgtr the period of 2006-2008 [83].
Regarding the commercial sector of the United Sfat®rowitz investigated the
effects of two types of publicly-funded energy efncy programs on energy intensity in
42 states; electric utility demand side manageni®&®M), and market transformation
(MT) programs. This study showed that in 2001, D&fduced electricity intensity of the
commercial sector by 1.9% relative to 1989, while butcome of MT programs was

5.8% at the same time. Moreover, this study alsggest that in 2001the combined
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effects of these public programs led to 2.3% raduadh total retail electricity sale of the
United States [84]. In 2008, Mansur et al. investeg the national energy model of fuel
choice of the United States. This study which &sfitst study to explicitly consider how
climate change may impact fuel choice in the regideé and commercial sectors,
suggests that the fuel choice component may bemgoriant aspect of adjustment to
climate change. In their model, they estimated rpatars using a cross section of the
residential and commercial sectors of the UnitedeSt

The approach used here differs from the existitggdture in three aspects. First,
the commercial sector is considered as an indepérsgetor and energy demand of this
sector is separately modeled in this study. Inre@twith many studies which combine
residential and commercial sector, the historieahdand the future of energy demand in
the commercial sector are studied autonomously usecaf the differences in the
functioning and the effective parameters of theidergial and commercial sectors.
Second, since the energy demand analysis is catifiot the commercial sector based
on the effective parameters, the historical trehthe effective parameters is analyzed on
for last 30 years. Third, due to the importance aigthificant share of United States’
energy demand, this study concerns the United Stasea case study. This chapter
evaluates the energy demand in the commercial ®efUhited States using artificial

neural networks and regression analysis.
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6.2 Energy consumption in the commercial sector

Energy-use sectors in the United States are a gobupajor energy-consuming
components of the United States’ society develdpetieasure and analyze energy use.
These sectors are mostly referred to as: resideatimmmercial, industrial, transportation
and electric power. The commercial sector, whicthés subject of this chapter, consists
of service-providing facilities and equipment ofsmesses; federal, state, and local
governments; and other private and public orgamaat In this sector, which consumes
the least amount of energy of the sectors, energyastly used for space heating, water
heating air conditioning, lighting, refrigeratioand cooking. Energy consumption in this
sector also includes electricity produced by getoesaand thermal output to support the
activities mentioned in the commercial sector daén.

In 2013, carbon dioxide emissions from the energnsamption in the
commercial sector of the United States were mormn tB60 million tones. The
commercial sector has an important role to plagpanting for 18% of the United States’
CO, emissions from the energy consumption. Howevestettare other gains to be had
from the commercial sector investing in energy plag and energy efficiency
improvements. Some of those gains are counterinigraducing the effect of volatile
energy prices, improving business competitivenessigating overall energy demand
and increasing the nation’s energy security.

Due to the type of energy-consuming activitiesha tommercial sector and the
difference between operating equipment in this ge@nd other sectors such as

transportation and industrial sectors, the enemgyfgio of commercial sector is notably
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different. For instance, the types of the builditiggt use most of the energy in this sector
are office and retail buildings, educational andltiecare buildings and lodging. Hence,
heating and lighting processes consumes most @rtéagy in the commercial sector.

The activities of commercial sector in the Unitadt&s are mostly dependent on
electricity and the consumption of electricity hist sector had been increasing between
1950 and 2006. This continuous growth was inteadigty the economic downturn. On
the other hand, demand for natural gas, which éssdcond source of energy in the
commercial sector, has experienced a lower groatth aduring the same period. Share of
petroleum products in energy sources of the comialesector has declined since 1970s
and the share of other sources, such as coal amsivable energy is too small to be
compared with the major sources. Figure 6-1 shbwdrends of energy consumption by
sources during last three decades. Figure 6-2 sttmshare of each source in providing

energy for commercial activities of the United 8&ain 2012.
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Figure 6-1: Energy consumption from different sour@s in commercial sector of the United States,
1980-2012 [85]
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Figure 6-2 Share of energy sources in energy consumption tife commercial sector, 201[85]

The U.S. Department of EnergDOE) evaluates published model codes
standards to help states and local jurisdictiontebenderstand the impacts of updat
commercial building energy codes and standards. BD&festablished a methodology
evaluating the energy and economicformance of model commercial energy codes
standards, as well as proposed changes. Energgcamdmic calculations are perform
through a comparison of baseline and improved gkl for both energy savings a
cost effectiveness. Depending on thmplexity of the proposal being analyzed, anal
or modeling of changes between representative ibgildypes is performed to fir
savings. Incremental costs for the improvementdegeloped using engineering ¢
estimates of a typical upgrade. Natic or climate zone energy savings are typic
reported. In considering ceeffectiveness, longer term energy savings are bat
against incremental initial costs through a -Cycle Cost perspectiv Savings By
Design (SBD) is an example of these pams. SBD is Californias nonresidential ne
construction energy efficiency program, adminisdestatewide and funded by Utili
customers through the Public Purpose Programs agehapplied to gas and elect

services.
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6.3 Artificial neural network model

There are multiple explanations about the ANN tephen While some
researchers define it as “a regression techniquehwpresents higher nonlinearity
between independent and dependent variables” [dBlers explain it as “an information-
processing system that has certain performancadtaistics in common with biological
neural networks” [36] or “inspired by biologicalsggms, an ANN is a large number of
neurons which collectively perform tasks that etlem largest computers have not been
able to match” [24]. However, all of these differezxplanations agree on the most
important characteristics of ANNs: ANNs can berteal to overcome the limitations of
the conventional approaches to solve complex pnadleThis technique learns from
given examples by constructing input-output mapdi®8] [38]. Empirically, various
successful applications of ANNs have establishedr ttole for pattern recognition and
forecasting in different areas [20].

In previous chapters, the structure of the ANN ni®de described in details. In
the field of energy modeling and forecast, mangaeshers have paid attention to this
approach to overcome the complexity and grasp eiméimear relation of input and output
parameters of this field. In Table 6-1, some of th@st important and recent studies of
this field with application of ANNs are summariz&ince most of them are focusing on
sectors other than the commercial sector, and fethem concern the United States
despite its importance and great share of energgwuoption, this study seeks to analyze

and forecast the energy demand in the commera#brsef the United States.
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Table 6-1: Summary of most recent and important apfications of ANNs in the energy demand
modeling

Sector Study Country
[86], [11] United States
Residential [87] Greece
[9] Turkey
[88-90] Canada
[31] Iran
Electrical [25], [9], [91] Turkey
[21] Greece
Industrial ES]Z ] 'Iltipkey
Commercial [92] India
Transportation [10] Souf[h Korea
[44] Thailand
[20] Turkey

6.4 Selection of Independent Parameters

To figure out how the effective parameters charige énergy demand in the
commercial sector the following steps are takerstFall potential effective parameters
are considered and the historical data about thergathered from reliable sources
including but not limited to Monthly Energy Reviesf U.S. Energy Information
Administration, World Bank data, and Foreign Tramketion of U.S. Census Bureau.
Table 6.2 presents the historical values of thesiclemed parameters for the commercial

sector during 1987-2012.
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Table 6-2: Historical values of the considered pamaeters for the commercial sector

Total Energy

rri(t:e_ (')tf I\IID _Gas f‘bj U?h Population Consumed
Year go?w?n??rt?ﬁal Comrrlr:::r’cial GDP (USD) r%\/gr}g' Es_tir_nate Commercial

(C/KWh)  ($/1000f) @1 uspy  (million) (Triﬁ‘ii‘;]t%rtu)
1987 7.08 4.77 4.6989E+12 152119 242.3 11946.009
1988 7.04 4.63 5.0619E+12 118526 244.5 12578.091
1989 7.2 4.74 5.4397E+12 109399 246.8 13193.433
1990 7.34 4.83 5.7508E+12 101718 249.6 13319.766
1991 7.53 4.81 5.9307E+12 66723 253.0 13499.773
1992 7.66 4.88 6.2618E+12 84497 256.5 13440.871
1993 7.74 5.22 6.5829E+12 115566 259.9 13819.679
1994 7.73 5.44 6.9933E+12 150626 263.1 14097.529
1995 7.69 5.05 7.3384E+12 158804 266.3 14690.053
1996 7.64 5.4 7.7511E+12 170213 269.4 15171.991
1997 7.59 5.8 8.2565E+12 180523 272.6 15681.225
1998 7.41 5.48 8.741E+12 229758 275.9 15967.551
1999 7.26 5.33 9.301E+12 328819 279.0 16376.26
2000 7.43 6.59 9.8988E+12 436105 282.2 17175.34
2001 7.92 8.43 1.02339E+13 411897 285.0 17136.642
2002 7.89 6.63 1.05902E+13 468265 287.6 17345.42
2003 8.03 8.4 1.10893E+13 532350 290.1 17345.779
2004 8.17 9.43 1.17978E+13 654830 292.8 17658.934
2005 8.67 11.34 1.25643E+13 772372 295.5 17856.745
2006 9.46 12 1.33145E+13 827970 298.4 17710.372
2007 9.65 11.34 1.39618E+13 808762 301.2 18256.135
2008 10.36 12.23 1.42193E+13 816198 304.1 18405.496
2009 10.17 10.06 1.38983E+13 503582 306.8 17889.797
2010 10.19 9.47 1.44194E+13 635362 309.3 18055.642
2011 10.23 8.91 1.49913E+13 772764 311.6 17968.978
2012 10.09 8.1 1.56848E+13 729611 313.9 17413.286

Energy consumption in each economic sector is cbgeron a set of parameters
which is different from other sectors. Calculatiting linear correlation before fitting a

model is a useful way to test the significancehaf ¢ffects of various parameters on the
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energy demand, provided it is done along with theaRe calculation and confidence

interval test. The correlation coefficient, P-valaad the lower and upper bounds for a
95% confidence interval between the energy consiompt the commercial sector of the

United States and various independent parametersgien in Table 6.3. Results

presented in Table 6.3, which are correspondindata in the period of 1987-2012, do
not confirm a linear correlation of energy pricege€tricity, natural gas, diesel fuel and
propane) and total energy consumption in the indistector. In other words, historical

increases of energy prices in the commercial segtfollowed by no reaction, or even a
reverse reaction of this sector and the energywuopson increased. This behavior

shows that the level of energy prices is so lowt thamay be neglected in the total

expenditure of commercial units. Result of the elation coefficient analysis between

GDP, population and trade balance of the UnitedeStand energy consumption in the
commercial sector shows reasonable relationshiwdsst them. Since the P-values for
independent variables are less than 0.01, themevery strong presumption against the
null hypothesis.

Table 6-3: Correlation coefficients, P-value and aes of 95% confidence interval between the
energy consumption in the commercial sector and irebendent variables

Natural Gas Absolute
Average Retail Price, value of U.S.
Price of Delivered to trade in
Electricity, Consumers, goods with
Commercial Commercial GDP World Population
Correlation Coefficient 0.74047 0.84689 0.93916 0.89551 0.96086
P-value 1.5247e-5 4.9028e-8 1.2405e-12 6.4975e-10 6.9774e-15
. Lower 0.4951 0.6839 0.8673 0.7780 0.9135
Confidence bound
Interval Upper 0.8764 0.9294 0.9727 0.9525 0.9825

bound
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Based on the analysis of the independent pararartetheir effect on the energy
demand in the commercial sector, for this studyDRG, “U.S. Trade with world”, and

“population” are chosen as parameters of the model.

6.5 Results and discussion

6.5.1Data analysis and the future trend of independentariables

Data from the period of 1980-2007 are applied antthe network. Data for the
years of 2008-2012 are used exclusively in thegestedure to evaluate the performance
of the model. Data are gathered from reliable sssir@he trends of the independent

parameters for the period of 1980-2012 are showherigure 6-3.
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Figure 6-3: Historical trend of the considered paraneters and energy demand for the commercial
sector

As can be observed in Figure 6-3, except for Ur@de which has been
fluctuating since 2005 (when the initial signs ofoeomic crises appeared), all
independent parameters have been growing smodBagause of possibility of non-
linear correlation between the independent paraseted the energy demand, the neural
network modeling has been chosen for this studynof-linear transfer function is
embedded in this ANN to grasp this non-linear retatof the parameters. In order to
estimate the future trend of energy demand in tikdestrial sector based on independent
parameters, we need to anticipate the behaviordgpendent parameters in the future.

For the future trends of population and GDP, tweedr functions are set, as
shown on the graphs. The accuracy of this modatingsted and shown witR®. The

definition of R? (goodness of fit) is fully described in previousapters. The value ¢
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shown in the GDP graph of Figure 6-3 confirms tleusacy of the fitted curve.
Regarding the future trend of U.S. trade with wptldee scenarios are defined as:
* Constant Trade Scenario (CTS): In this scenario. ti&le remains at the
level of the average of last five years of data set
» Ascending Trade Scenario (ATS): In this scenamagé¢ grows with annual
rate of 2%.
» Descending Trade Scenario (DTS): In this scenar@ale slakes with annual
rate of 2%.
The value of £2% in the ATS and DTS was choserepryasent realistic bounds

for these prices.

6.5.2Results

Initially, the training process was applied and &N model was obtained to get
predictive equations based on data from 1987 t&2Rext, the testing process is done to
examine the performance of the model over the gesfi2009-2012. Comparison of the
industrial sector energy consumption between theahdata and generated results of the

model is shown in Figure 6-4.
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Figure 6-4: Demand in commercial sector of the USgctual and simulated data

Figure 6-4 shows good agreement between the adatal and the forecasted
results. The results of the tests which evaluaetrformance of the model and accuracy
of its forecast are shown in a linear regressi@plyr(Figure 6-5), and an error histogram
(Figure 6-6). The information contained in Figures Gand Figure 6-6 confirm the

accuracy of the ANN model.
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Figure 6-5: Linear regression graph of the ANN reslis
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Figure 6-6: Error histogram graph of ANN simulation

Following the network training process and the eaabn of the model

performance in the training period, the model stdd over a short period of actual data

which is not included in the training process. Eabt4 shows the performance of the

model over the test period.

Table 6-4: Performance of the ANN model over the & period.

Year Actual ANN
2009 17,889.797 17,778.602
2010 18,055.642 18,098.680
2011 17,968.978 17,835.239
2012 17,413.286  17,349.970

After the training process and examination of tlaéned network during the test

period, the model is used to forecast the industnargy demand based on the three pre-

defined scenarios. The predicted results of the-fiiteshodel are shown in Figure 6-7.
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Moreover, the predicted values of the model cooedmg to the three described

scenarios are presented in Table 6-5.
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Figure 6-7: Performance of the ANN model in the commercial sector of the U.S.
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Table 6-5: Forecasted energy demand of the comméatsector of the U.S. based on

prescribed scenarios.

Forecasted energy demand of industrial sector

(Trillion Btu)
Scenarios

Year ATS CTS DTS
2013 16525 16548 16604
2014 16338 16475 16492
2015 16270 16226 16442
2016 16311 16194 16433
2017 16391 16153 16417
2018 16513 16143 16427
2019 16626 16136 16442
2020 16753 16173 16506
2021 16858 16190 16606
2022 16971 16223 16782
2023 17059 16261 17006
2024 17160 16337 17296
2025 17237 16414 17584
2026 17328 16530 17868
2027 17416 16675 18097
2028 17485 16830 18249
2029 17568 17030 18348
2030 17634 17236 18387
2031 17712 17475 18391
2032 17773 17697 18363
2033 17848 17930 18320
2034 17905 18123 18261
2035 17972 18306 18199
2036 18024 18440 18131
2037 18084 18556 18063
2038 18129 18626 17996
2039 18181 18684 17932
2040 18227 18719 17871
2041 18260 18722 17814
2042 18297 18724 17762
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6.6 Discussion

To forecast the future trend of the commercial @eenergy demand using an
ANN model, the independent parameters including &l population, and U.S. trade
were varied according to three pre-defined scesaiibie “business-as-usual” scenario
which is defined as the CTS in this study is basedhe assumption of uniform U.S.
trade, while GDP grows with its usual trend. Acéogdto the ANN model prediction
using CTS, the total consumption of the induss&dtor is expected to be around 18,724
Trillion Btu by 2042 which is around 7.5% higheaththe corresponding value in 2012.

On the other hand, the effects of the ascendirmgtsaenario (ATS) should not be
underestimated. ATS can happen in cases of signifigrowth in the economy. In this
case, since the demand for energy increases frbseetiors, energy prices rise. The
consideration of ATS scenario results in growthrgpelemand in the commercial sector
of approximately 5.1% by 2042 and energy demand chihb to 18,297 Trillion Btu.
However, a higher level of U.S. trade may leadmprovement in the economy and
increase purchasing power.

If, for any reason, another economy downturn happnd the U.S. trade with
other countries decline with a moderate rate of &% of growth in energy demand will
be on its lowest value compared to the other se@ndn this scenario (DTS), the energy
demand of industrial sector may reach 17,762 dnlBtu per year in 2042, which is only
2.0% higher than 2012.

Growth in the commercial sector plays an importaté in the economic decision

making process in the US. To evaluate the futuerggndemand of this sector, others
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have produced predictions for the future energydse&or comparison purposes,

results of the three scenarios are preed along with the predictions from the E
presented in the Annual Energy Outlook 2 [75]. As demonstrated iFigure 6-8, the
results of ANN method based on DPS approximatelyconsistent with Annual Ener¢
Outlook report, especially in near future; however,the period of 20:-2040, annual
energy outlookforecasts more growth in the energy demand. Alterely, the ANN
method results may be useful as scenarios for ptanto consider different scenaric
The ANN technique presented here therefore provalésol for use by planners a

information on avide range of scenaric
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Figure 6-8: Commercial energy demand outlook, current study vsAnnual Energy Outlook 2013

6.7 Conclusions

To assurethe reliability and sustainability of energy forethcountry, the
commercial sector is one of the sectors for whistrgy planning should be carried «

comprehensively and precisely. Similar to othert@as¢ inthe commercial sector, tr
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ANN method is a promising tool for use in forecagtthe energy demand depending on
the selected applied independent variables.

In this study, ANN was applied to forecast the careral energy demand and
perform future projections for the period 2013-20AMong all effective independent
parameters on energy demand in the commercial rséd¢t8. energy trade, population,
and GDP growth have been considered in this stuabedb on correlation coefficient
analysis. Based on model trained with historicahdzf period 1987-2012, the level of
U.S. international trade significantly affects #mount of energy used in the commercial
sector.

In 2012, 17,413 Trillion Btu of energy were usedhe commercial sector of the
US. Based on the energy demand forecast with ANNet) if GDP increases with its
historical trend since 1987, and if the U.S. tradéereases with annual rate of 2%, the
energy demand in the commercial sector grows oty 2042. According to ATS
scenario, the energy demand increase will be 5%hédend of 2042. Finally, CTS results
in 7% increase in energy demand by 2042, whilesbénario assumes the U.S. trade will
remain in the level of average of 2008-2012. Theselts, which are in accordance with
published predictions of the Energy Information Adistration of Department of Energy
especially for near future, may be considered asirmhcation of the need for
development of new and low-cost energy sources. édew all of these scenarios
suggest that energy demand in the commercial segtionot jump significantly and it
will slightly increase.

If a mitigation energy policy is applied by the gonment by increasing the

energy price annually, the ANN model predictionsstrhe reviewed. Currently, based on
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correlation analysis, the level of energy prices so low that the effect of these prices
may be neglected in commercial growth. However ptotect the environment and
guaranty the sustainable development of the countegulation, incentives, and
punishments should be considered by energy poliakens. Funds provided from this

policy may be spent in development of new and clelaergy sources which were not

beneficial previously.
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CHAPTER 7
ANALYSIS OF ELECTRICITY PRODUCTION FROM
RENEWABLE RESOURCES IN THE UNITED STATES;

LESSONS FROM LEADING STATES

7.1 Introduction

Renewable energy production in the United Statesghawn in recent years, with
an average annual growth rate of 4.6% over thedasade. By the end of 2012, total

production reached 2600 TW.h (see Figure 7-1) [93].
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Figure 7-1: Renewable energy production in the Unéd States 2002-2012 [93]

Renewable energy consumption of the United Statessio increasing with an
average annual growth rate of 4.5% over the pasadie Reflecting this increase, a

growing number of states are investing in renewalergy projects, especially wind
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power generation. Figure 7-2 shows the trend ofstiere of renewable energy in the

total energy consumption in the United States. [93]
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Figure 7-2: Share of renewable energy in the totanergy consumption of the United States [93]

In 2012, the United States ranked third in totalesgable energy supply behind
the People’s Republic of China and India [8]. Tiiycignificant difference between the
U.S. pattern of renewable energy supply and theldwdide pattern is the source of
biomass-derived fuels. In the United States, ethdadved from corn is the dominant
biomass-derived fuel, whereas worldwide, animaltevased as fuel and ethanol derived
from sugarcane are the dominant biomass-derivad. fll®wever, the United States has
some renewable energy fostering policies which samalar with those in some other
countries.

Figure 7-3 and Figure 7-4 compare the share oémfft energy sources in the net
electricity generation in the United States in ylears 1997 and 2012. “Total Renewable
Sources” is the energy supplied from hydropowesiiass, geothermal, solar, and wind.
“Other gases” represents blast furnace gas, aner ottanufactured and waste gases
derived from fossil fuels. The data in 1997 alsdudes propane gas in the category of

“other gases”.
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While the share of renewable energy sources remiconstant during this peric
of 15 years, the share coal decreased significaRtiynarily, natural gas displaced t
coal in the electricity generation processes; h@wesoal is still the largest single ene!
source for electricity generatiolt should also be noted that Figure8 &and Figure 7-4
are for the entire United States, and the sourceqgtio can differ significantly etween
states. Also, the total capacity for generaticcraased during the 15 years, so gro

existed in individual sources even if the perceataf power from that source did r

change much.
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To gain a better understanding of the factors Haate led to increased use of
renewable energy in the United States, this chaptestigates the policies and market
factors that have been promoting renewable energyeldpment for electricity
generation in the United States. The focus of thapter is on the states that have
experienced a significant amount of renewable gnergestment during recent years.
Both federal and state level (local) policies dtel®d in this chapter. Below, first a brief
review of different forms of renewable energy i®\pded, and then an analysis of the

conditions that exist in several particular staggsrovided.

7.2 Different Forms of Renewable Energy

Humans have been using renewable energy for milerks recently as 150
years ago, renewable energy played a vital rolméeting the needs of humans, when
wood supplied up to 90% of human energy demand. édew the energy density and
easy transportability of fossil fuels transformdtk tworld and the method used by
humans to meet their energy needs; this led toamatic decrease in the use of
renewable energy. But during the last 20 yearsalse of the research and development
investment by both industry and governments (prim#éne U.S. Department of Energy
in the United States) significant improvements hapeeared in the cost, performance
and reliability of renewable energy systems. Codipléh rising costs of fossil fuels and
concerns over the environmental impact and secafitgssil fuels, these improvements

in renewable energy systems have led to increasagf renewable energy systems.
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7.2.1Hydroelectricity

Hydropower is considered a renewable energy resdugcause it uses the Earth's
water cycle to generate electricity. Water evamsdtom the Earth's surface, forms
clouds, precipitates back to the ground, and fleewsard the ocean. Hydropower is
mostly dependent upon precipitation and elevatitanges; high precipitation levels and
large elevation changes are necessary to gendgatdicent quantities of electricity.
Therefore, an area such as the mountainous Paddithwest has more productive
hydropower plants than an area such as the GulstCadich might have large amounts
of precipitation but is comparatively flat.

Table 7-1: Hydroelectricity generation in top 10 sates 2009-2010 [94]

2009 2010
State Percent Change
(Thousand MW-h)  (Thousand MW-h)

1  Washington 66,112 72,933 -9.4

2 California 33,876 27,888 215
3 Oregon 30,288 33,034 -8.3

4 New York 25,201 27,615 -8.7
5 Montana 9,230 9,506 -2.9

6 Idaho 9,161 10,434 -12.2
7 Alabama 9,089 12,535 -27.5
8 Tennessee 8,306 10,212 -18.7
9 Arizona 6,626 6,427 3.1
10 South Dakota 5,765 4,432 30.1

By the end of 2009, hydroelectricity provided 10% tbe total electricity
generation in the United States. However, hydropopreduction depends on water

availability and can vary significantly from yearyear. Depending on water availability,
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between 6-9% of the U.S. electric generation waslyiced by hydropower between 1998
and 2009. Table 7-1 shows the hydroelectricity ¢eren in top 10 states during 2009

and 2010 [94].

7.2.2Wind Energy

Wind power systems convert the kinetic energy efwhnd into other forms of
energy such as electricity. Although wind energywasion is relatively simple in
concept, turbine design is the most challengindprimal subject in this area. Modern
turbines typically begin generating power at winmbexdds of 9 miles per hour and the
output increases up to 28 miles per hour. Utilitale wind farms typically require
average wind speeds of at least 14 miles per lmeconomically convert wind energy
into electricity [95]. Wind power has been one bé tlargest new sources of energy
across the country in recent years, averaging 3@b8l new energy capacity between
2008 and 2012 [96].

Cumulative installed wind power in the United Ssateas increased with an
average annual growth rate of 30% between 2003284@. By the end of 2012 total
installation reached 60,007 MW. The 13,131 MW ofdvpower capacity installed in the
U.S. in 2012 represented 29.4% of the total glotalket for new wind capacity, up from
a U.S. market share of 21% during 2011. The U.®anmeed one of the largest single
markets in 2012, installing wind power capacityaatate equivalent to China, which
installed approximately 13,000 MW for a total of, 564 MW now deployed in that

country [96].
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Based on an 80-meter height, the potential of laagked wind power alone is
enough to power the United States 10 times ovelr [Bte state which leads the United
States for new wind capacity installations in 20&s Texas with 1,826 MW followed
by California and Kansas. Considering wind powediéahs during 2012, 890 utility-
scale wind projects have been installed in 39 statel Puerto Rico. However, in only
two states (South Dakota and lowa) does the pexgertdf electricity generated by wind
energy exceed 20%. Table 7-2 shows wind energyestfaelectricity generation of the
top 10 states and their capacity installationstier year 2012. The importance of wind
energy generation becomes significant when oneiderssthat the U.S. is home to a vast
wind energy resource and many excellent reviewh®ftwo past decades of progress in

renewable energy technologies are available [97-103

Table 7-2: Wind energy share of electricity generabn of top 10 states and their capacity installatios
[96]

Capacity installation
Wind energy pacly

Ranking State share of state’s Total 2012 tﬁ‘;?;:]a;'giz

generation additions (MW) (MW)

1 lowa 24.5% 814 5,133

2 South Dakota 23.9% - 783

3 North Dakota 14.7% 235 1,680

4 Minnesota 14.3% 267 2,987

5 Kansas 11.4% 1,441 2,713

6 Colorado 11.3% 496 2,301

7 Idaho 11.3% 355 973

8 Oklahoma 10.5% 1,127 3,134

9 Oregon 10.0% 640 3,153

10 Wyoming 8.8% - 1410

The Federal Production Tax Credit (initially of WBsD per MWh generated) is a
strong driver of wind power development in the gditStates and paid for the first ten
years of a project’s lifetime. While utilities aracreasing their ownership of wind

projects assets, Independent Power Producers (#@#)e number one project owner of
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the market. Five companies own 42% of the instaatd power capacity in the U.S.,
although this has decreased when compared to 20d@@l1 as the market gets more

diversified [96].

7.2.3Solar Energy

The conversion of solar energy into electricitg@®e in two ways: through direct
conversion using photovoltaic cells and indirechwarsion using solar thermal power
plants. Photovoltaic cells are used across the id.&wide range of applications ranging
from single cells to charge a battery to systenws {power homes. The U.S. and
especially the southwest of the U.S., is endowetl wast solar resources. For instance,
there is at least 640,000 krof land suitable for constructing solar power pdaim the
southwest of the U.S. alone [104]. The solar iatidn is crucial in selecting candidate
site for a concentrating solar power plant. Fotanse, the cost of electricity is 31%
lesser for a concentrating solar power plant opegah a site where daily direct normal
irradiance amounts to 7.9 kWhinthan that of a concentrating solar power plant
operating in a site of 5.5 kWhffiL05].

While not in widespread use, in 2011 solar therpwaler generating units were
the main source of electricity at 13 power plamghe U.S.: 11 in California, one in
Arizona and one in Nevada. In 2012, the total anhafnsolar energy converted to
electricity was 4,342 TW.h which represented amaase of more than 387% between
2010 and 2012 [93].

With solar energy use growing rapidly in recentrgea variety of studies have

paid exclusive attention to solar energy develognpeticies and barriers, for example
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[106-109]. In addition, other studies consider s@naergy application as a part of the
total renewable energy share in the Unites Statdsding [110-113].

In 2008, just as the solar industry was beginnmgignificantly expand across
United States, the supply of capital availablerfarewable energy investments reduced
drastically because of the economic downturn. Agion of supporting policies such as
1603 Treasury Program, Depreciation of Solar Endétgpperty, DOE Loan Guarantee
Program, Solar Investment Tax Credit, Solar Taxnip#ons and third-Party Financing
helped the economy to recover [114]. Since 2016,ettonomy has grown rapidly and
now the U.S. has over 7,700MW of installed solactlc capacity. This capacity is
enough to power more than 1.2 million American letwdds. In 2011 alone, 10 states
installed more 30 MW in solar energy capacity. Asvgn in Table 7-3, California ranks
first among the states in cumulative solar eleatapacity followed by Arizona and New
Jersey. However in terms of installed solar elegiar capita, Arizona ranks first [115].

Table 7-3: Ranking of the states by cumulative sotalectricity capacity and installed solar per capia
place [115]

Rank State Cumulative Solar Rank State Installed Solar
Electric Capacity Electric (Watts
(MW) Per Capita)

1 California 2,902 1 Arizona 167

2 Arizona 1,097 2 Nevada 146

3 New Jersey 971 3 Hawaii 137

4 Nevada 403 4 New Jersey 110

5 Colorado 270 5 New Mexico 91

6 North Carolina 229 6 California 76

7 Massachusetts 198 7 Colorado 52

8 Pennsylvania 196 8 Delaware 48

9 Hawaii 191 9 Vermont 34

10 New Mexico 190 10 Massachusetts 30
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7.2.4Biomass

Biomass resources range from agricultural and fguesduct residues to crops
grown specifically for energy production. Directngbustion systems, co-firing systems,
and gasification systems are methods used to hHaeresgy from biomass sources.
However, burning biomass is not the only way teask its energy. Biomass can be
converted to other useable forms of energy, suamethane gas or transportation fuels,
such as ethanol and biodiesel.

Investment in the development of biomass during lt#s¢ decade has kept the
share of biomass energy in renewable energy cortsumapproximately constant. For
example, total biomass energy resources includiogdywaste, and biofuels had a share
of 49% of the renewable energy consumption in 2&8id 2012 [93]. Table 7-4 shows
the trend of various types of biomass sources gopsan in United States during last 15
years. In 2012, the 222 electricity-generating emplants in the United States have an
average capacity of 34 MW and a cumulative capaxdi®475 MW. About 70% of this is
in the forest products and sugarcane industrie§][ Research focuses on improving the
conversion efficiency of commercial plants, redgcoosts further and resolving issues

related to biomass residual ash [117-119].
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Table 7-4: Biomass energy consumption of various s of biomass sources in the United States from

1998-2012 [70]

Biomass energy consumption (Trillion Btu) Total renewable

energy
Year consumption
Wood Waste Biofuels Total Share (Trillion Btu)
1998 2,184 542 201 2,927 45% 6,493
1999 2,214 540 209 2,963 45% 6,516
2000 2,262 511 236 3,009 49% 6,106
2001 2,006 364 253 2,623 51% 5,163
2002 1995 402 303 2,700 47% 5,729
2003 2,002 401 404 2,807 47% 5,948
2004 2,121 389 499 3,009 49% 6,081
2005 2,137 403 577 3,117 50% 6,242
2006 2,099 397 771 3,267  49% 6,649
2007 2,070 413 991 3,474 53% 6,523
2008 2,040 436 1,372 3,848 54% 7,186
2009 1,891 453 1,568 3,912 51% 7,600
2010 1,988 469 1,837 4,294 53% 8,090
2011 2,014 469 1,948 4,431 4% 9,072
2012 1,985 471 1,909 4,365 49% 8,851

7.3 Federal Policies

The Energy Policy Act of 2005 (EPAct) mandates raeraase in the renewable

energy share to 10% in total annual electricityagation by the year 2020 in the United

States, an increase compared to the 2005 shar&%f & June 2007, a new energy bill

was proposed for cutting the projected use of gasdly 20%. Hence, a new Alternative

Fuel Standard was announced to enable the Unite@sSto use 35 billion gallons of

alternative fuels by 2017 which reduces the forechgasoline consumption in 2017 by

15% [120].
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The U.S. Department of Energy Management Prograd&aM@® works with key
individuals to accomplish energy change within afgations by bringing expertise from
all levels of project and policy implementationenable federal agencies to meet energy
related goals and to provide energy leadershime@ocbuntry. Federal agencies increase
national security by conserving natural resourgesiging renewable energy, which also
helps meet regulatory requirements and goals. Rstamce, in fiscal year 2013 and
thereafter, the Energy Policy Act of 2005 requires less than 7.5% of the total
electricity consumed by the Federal Governmenbtoefrom renewable energy [121].

Financial incentives and federal tax breaks areg waportant for encouraging
renewable energy development. Some of the mairipslare categorized and described

below [122].

7.3.1Predictable Tax Policies

a. Federal Renewable Energy Production Tax Credit (PTE PTC is an inflation-
adjusted tax credit for electricity produced fromaltifying renewable energy
sources or technologies. At various times, sevferails of renewable energy have
become eligible for this credit. They include cldsend open-loop biomass,
geothermal, landfill gas, irrigation-produced poywunicipal solid waste, wind
energy facilities, and marine and hydrokinetic ggerSince Congressional
appropriations affect the funding for the PTC, aravailability of this incentive
has a high uncertainty and this has limited theatifeness of PTC. There has
been a clear trend toward the use of the PTC cadptar the use of the 1603

Treasury program [96].
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b. Federal Renewable Energy Investment Tax Credit (ITg The

Energy Investment Tax Credit is the alternativetie production tax credit
discussed above. Investors can either take thewhi@h generally provides for a

30% tax credit, or the PTC described above.

7.3.2National Renewable Electricity Standards

Renewable Portfolio Standards (RPS) and State Mesda GoalsAn RPS is typically

a requirement that a percentage of electric powksscome from renewable energy.
Some states have specific mandates for power gearefeom renewable energy while
others have voluntary goals. In 2011, 37 states District of Columbia, Guam, Puerto
Rico, and the U.S. Virgin Island and the Marianarids had an RPS, mandate, or goal.
Compliance with RPS policies can sometime requirealblow for the trading of
renewable energy credits (RECs). Weiser et al. [[J#8vide an introduction to the
history, concept and design of the RPS and revigwedous experience with the policy

as applied at the state level.

7.4 State Policies

The leading role of the individual states in estdidhg renewable energy policies
started in the late 1990s. This role includes distahg renewable energy portfolio
standards, extension of green products applicatistlosure policies, and subsidies.
Study and evaluation of the state policies can b&ful in developing a better

understanding of the policies at the federal leVhaere have been a considerable number
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of studies of the renewable energy developmentiagsliat the state level such as [112]
[124-125], [100], [98].

Of course, investment in renewable energy projectiependent upon the quality
of the renewable sources (wind sources, sun radiatorn production, etc.) access to
transmission (for wind power), the cost of convendil generation, the need for new
energy supplies, and the willingness of power camgsato integrate new sources in their
systems. Table 7-5 presents the renewable eneogytion in the ten highest producing
states in 2009 and shows the shares of these statdee total renewable energy
production in the U.S. Moreover, the share of rest@le sources in total renewable
energy production of each State is shown [126].

Table 7-5: Renewable electricity production, by stee, in 2009 [35]
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Washington 74.905 17.5% 0.0% 6.3% 91.2% 0.0% 2.5%
California 58.881 13.8% 1.3% 10.3% 56.8% 21.4% 10.2%
Oregon 35.299 8.3% 0.0% 11.1% 86.5% 0.0% 2.4%
New York 30.286 7.1% 0.0% 8.6% 84.1% 0.0% 7.3%
Texas 28.967 6.8% 0.0% 90.6% 4.4% 0.0% 5.0%
Alabama 11.081 2.6% 0.0% 0.0% 78.5% 0.0% 21.5%
Montana 10.442 2.4% 0.0% 8.9% 90.2% 0.0% 0.9%
lowa 10.309 2.4% 0.0% 89.0% 9.2% 0.0% 1.8%
Idaho 10.168 2.4% 0.0% 4.3% 90.0% 0.7% 4.9%
Tennessee 9.125 2.1% 0.0% 0.4% 89.2% 0.0% 10.4%

Renewable energy production in the United States hestorically been

concentrated in California and to the lesser exiarn few other states. However, recent
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development has distributed renewable energy ptamuamong larger number states. In
2010, the 10 states listed in Table 7-5 collecyiyloduced 66% of the total renewable
electricity of the country. A complete version odble 7-5 including all of the states’

renewable electricity production is included in tAppendix 1. In addition to federal

incentives, improved economics and the broader ebadkivers, the main factors that
have been fostering development in these statessterof renewable portfolio standards
and other forms of renewable energy mandates,sstateand financial incentives, and
voluntary purchases of green power by consumers.

As of 2012, 30 states and the District of Columihéae an enforced renewable
portfolio standard or similar law. Under these dtds, each state determines its own
level of renewable energy generation, eligible tetbgies and non-compliance
penalties. Most states have met or passed thaiiregglevel of renewable generation.
The most important factors which have helped tatera favorable environment for RPS
compliance are (1) a surge of new RPS-qualifiedeggion capacity timed to take
advantage of federal incentives that either hayered or were scheduled to expire and
(2) significant reductions in the cost of renewadtergy technologies such as wind and
solar. The attractiveness of renewable projectsnt@stors has been supported by
declining equipment costs for wind and solar systeand improvement in the
performance of renewable technologies [127].

In the following sections we examine the driversrafreased renewable energy
development in 5 states that at the end of 200%etothe vast majority of the U.S.

renewable energy production. In addition, New Mex&s a special case has been
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studied, and lowa and Nebraska have been compar@avéstigate the role of state

regulations in renewable electricity development.

7.4.1Washington

Washington has produced the most amount of reneveat#rgy nationally during
2010. In 2010, 17.5% of the renewable energy ofUinged States was produced in
Washington. The primary renewable energy capaatycg and generation source in
Washington is hydroelectricity. In renewable elietly profile of the Washington,
hydroelectric with 91.2% has the largest shardpyad by wind (6.0%). Washington
biomass is already producing electricity, steam dmels. The forest industry is
responsible for most of the bioenergy producedhmm dtate, but opportunities exist to
expand this market to include other biomass ressurc28].

In 2011, Washington was the leading producer eftdatity from hydroelectric
sources and produced 29% of the Nation's net al#gtrgeneration. Moreover,
Washington ranked sixth in the nation in net getm@neof electricity from wind energy in
2011. Due to the large potential of electricity gextion in this state, electricity prices for
industrial, residential and commercial sectorslavger than the U.S. average by 36%,
27%, and 22%, respectively [128].

The physical geography of Washington is primarigsponsible for the large
amount of renewable energy being used for elettrigproduction in the state. The
primary factor driving hydroelectric energy prodoat investment in Washington has
been natural potential of renewable energy prodaoctiarge, fast-flowing rivers produce

the most hydroelectricity. The Columbia River, whiorms part of the border between
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the states of Washington and Oregon, is a large that produces massive amounts of
hydroelectric energy. The Grand Coulee Dam on Wagbn's Columbia River is the
largest hydroelectric power producer in the Unitdtes, with a total generating capacity
of 6,809 MW.

According to the renewable portfolio standards, W#agton has a target of
producing 15% of its needed energy from renewablgces. The Energy Independence
Act (referred to as 1-937) calls for state electriitities serving 25,000 or more costumers
to acquire 15% of their electricity from new rendharesources by 2020 and undertake
all cost-effective energy conservation. Solar, wihgdro, biomass, geothermal, landfill
gas (LFG), and marine are eligible renewable saurEeventeen out of the state’s 62
utilities are required to meet EIA targets. Thesgesteen qualifying utilities provide
81% of the electricity in Washington.

Having plenty of renewable energy potential andigeht policies to support the
investment, Washington is the most successful stafee production of electricity from

renewable sources.

7.4.2California

Although California plays an important role in theduction of fossil fuels in the
United States, its role in renewable energy maekatso significant. California has been
the historic leader in wind energy developmenttidiy, California’s wind energy
industry boomed as a result of state and fedexahtzentives and the 1978 Public Utility

Regulatory Policies Act [129]. Since the early 198@he wind energy industry grew
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substantially in California, resulting in a totaktalled capacity of more than 5.5 GW by
the end of 2012 [96].

California has the most diverse renewable energpurees among the states.
Producing 13.8% of the renewable electricity of thegtion, California has used all
possible renewable sources to generate electrlait011, California ranked third in the
Nation in conventional hydroelectric generatiomstfiin net electricity generation from
other renewable energy resources, and first a®@uper of electricity from geothermal
energy [128].

In terms of RPS, California has one of the highegtectations of renewable
energy development compared to other states. @abfanandates 33% of electricity
consumption of the state should be supplied fromewable sources by the end of 2020.
The allowable renewable sources include solar, wimdmass, geothermal, LFG and
municipal solid waste, small hydro, biodiesel, andrine. This new RPS preempts the
California Air Resources Boards' 33% Renewable ti@ty Standard and applies to all
electricity retailers in the state including publiowned utilities (POUS), investor-owned
utilities, electricity service providers, and commty choice aggregators. All of these
entities must adopt the new RPS goals of 20% aflrstles from renewables by the end
of 2013, 25% by the end of 2016, and the 33% requéint being met by the end of 2020
[130].

In California, RPS supports the diverse energyfplotsufficiently. For example,
in September 2012, a law was signed which requaresincremental 250 MW of
renewable Feed-in Tariff (FIT) procurement from #rseale bioenergy projects that

commence operation on or after June 1, 2013.
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As another example, California Energy Commissioonptes development of
geothermal energy resources and technologies thraegearch, development and
demonstration partnerships and consultant contraass well as through financial
assistance to eligible applicants via competitikggzrt solicitations. Funding is provided
through the Energy Commission's Geothermal Graut laman Program [131]. The
effectiveness of this supporting law on bioenergyg geothermal production and the
diversification of energy portfolio become cleavdnen attention is paid to the fact that
supporting regulations of these sources have rest peovided by many states.

Although the share of California in providing fdsisiels for the United States is
significant, energy policy makers of this state dngromoted the diverse renewable
energy production in California by providing suféint legislative supports and tax

incentives.

7.4.30regon

By the end of 2010, Oregon produced 8.3% of thewable electricity in the
United States. Oregon is one of the nation's lgadenerators of hydroelectric power,
ranking second. Hydroelectric has a share of 86/%regon’s renewable electricity
profile followed by wind and biomass 11.1% and 2.A8pectively. In 2010 and 2011,
Oregon’s abundant hydroelectric power contributed kelow-average residential
electricity prices in the state. Major transmisslioes connect Oregon’s electricity grid
to California and Washington State, allowing forgk interstate electricity transfers

[128].
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The Oregon RPS requires Oregon utilities to delavpercentage from renewable
sources, including biomass, geothermal, hydropoweean-thermal, solar, tidal, wave,
wind, and hydrogen, by 2025. The target of stargléydthree largest utilities of the state
(Portland General Electric, PacificCorp, and Eugéfeger and Electric Board) is 25% in
2025. All other electric utilities depending onesizave standards of 5% or 10% in 2025.
Also, the Oregon Department of Energy has incesatiee the expansion of renewable
energy usage in transportation sector [132].

The main factor fostering renewable electricity darction in Oregon is the

abundant amount of hydropower potential incorparateh the proper RPS.

7.4.4New York

The state of New York was the 4th largest prodeteenewable electricity in the
United States with production of 7.6% of total nemble electricity of the country.
Similar to other states ranked higher than New YiarKable 7-5, hydroelectric has the
largest share in renewable energy profile of thées The 2,353-MW Robert Moses
Niagara hydroelectric power plant was the fourtigdéat hydroelectric power plant in the
United States in 2010 and, in 2011, New York predumore hydroelectric power than
any other state east of the Rocky Mountains [128].

During 2010, New York had the second lowest energysumption per capita
after Rhode Island which may be a result of mamgi fourth highest average electricity
prices in the Unites States and the extensive Ls@ss transportation system.

Future development will likely be driven by incimets available through system

benefit fund and an RPS that is being developedoslting to Renewable Portfolio
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Standards, New York has the goal of 30% renewaldetrecity share in overall
electricity profile of the state by 2015. Produatiof 24% of electricity from renewable
source in 2011 shows that New York still, has tohard to achieve its RPS goal by
2015. If RPS is, in fact, implemented, this coukl dn important driver for renewable
energy development including wind and biomass t¢herlong term. Consumer interest
in green power may also continue to provide supfpomew development.

Although New York has a low amount of energy congtiom per capita, energy
policy makers of this state have provided legiskatio encourage the use of the extensive
hydropower potential in this state to promote snatade development via renewable

electricity production.

7.4.5Texas

Texas leads the Nation in non-hydroelectric rendégvabergy potential. This state
is rich in renewable energy potential, includingndyi solar, and biomass resources. Wind
resource areas along the Gulf of Mexico coast sotitBalveston, and in the mountain
passes and ridgetops of the Trans-Pecos offer Texa®g of the greatest wind power
potential in the United States. Solar power po&tris also among the highest in the
United States, with high levels of direct solariaéidn suitable to support large-scale
solar power plants concentrated in West Texas. tDuts large agricultural and forestry
sectors, Texas has an abundance of biomass eresgyrces. Although Texas is not
known as a major hydroelectric power state, sulisfanntapped potential exists in
several river basins, including the Colorado RigérTexas and the lower Red River

[128].
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The main difference between Texas, and the foutestaanked higher in
renewable electricity production is that more tl9@86 of renewable electricity produced
in this state is from wind power. Texas had sumwied capacity of 10,388 MW by the
end of 2011. With 1,826 MW (about 14% of the 20h&talled capacity in the U.S.)
installed in 2012, Texas deployed the most new waquacity for the year, propelling the
Texas past the 12,000 MW mark for total installaddircapacity. As recently as 2006,
the entire nation had only 10,000 MW installed [96]

The RPS mandates the providers of electricity iraegenerate 5,880 MW by
2015 and the target has increase to 10,000 MW #5.20h addition, each provider is
supposed to supply new renewable energy capacsiydoan the market share of energy
sales multiplied the renewable capacity targete ARPS was implemented, Texas wind
corporations and utilities invested 1 billion USD wind power. Wind power
development has accelerated by more than 4 times §PS was implemented. In order
to diversify the Texas’ renewable generation peofa target of 500 MW of non-wind
renewable capacity is required by Texas State 8aBifit20. This goal indirectly fosters
the development of solar power and biomass in thte.sIn order to get clean energy
from remote areas to the cities, Senate Bill 20 &las a goal to increase transmission

capacity [133-134].

7.4.6Special Case: New Mexico

New Mexico ranked 40 among the 50 states in generation of renewable
electricity in the United States in 2009. Havingiattant amounts of fossil fuels made the

price of energy products very low, compared to ostates. For instance, natural gas
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price for residential consumption is about 18% Iowean the U.S. average in 2012.
Limited water resources in this state affected higdroelectric potential significantly;
however solar energy potential is high. New Mex@oked fourth in the United States in

installed solar photovoltaic capacity, which ingead from 43 MW in 2010 to 116 MW

in 2011.
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Figure 7-5: Installed power plants in New Mexico [4]

As shown in Figure 7-5, the energy production patten New Mexico is
obviously different from neighboring states. Whilexas produced 26,251 thousand
MW-h of renewable electricity during 2010 and mokits wind farms are located close
to the border with New Mexico, New Mexico produaedy 1,832 thousand MW-h wind
electricity last year.

In contrast with most states which implementedrti®PS program as early as
1990s, 2006 was the first compliance year for Neexigb investor-owned utilities to
demonstrate they have met the RPS requirementsein Renewable Energy Portfolio

Reports to the Public Regulation Commission. In@@Be RPS was 5% of retail sales in
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kWh's, reaching 10% by the year 2011, but actuatly2011, renewable energy supplied
6.5% of electricity generated in the New Mexico.eTBtate’s Renewable Portfolio
Standard requires that 20% of all electricity sloydinvestor-owned electric utilities, and
10% sold by cooperatives, come from renewable gnezgources by 2020. By not
requiring renewable energy generation until lab@ntmany states with larger renewable
energy production, and by having somewhat wealsuirements, it is likely that New
Mexico has positioned itself to be trailing manfetstates in terms of renewable energy
production for years — despite the comparable ¢mmdi that exist for some renewable

energy production with regards to more successiés such as Texas.

7.4.7Special Case: lowa vs. Nebraska

It is valuable to compare the renewable electripityduction in two states which
are neighbors: lowa and Nebraska. Table 7-6 presém renewable electricity

production portfolio of these two states.

Table 7-6: Renewable electricity production in lowaand Nebraska (thousand MWh), 2010 [134]

lowa Nebraska
Geothermal - -
Hydroelectricity 948 1314
Solar - -
Wind 9170 422
Biomass 190 17

As clearly shown, the wind energy harvesting sysiemore developed in lowa
compared to Nebraska. While most of the wind faofnihie lowa are located on the west
side of this state (close to the border with Nekaps@nd the geographical condition is

similar on both sides of the border, wind powerelepment in Nebraska is far behind.
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Geographical location of wind harvesting farms loé towa and Nebraska are shown in

Figure 7-6.

u Cedar Rapids

e

Davenport

Figure 7-6: Geographical distribution of the wind harvesting facilities in Nebraska and lowa, 2010
[136-137]

In terms of RPS, lowa requires its two investor-edrutilities to own or to
contract for a combined total of 105 MW of reneveallenerating capacity and
associated energy production. Wind is one of tigghd#¢ sources in this requirement. In
2001, a voluntary goal of 1,000 MW of wind geneargticapacity by 2010 was
established [137]. lowa was ranked first in winchg@tion, with 24.5% generation from
wind energy in 2012. lowa also had the sixth wingvpr capacity addition in 2012. This
state surpassed the 5,000 MW total installed-capanark, adding 814 MW during

2012.
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The reason of the significant difference betweerewable electricity production
in lowa and Nebraska should be sought in applieztggnpolicies of these two states.
While lowa established its RPS in 1990, Nebraskanw established any RPS or state
mandates yet. Nebraska has the potential to meggn#icant portion of its electricity
needs with renewable energy while generating sobataeconomic and environmental
benefits for the state. RPS, if established, wauldport the investment and development

of renewable electricity facilities in this state.

7.5Lessons from the Leading States

The discussion of the conditions that exist witlgarels to renewable energy
production in the five most successful states, #mel comparison with some less
successful states, leads to a number of lessohsghde drawn from these states. From
this, we propose the following 5 main points thah de learned and applied when
seeking to spur further renewable energy developmehe United States.
1-Geographical parameters are key factor affectimgwable energy produced by a

state. As shown in Table 7-5, more than 67.5% efrémewable electricity generated
by 10 top-ranked states is from hydroelectric pov&mply said, there are some
regions of the United States in which hydroelecpiaver is the lowest-cost energy
resource, while this resource is not availabledibrers. As such, care must be taken
when developing renewable energy standards fovichal states. If a state does not
have access to plentiful hydroelectric power, dwdt not expect to produce as large a

percentage of its total power from hydroelectricwpo as a state with great
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hydroelectric potential. Similarly, a state inesd favorable location for wind energy
should not expect to produce as much energy frondwiower and should instead
look towards other renewable sources for renewaidzgy.

2-State tax and financial incentives, as well asesR®PS policies, have a crucial effect
on renewable energy production and developmens ifpact is can be clearly seen
in the comparison of lowa and Nebraska. The efééqtolicies is more pronounced
when renewable energy is nearly competitive withrentraditional generation
resources - for example in states with particulattgng wind sources.

3-There are only few states (e.g. California) thaveha diverse renewable energy
portfolio. In terms of renewable energy sourcesstmuf the states are dependent
exclusively on wind while among 10 top-ranked staiely two of them have used all
renewable sources to generate electricity. Morerdes energy profile is a result of
availability of diverse sources and proper and itasupporting regulations and
infrastructures.

4-State drivers also function within the context ofrent federal policies and incentives,
which have played an important role in encouragmegent renewable energy
development. The most notable and effective ofeledshese are Federal Production
Tax Credit and Renewable energy production incentiv

5-The PTC should offer opportunities for wind poweowth in almost every region of
the country, while various regions will get additad boosts from such drivers as RPS
(California and Pacific Northwest). Currently, staRPS policies such as those
developed by New York and California will play atinguishable role in wind energy

progress and prosperity.
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6-Numerous affecting parameters are working as paclegl support one another’s
effectiveness. Just creating an RPS without regardise geographical potential of a
state will not be effective. Moreover, relying oeagraphy when fossil fuels are cheap
(such as in New Mexico) isn’'t enough either. Fog tbnited States, as a country
seeking to encourage fostering renewable energlicappn while holding diverse
energy portfolio, we believe that a first step ddolbe a general assessment of the
potential economic, employment and cost reductiemelbits associated with different
forms of renewable energy technologies, as wekl aletailed assessment of current
local capabilities. When local strategies and piésibecome clear, a set of state and

federal policy tools to implement those strategnesst be selected.

7.6 Summary

Although the share of renewable sources in elettricet generation remained
steady during 15 years (between 1997 and 2012gwanle energy production is
growing in the United States as a whole and mqgua&lhain some individual states based
on multiple factors which play a role in this grogiprocess. It is impossible to consider
only one single parameter for renewable energy ldpugent in the United States. For
example, geographical parameters are key factectaify renewable energy produced by
a state. In addition state and federal policiehsag RPS have a significant effect on
renewable electricity development at the statelled® shown, a state can maximize its
attractiveness to renewable power companies bplesdtang a combination of direct and

indirect policies to support the development. Fmahnand tax incentives are among the



145

most effective direct supports for utility compasieStates without mandates and
incentives have much less renewable electricitylifi@s and production compared to
other states.

Some geographical factors that have allowed somesstto be successful in
developing large amounts of renewable power maybeopresent in other states; this
limits the renewable energy potential of these o#tates. But proper application of
financial incentive packages and aggressive busoregble renewable energy targets
should sufficiently spur renewable energy growththa United States as it attempts to

reduce its reliance on limited and pollution-prodgcfossil fuels.
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CHAPTER 8

SUMMARY, CONTRIBUTIONS, AND FUTURE WORKS

8.1 Summary

Energy production and consumption cycles are coxmple assist in analyzing
and understanding the cycles, energy models aegecteEnergy models are simplified
representations of energy production and consumptiegulations, and producer and
consumer behavior. Energy demand modeling of théednStates, which is the
guantification of energy requirements as a functafninput parameters in different
sectors, is the focus of the present study. Invhigk, different approaches of the energy
demand modeling have been explained and their gitremnd weaknesses have been
discussed. Because of the multiplicity of the dffecparameters and discrepancies on
their sphere of influence, the energy demand aedeffective parameters were studied
separately for different sectors. Energy demandsth@se sectors (transportation,
residential, industrial, and commercial) form tlegat energy demand of the United
States. To choose an energy model with adequatisility and high-accuracy, two
types of energy models (MLR models and ANN modelgre developed for
transportation and residential sectors. Based enptioposed results, ANN modeling
approach is chosen for the rest of the sectors. ANB was chosen because of its
abilities in capturing the non-linear relationslaimong the effective parameters, and its

ensuing high-level of accuracy.
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For each sector, the most effective parametersnengg demand were chosen
based on linear correlation test. Then, the ANN ehedhs developed for each sector and
the performance of the model was proposed. Basdbeopast trends of the independent
parameters, the future trends of them were antipaWhere possible, multiple
scenarios for the future trend of independent Wéemwere developed and the response
of energy demand to these scenarios was demonstrateally, the future energy
demand of the sectors was compared with the dfffcipublished energy demand
forecast from the United States Energy Informafgency.

Projections are highly dependent on the data, ndelbgies, model structures,
and the assumptions used in their developmenttii®istudy, the author tried to mainly
rely on the officially published data. When reqdirdata was not available or the
availability period was shorter than required, #malysis method was chosen so that the
results experienced the least amount of negatipaatfrom this shortage.

In Chapter 7, the renewable energy electricity podidn in the United States was
investigated. This chapter also contained a revibe federal and state policies
amplifying the renewable electricity production kues Energy Policy Act of 2005, tax
credits and Renewable Portfolio Standards. In amditthis chapter presented some
lessons from leading states in renewable elegtripitoduction and analyzed how
coordination of geography and regulations inteasifthe development of renewable
electricity production.

Projections in the “Evaluation and Forecast of GgeConsumption in Different
Sectors of the United States Using Artificial Nduxeetworks” focused on the factors

that shape the U.S. energy system over the lomg tdnder the assumption that current
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laws and regulations remain unchanged, this wookides a basis for examination and
discussion of energy demand and the direction ¥ ta&e in the future. In this work,
some chapters include alternative cases that exphoportant areas of uncertainty for

markets, technologies, and policies in the U.Srggneconomy.

8.2 Contributions

Some of the important scientific contributions féeg from this PhD
dissertation, which were published in establishechnical journals and presented in
international conferences, are as follows:

First, there is serious study of the energy demarttie transportation sector of
the United States. This study also encompassesadimparison of performance of the
MLR models and the ANN models in the energy demaratleling. The results are
presented in ASME 2014 8th International Conferemt&nergy Sustainability [138].

Development of the ANN model for the residentiadtee of the United States and
forecast of future trends in this sector was pentad. This study also encompasses the
comparison of performance of the MLR models and ANN models in the energy
demand modeling [11].

Development of first ANN energy model for the intiied sector of the United
States was made. This study also analyzes and cesgdferent possible scenarios of
the energy price in future. The response of enelgyand to these scenarios is also

presented [34], [70].
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Development of first ANN energy model for the conmai@ sector of the United
States was made. This study also analyzes and cesgdferent possible scenarios of
the economy development in future. The respongmefgy demand to these scenarios is

also presented.

8.3 Future Work

Energy demand modeling is a broad area that ngeetsfis research for each
sector. In the current study, some mathematicalggnenodels were developed and
appropriate theories behind them were considerkdreTare still some areas need more
research to complete this study. The following ¢epiare suggested for future
exploration:

¢ In this study, ANN and MLR models are considered emmpared for energy the
demand modeling. However, as explained in Chapteth2re are several
approaches for energy demand modeling. These agmsasuch as top-down
energy models, are definitely worth exploring fdrsactors.

e In solving a forecasting problem with the artificizeural networks, the most
important part is to choose the independent vagatilat provide the most precise
estimate of the dependent variable. To reduce ah®ilation time and cost, this
research considers the most important effectiveampaters in each sector.
However, by means of more powerful computation lifées, researchers may
include more parameters and evaluate their effectttee energy demand.

Including more parameters may also need more ddtajpproach in analysis and
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comparison. The author suggests that future reseerde aware of the mutual

effect of effective parameters.

e For further progress, future researchers, if thayehaccess to National Energy
Modeling System (NEMS), may develop energy demamdiets using NEMS
while applying same data set for mathematical nedehis approach provides
the opportunity of comparison between the matherabinodels and the NEMS
models. Moreover, researchers can evaluate therpehce of these models in
short and long-term periods.

Another part of future work should be devoted te ithvestigation of the effect of
geographical parameters, federal and state regntatnd incentives on the renewable
energy development. In this study, the author tt@donsider a large part of energy
production (electricity). However, to move towarsisstainable development and meet
national and international commitments, regulatiamsl incentives must embrace all
aspects of energy production and demand.

In addition, since the projections of this studg dependent on the historical data,
and because of the dynamic property and the legumiopensity of neural networks, it is
recommended that researchers always train the netidased on the most recent data

available and compare it to the past studies.
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State renewable electricity production, by state [26]
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Washington 74.905 17.5% 0.0% 6.3% 91.2% 0.0% 2.5%
California 58.881 13.8% 1.3% 10.3% 56.8% 21.4% 10.2%
Oregon 35.299 8.3% 0.0% 11.1% 86.5% 0.0% 2.4%
New York 30.286 7.1% 0.0% 8.6% 84.1% 0.0% 7.3%
Texas 28.967 6.8% 0.0% 90.6% 4.4% 0.0% 5.0%
Alabama 11.081 2.6% 0.0% 0.0% 78.5% 0.0% 21.5%
Montana 10.442 2.4% 0.0% 8.9% 90.2% 0.0% 0.9%
lowa 10.309 2.4% 0.0% 89.0% 9.2% 0.0% 1.8%
Idaho 10.168 2.4% 0.0% 4.3% 90.0% 0.7% 4.9%
Tennessee 9.125 2.1% 0.0% 0.4% 89.2% 0.0% 10.4%
Maine 7.963 1.9% 0% 6.3% 47.8% 0.0% 45.9%
Minnesota 7.48 1.8% 0% 64.1% 11.2% 0.0% 24.7%
Oklahoma 6.969 1.6% 0% 54.6% 40.3% 0.0% 5.1%
Arizona 6.941 1.6% 0% 1.9% 95.4% 0.0% 2.4%
North 6.84 1.6% 0% 0.0% 69.5% 0.0% 30.3%
Carolina
South Dakota 6.611 1.5% 0% 20.8% 79.2% 0.0% 0.0%
Pennsylvania 6.577 1.5% 0% 28.2% 35.5% 0.0% 36.2%
Georgia 6.502 1.5% 0% 0.0% 51.1% 0.0% 48.9%
North Dakota 6.15 1.4% 0% 66.6% 33.2% 0.0% 0.2%
Arkansas 5.283 1.2% 0% 0.0% 69.3% 0.0% 30.7%
Illinois 5.257 1.2% 0% 84.7% 2.3% 0.0% 12.7%
Colorado 5.133 1.2% 1% 67.3% 30.7% 0.0% 1.2%
Florida 4.664 1.1% 2% 0.0% 3.8% 0.0% 94.5%
Wisconsin 4.586 1.1% 0% 23.7% 46.1% 0.0% 30.2%
Nevada 4.444 1.0% 5% 0.0% 48.5% 46.6% 0.0%
Wyoming 4.271 1.0% 0% 76.0% 24.0% 0.0% 0.0%
South 4.25 1.0% 0% 0.0% 55.9% 0.0% 44.1%
Carolina
Michigan 4.083 1.0% 0% 8.8% 30.6% 0.0% 60.6%
Virginia 3.72 0.9% 0% 0.0% 40.3% 0.0% 59.7%
Indiana 3.699 0.9% 0% 79.3% 12.3% 0.0% 8.4%
Louisiana 3.577 0.8% 0% 0.0% 31.0% 0.0% 69.0%
Kansas 3.473 0.8% 0% 98.0% 0.4% 0.0% 1.6%
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