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ABSTRACT 

Greenhouse gas emissions from the electricity markets have come under heavy scrutiny 

of the global climate experts. Ever echoing environmental concerns have led to a rapid 

restructuring of the electricity markets. The energy landscape is morphing towards a 

greater reliance on renewable sources of energy in the generation fuel mix. This shift is 

more palpable in the advanced countries than in the developing countries. This study 

focuses on the changing evolution pattern of different sources of power production or on 

the changing generation fuel mix in the ERCOT region of Texas. Texas has become a 

leader in the wind energy production and transmission in US. Different time series 

analysis tools and techniques have been used to accurately interpret the behavior of 

evolution of different fossil and non-fossil sources and short term reliable forecasts were 

generated from the most reliable models.  Different explanatory variables like the price of 

gas, price of coal, price of electricity, fuel consumption, electric demand and temperature 

had been used to have the necessary domain information of the power production system. 

The daily time series for selected hours for different sources gave more interesting results 

than the series used to discern the intra daily pattern or the daily load profile. Interesting 

causal relations had emerged among the different sources of power production in the 

generation fuel mix. In the time series of daily load profile, renewable and nuclear had a 

strong effect on the power production pattern of both coal and gas. Price of coal and gas 

affected the power production pattern depending on whether the fuel had been used for 

the residential, commercial, or the industrial power generation. Interesting temperature 

effects had been observed for selected hours of the day in case of the daily data. The 

penetration effects of wind had been more significant during the morning and the evening 

hours and the price of coal and gas fuel affect the power production based upon the 

specific residential or commercial usage.  The use of better quality, high price coal had 

been replacing gas for most of the hours. The heating degree days and the cooling degree 

days had a different effect on the power production from coal and gas for different hours 

of the day. Gas had been mainly used for space heating for most of the selected hours. 

Keywords: renewable, energy, generation, fuel, mix, time, series, pattern  
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CHAPTER 1 

INTRODUCTION 

An exponential population growth is accompanied by an ever increasing energy 

demand. Today, electricity is undoubtedly the backbone of modern economies and an 

indispensable part of human life. Therefore, expanding energy resources will be required 

throughout the world to maintain and sustain the economic growth momentum as well as 

human development. At the same time addressing climate change requires a transition to 

renewable energy and reduction in energy consumption through energy efficiency. 

Governments are increasingly concerned about climate change and are busy finding the 

best means for curbing CO2 emissions. In the United States, out of total carbon dioxide 

emissions from human activity, roughly 40% comes from electricity generators fired by 

fossil fuels (Palmer and Burtraw 2005).  

Given the international hue and cry about the climate change and global warming, 

various efforts are underway in US at both the federal and state level, to design policies 

that promote the use of renewable energy. Renewable energy has become an increasingly 

important source of alternative energy amidst emerging needs for energy efficiency, 

arising out of factors like energy shortage, global warming and climate change. 

Renewable energy is the energy generated from natural resources such as sunlight, wind, 

rain, tides, and geothermal heat which are renewable or naturally replenished and these 

sources are replenished as fast as they are used (State Energy Conservation Office 2009). 

In an effort to curb the amount of carbon emissions and preserve the environmental 

quality, the governments of various countries, especially the developed countries, are 

coming up with various policies designed especially to promote the growth of renewable 

energy technologies. There are production tax credits, investment tax credits and various 

other national and state subsidies that come to the rescue of these emerging renewable 

energy technologies especially when they have to compete with low cost conventional 

fossil fuels. Among all these available renewable sources of power generation, wind 

power is the fastest growing renewable energy source (American Wind Energy 

Association 2009). With improvements in technology and growth in the market for wind 
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power, the cost of electricity generated by modern wind farms has declined by some 80% 

since 1980- from about 38 cents per kilowatt hour (KWh) to about 4 cents (DeCarolis and 

Keith 2006). 

Throughout the world there is an upsurge to reduce reliance on fossil-fuel power 

plants, especially coal and oil plants that emit the most CO2 per megawatt hour (MWh) of 

electricity (Prescott and Kooten 2007).  Different countries have set various time limits to 

achieve their targets of generating renewable energy for alternative uses in an effort to 

protect and safeguard the deteriorating environment. There is a need to implement 

measures with an optimum cost and over an optimum period that would enable 

sustainable and cost efficient solutions for the future electricity needs (Dilaver and Hunt 

2011).  

There is a need for energy efficient processes and technologies in appliances, 

buildings, and transport systems as well as other uses. Creating awareness, providing 

adequate incentives, and adopting appropriate regulation may safeguard the plank on 

energy efficiency. Various countries are trying to promote and sustain renewable energy 

sources through tried and tested policies of feed in tariffs and renewable portfolio 

standards (RPS) etc. Feed in tariffs ensure receipt of monetary incentive from the energy 

supplier upon installation of a renewable electric generating technology at home, office 

building etc (Energy Saving Trust 2013). An RPS is intended to spur the development of 

new renewable power sources and technologies, reduce reliance on foreign sources of oil 

and gas and create new jobs through home grown energy sources (Moir 2009). The 

governments of various countries are formalizing and implementing strategies to 

explicitly and consciously lower the unit cost of renewable energy generation and make it 

competitive and affordable in comparison to conventional fossil fuels. Renewable energy 

incentives, integrated resource planning programs, and setting carbon abatement levels 

are some of the steps undertaken by states to reduce future carbon emissions (Carley 

2011). This way they are reconciling the goals of greenhouse gas abatement and 

sustainable development.  
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Adherence to the Kyoto protocol has propelled the government of various 

countries to safeguard the environmental quality by reducing the carbon emissions from 

electric generators and automobiles. As a result governments resort to means like carbon 

taxing, mandatory amount of power generation form renewable resources like wind, 

solar, biomass, geothermal, landfill gas, ocean and tidal wave, and run of the river to 

control the amount of greenhouse gas emissions and protect the environment. Various 

countries have come up with mandates to achieve a specific amount of energy generation 

from renewable sources of energy in a stipulated time frame. In US these mandates are at 

the state level and depend upon the natural resource endowments of a state. Moreover 

these mandates are known as renewable portfolio standards (RPS) and had been adopted 

mainly by those states in US that have a high per capita income and a high exposure to 

gas fired generation. RPS rules vary significantly in terms of percentage targets, time 

frames for compliance, qualifying fuel types and incentive programs.  

According to the RPS mandate, the utilities must replace some portion of their 

hydrocarbon based electricity with clean power sources, in an effort to reduce greenhouse 

gas emissions and other pollutants associated with burning hydrocarbons.  The 

independent utilities have to follow the government guidelines and bring the necessary 

changes in their means of power production. At the same time government provides 

benefits in the form of tax credits and subsidies to the power producers who produce 

electricity from renewable sources of power generation.  

In conjunction with the RPS there are emerging markets for renewable energy 

credits (RECs) where such credits can be bought and sold at the market exchanges.  

RECs, also called as tradable non tangible energy commodities in the United States, 

represent proof that 1 megawatt-hour (MWh) of electricity was generated from an 

eligible renewable energy resource (renewable electricity). The certificates can be sold 

and traded or bartered and the owner of REC can claim to have purchased renewable 

energy. We can also say that once the wind energy generated electricity is fed into the 

electrical grid (by mandate), the accompanying REC can then be sold on the open market. 

RECs are issued to the generating companies for each megawatt-hour of renewable 

electricity generation. These are further sold by the companies in the market to generate 
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revenue that would provide an extra incentive to invest in new wind generating capacity. 

Such market based incentives support government mandates for a growing fraction of 

electricity generation from renewable resources. Such factors bring a substantial change 

in the design and configuration of the electric mix of the region, where there is 

incremental penetration of renewable resources of power generation, in the already 

existing strong hold of fossil fuels. Such a situation necessitates an empirical exploration 

of the changes brewing up within the power structure and their effect on the power 

system. 

In order to promote renewable energy, RPS program was launched in Texas in the 

year 1999, and since then there had been joint efforts by the PUCT (Public Utility 

Commission of Texas) and the Electric Reliability Council of Texas (ERCOT) to increase 

power generation from alternative renewable energy sources in the state. ERCOT is the 

independent system operator in Texas and it ensures transmission of power and maintains 

a reliable electric grid. The most amazing part is that the state of Texas had emerged as a 

leader in wind power, with significant renewable energy generation from wind. World’s 

largest wind farm “Roscoe wind farm” rests on the soil of Texas. The state of Texas in 

US has abundant wind resources and therefore wind energy establishments have grown 

by leaps and bounds. The state is the highest wind energy producer in US and targets to 

achieve 15000 MW of wind energy generation by 2015 (PUCT). The recent 

technological advancements have led to production of efficient and powerful wind 

turbines that have high energy efficiency. Still the variability in wind resource, scarcity of 

an efficient network of transmission lines, declining prices of natural gas and the 

financial crisis of 2008 had broken the back of investor confidence and all these factors 

present a huge stumbling block to the growth of wind energy in the state and in the whole 

of US. Other sources of renewable energy like solar, geothermal, biomass, ocean wave 

and tidal have also been exploited and harvested successfully and fed to the domestic 

grid. In Texas region, ERCOT manages the flow of electric power to 23 million Texas 

customers - representing 85 percent of the state's electric load and 75 percent of the Texas 

land area (the area shown in blue in figure 1.1). Figure 1.2 presents the power generation 

fuel mix of ERCOT for the year 2011 (Planning and Operations Information Website, 
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ERCOT). As the independent system operator for the region, ERCOT schedules power 

on an electric grid that connects 40,500 miles of transmission lines and more than 550 

generation units. We found that the fuel mix generated by ERCOT constitutes of electric 

power produced from coal, natural gas, nuclear, hydro, wind, solar, and biomass. 

 

 

Figure.1.1 The blue shaded region is the area under ERCOT in Texas 

                    

Figure.1.2: Generation Fuel Mix for 2011 Energy 
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The wind power industry in Texas had been rapidly growing. Texas, with its 

multitude of wind farms and a total installed name plate capacity of 10,337 MW has been 

producing the most wind power of any U.S. state (AWEA 2010). The electricity market 

in Texas had undergone significant changes with the inclusion of renewable sources of 

energy, especially wind into the generation fuel mix. The installed wind capacity 

continues to expand at a higher rate as a result of declining costs due to technical 

improvements, various government subsidies and tax credits, RPS, REC’s and its 

reputation as a cost effective renewable energy resource. Penetration of renewable 

sources of power generation into the electrical grid changes the proportion and share of 

various other fossil fuel sources. Such transitions affect the price of electricity and related 

carbon emissions from various fossil fuel generators. This dynamic scenario makes an 

interesting case to study the pattern of either growth or decay of various sources of power 

generation in the electrical grid of ERCOT. Interesting predictions could be generated 

about the future behavior of various energy sources after carefully studying their past. 

Effect of various government policy measures on the evolution of various energy sources 

in the electricity grid could be traced. Moreover, in order to make informed decisions 

about financing and investing in new energy projects, there is need to have a better 

knowledge of what drives the electricity demand and how future demand would evolve. 

Therefore, we felt the need to examine this changing structure of the power 

system in Texas. In our study, we assumed that the electric power produced from various 

sources of power generation like coal, natural gas, hydro, nuclear, wind, solar, and 

biomass ought to have some internal structure that needs to be accounted for. The internal 

structure could be the presence of trends, autocorrelation, seasonal variation, cycles etc. 

that represent the dynamics of the true underlying system. Therefore, time series analysis 

could be conducted with an intention to discern the behavioral pattern of the time series, 

which would help in short term forecasting and aid in making business decisions.  

There are dynamic relationships that exist among the sources of power generation. 

Based upon the availability of power resources a suitable electric power mix is generated 

to fulfill the power demand in the region. The cost of the fuel, transportation costs, 

availability and abundance of renewable and nonrenewable resources of power 
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generation within a region, government policies (RPS, carbon tax) etc. tend to determine 

the share of different ingredients in the power generation fuel mix. Various other factors 

like demand for electric power in the region, increased penetration of renewable energy 

into the electric grid, carbon emissions from fossil fuel sources, fixed and variable 

operating and maintenance costs of generators along with their installation costs, 

technological advancements and innovations etc., determine the present and future path 

of various series. All the fluctuations, movements, and changes in various series are 

caused by an underlying state of the system that is unobservable.  The state of this system 

could be directly affected by the above listed factors. That unobservable state would 

comprise of various unobservable components like trend, season, cycle, and irregular 

component that embed within themselves, the effect of one or more of the above stated 

factors. The unobserved components render themselves in the evolution of the time series 

that represent the share of different sources of power generation in the total electric 

power mix.  

 

Figure.1.3 Cyclic production pattern for gas resource 
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There ought to exist variations in the power production and consumption pattern 

based upon the given time of the year, season of the year, day of the week, hour of the 

day etc. These factors lead to changes in the power produced from a particular resource, 

say, for example natural gas. When we plot a graph of the share of power produced from 

natural gas and coal over a period of five years (2007-2011), then we may see that all 

these changes appear as increase or decrease in trend which may have a pronounced level 

and slope and a more or less recurring pattern or consistent periodic pattern in the time 

series because of the presence of seasonality and some long term patterns which may be 

indicative of some cycles (see figure 1.3 and figure 1.4). 

 

Figure.1.4 Production pattern for coal, exhibiting an unsystematic and a distorted seasonal pattern with 
greater variability towards the end.  
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may enable the independent utility owners and power providers and distributors to plan 

for the amount of power production necessary to fulfill the demands of the region and 

even determine future investment in the right kind of electric power generator either 

renewable or nonrenewable.  

1.1 Problem Statement 

The electricity markets throughout the world are unleashing a phenomenal change 

in their electric portfolio. Less dependence on fossil fuels and greater use of renewable 

energy is changing the entire power landscape. With large scale wind investments made 

in Texas, it is peremptory that power structure will register significant transformations. 

Fluctuations in wind result in increased ramping-up and ramping-down of base load 

generators and more frequent start and stops in the case of peak load generators, leading 

to increased operating and maintenance costs and significant variations in the 

configuration of generation fuel mix. Large amounts of spinning reserves in base load 

(coal-fired) generators are required to cover any unforeseen fluctuations in wind (Benitez 

and Kooten 2008). Such incremental changes in design of the power system with gradual 

integration and penetration of renewable energy into the electric gird will alter the 

evolution of the power produced from various sources.     

Prediction of electricity demand is vital for the development of any model for 

electricity planning (Trapero and Pedregal 2009).  Therefore there is a strong need to 

understand the evolution, growth and emergence of power generated from various 

sources (renewable and nonrenewable). The ERCOT electricity market operating within 

the state of Texas provides a congenial environment to undertake this study. The state has 

an exceptionally high demand for electricity among all states in US and had emerged as a 

leader in wind energy.  

Lack of direct availability of data with regard to prices of fuel, fixed costs, 

operating and maintenance costs of individual generators and electricity providers, 

necessitates the decomposition of the available time series into its specific components to 

understand the effect of various internal and external factors. Internal factors could 

comprise of costs of fossil fuels and raw materials for generators, efficiency levels of 
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various generators, associated carbon emissions, cost of disposal treatment plants etc. The 

external factors could comprise of renewable portfolio standards set by the state 

governments, provision of tax credits and subsidies by the federal and the state 

governments, increase in demand for electric power in the region, technological 

breakthroughs in the design of generators affecting the  efficiency levels, and the price of 

REC’s. Most of these factors have a strong influence on the development of the power 

system in the region. The configuration of the generation fuel mix in the diversified state 

electric portfolio is based upon these factors. These factors manifest in the structural 

growth, transformation, morphing and mutation of various series.  

If we can explicitly model each of the unobserved components as an underlying 

latent variable, then we will be able to generate reliable forecasts for the power system. In 

nut shell, by modeling the true underlying structure of the system using the unobserved 

component model we may be able to make good predictions for the future pertaining to 

the generation fuel mix in the region. Alternate time series modeling techniques based on 

Box Jenkins methodology may be used to model and forecast the time series. 

There are patterns of dependence and cross-correlations between the various 

series. For example a superior combined cycle gas turbine technology with lesser amount 

of carbon emissions is making natural gas a preferred source for power generation and is 

therefore replacing or substituting other sources.  At the same time, government mandates 

like the renewable portfolio standards, which are  well complimented and supported by 

an array of tax credits and subsidies is providing a tremendous boost to adoption and 

inclusion of renewable energy sources, especially wind and solar into the electrical grid. 

However, what’s most ironic about this government policy is the fact that these 

renewable sources of energy are highly unreliable, unpredictable, and uncertain and their 

penetration into the grid makes it really unstable.  Efforts to annihilate this instability has 

brought forth an increased dependence and an unwelcome reliance on fossil fuel sources 

like coal and gas in the form of spinning reserves, thereby challenging the very benefits 

of renewable energy penetration. As such, the higher motive of environmental protection 

by lesser reliance on fossil fuel sources is inexorably defeated. 
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Therefore, a time series analysis technique would strongly aid towards 

understanding the current power pattern and simultaneously unleash accurate and reliable 

predictions for the future, which would help in envisioning and understanding the 

benefits of various government policies. It will be interesting to see how the penetration 

of renewable energy into the electricity grid will change the proportion of power 

produced from various other sources. Interesting causal relationships can be determined 

based upon the interaction among the various sources and moreover the effect of a 

change in output of one source on the other can be gauged suitably. Such predictions can 

help the power producers to plan for the allocation of suitable shares to all competing 

sources of power generation. The effect of government intervention through the provision 

of tax credits and subsidies for the renewable energy sector could benefit the investors in 

deciding the amount of investment to be made towards alternative sources of energy and 

simultaneously determine the duration and feasibility of returns from the intended 

investment. Such a time series analysis is pivotal for understanding the behavior of all 

participating series over a period of time. Any changes that exist in a given series or a set 

of series at specific points on time line will shed light on the factors that are responsible 

and their degree of effect on individual series. Such factors are usually a part of the 

distinguishing components of a time series like trend with a level and slope, seasonal 

effects and cycles.  

We need to understand the nature of the phenomenon represented by the sequence 

of observations and moreover we need to predict the future values of the amount of 

power produced from various sources. We need to understand the pattern of the observed 

time series. We can extrapolate the identified pattern to predict future events. Since, our 

choices are directed by our anticipation of results therefore forecasts are required for 

making strategic decisions under uncertainty. Recessions and booms within an economy 

seem to affect the demand for electric power in the sense that during economic booms 

more industrial and entrepreneurial establishments come up, and ensuing spur in 

investments followed by an inflow of human and material capital would ultimately lead 

to greater demand for electric power. Swings in demand for electric power may represent 

an underlying seasonality that arises from changes in residential power consumption and 
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changes in industrial power consumption during winter and summer season. The changes 

may also be because of some random variations. Given all these considerations we may 

formalize the objectives of the study as follows: 

1.2 Objectives 

1. To study the evolutionary behavior of the time series by identifying their true 
underlying structure consisting of level, slope, seasonal and cyclic patterns. 

2. To make short term forecasts. 

3. To determine the dynamic inter relationships, pattern of substitution and the 
causal relationships between the different sources of power production. 

4. To study the effects of renewable energy penetration on the configuration of fossil 
fuel resources in the total electric mix. 

5. To evaluate and compare the forecasts obtained from Box Jenkins and Harvey’s 
structural time series models 
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CHAPTER 2 

REVIEW OF LITERATURE 

The purpose of this literature review is twofold. In the first section an effort has 

been made to apprise the reader of the changes that have taken place in the electricity 

markets following the deregulation, global climate change, energy security issues, and 

environmental concerns. On the international platform numerous measures are being 

taken jointly so as to curb the level of carbon emissions in order to mitigate the effect of 

greenhouse gases. Such rapid changes have changed the electric portfolio of the 

participating markets. The portfolio of the generation fuel mix in various electricity 

markets is becoming more and more diversified with a bigger share of renewable 

resources of energy in the electric mix. Technological advancements are increasing the 

efficiency levels of generators and increasing the competition among alternative fuels. 

Greater renewable energy penetration into the electric grid had brought about a stringent 

dynamism in the evolution and share of fossil fuel sources in the electric mix. Such 

changes have affected the production pattern of the power system. Renewable sources of 

power generation are still in their juvenile stage and rely completely on government 

support to thrive the competition posed by free markets. The government support is 

posing a significant burden on the tax payer. Moreover there is a lot of uncertainty, 

unpredictability, unreliability, and unfathomed variability associated with the renewable 

technologies. Such a situation demands further dependence on fossil fuel sources to 

counteract the instability generated in the power system from the inclusion of renewable 

resources.  

Most of the studies discussed in the first section tend to examine the repercussions 

of penetration of alternative sources of energy into the electric gird. There are 

ramifications, germinating and sprouting from the changes that have come into the 

electric market, in which fossil fuel sources had a strong hold for a number of years. The 

time series analysis will aid in understanding the current alignment among the competing 

sources and forecasts generated from a reliable model will help in tracking path of their 

future growth. 
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2.1 Changing landscape of electricity markets and effects of renewable energy 

penetration  

Arent, Wise and Gelman (2011) study the current status of renewable energy 

technology markets and economics and also highlighted the key issues that were required 

for the renewable energy technologies to meet a greater share of the renewable energy 

requirements. Multiple metrics like installed capacity, energy generation and primary 

energy share were used for energy. Continued innovation of renewable energy 

technologies will reduce the wide gap that exists between the cost of fossil fuel 

alternatives and renewable energy sources. Improved storage techniques and dynamic 

load management apparatus shall make renewable energy a viable alternative. CO2 

legislation and agreements that will set a limit on the amount of carbon emissions will 

pave the way for growth of renewable energy technologies. Energy system models and 

integrated assessment models will help in better cost benefit analysis of renewable energy 

technologies and fossil fuel alternatives. 

Tsao, Campbell and Yihsu (2011) use both analytical and computational model to 

study the interaction of renewable portfolio standard (RPS) and cap and trade (C&T) 

policies. They found that stringency of one policy weakened the market signal created by 

the other policy. Moreover both policies affected the fuel specific profit differently. For 

example lowering the CO2 cap benefitted the natural gas units but penalized renewables 

by reduction in the subsidies received through REC sales. On the other hand increasing 

the RPS requirement benefitted coal and oil units but made natural gas units worse off. 

Moreover with an increase in the RPS requirement the CO2 emission intensity increased. 

Zarnikau (2011) study Texas policy initiatives like renewable energy goals, 

renewable energy credit trading program and the designation of competitive renewable 

energy zones along with the impact of wind energy on the state’s primary electricity 

market. They found that the wind generation expansion had a negative effect on the 

state’s electric reliability and cost. They found that it would be an expensive strategy to 

support wind generation with the sole reason of reducing carbon emissions. They found 

that reduction in carbon emissions would be less since wind power mainly displaced 
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generation from natural gas. They found that reducing CO2 emissions through wind 

generation would cost $116 per metric ton of reduction. A reduction in cost of generating 

electricity from solar and geothermal resources would help in this situation. They found 

that investments in high levels of wind power would not provide a least cost solution to 

meet growing electricity demand and reduce the greenhouse gas emissions. A high level 

of wind energy at this stage demands transmissions upgrades and higher levels of 

operating reserves.  

Carley (2011a) try to study the overlap between the energy portfolio policies and 

the climate policies and found that when implemented together, both had the potential to 

reduce GHG emissions. They studied the effect of state energy policy portfolios as an 

effective decarbonization strategy in a dynamic modeling environment versus a national 

level carbon tax or permit.  Moreover, they modeled energy policy instruments or 

portfolios at the state level and tracked the dynamics among and between states. They 

used an electricity dispatch optimization model to test various policy scenarios and 

simulate short term resource dispatch based on competitive wholesale electricity market 

prices and also performed long term capacity expansion modeling. Tax incentives 

reduced the cost of renewable energy and, thereby, made renewable resources more cost-

competitive with conventional fossil fuel resources. An RPS policy required that a 

minimum level of either state’s overall electricity generating capacity or its retail sales 

must come from renewable energy. RPS policy lead to reduction in total carbon dioxide 

emissions forced the retirement of some natural gas plants and displaced new natural gas 

capacity, since both natural gas and wind served intermediate loads. Carbon capture and 

storage (CCS) policy removed the regulatory barriers to CCS deployment and defined 

legal framework that monitored and regulated CCS developments. They found that the 

cost effectiveness of state decarbonization policies could be improved with efforts to 

coordinate energy and climate policy action across state borders, via either state 

partnership agreements or regional policy coordination. Further factors like state’s 

demand growth, resource mix, and export import strategy would affect the regional 

policy coordination. It was found that it was necessary for all the surrounding states to 

outline and follow similar energy policy portfolios in order to achieve the desired carbon 
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mitigation. It was found that both the policy options of having an energy policy portfolio 

and a carbon price were essential to reduce the carbon emissions and neither was as 

effective alone as when the two strategies were combined. 

Carley (2011b) study various potential factors that would contribute towards 

putting the U.S. electricity sector on a path towards escaping carbon lock-in and how 

these factors had contributed to a series of changes in the electricity sector. The current 

electricity markets are relying heavily on fossil fuel intensive electricity generation and 

consumption. The trends indicated the industry being on a route towards escaping lock-

in. Mechanisms like technological-institutional interactions could trigger the escape from 

a carbon lock in. Since the timeline for the escape from the carbon lock in could not be 

ascertained therefore it could not be established as to when the electricity sector would 

break from its carbon intensive quasi-equilibrium before the onset of any significant 

climate disturbances. 

Most and Fichtner (2010) study the cost effects and evolution of renewable 

energy production in European electricity supply. They assessed the potential 

contribution of renewable energy to the European power supply and also its interactions 

with the existing power generation. They found that even amidst CO2 restrictions and 

financial incentives a very small amount of renewable resources could become favorable 

economic solution.  

Hiroux and Saguan (2010) find that with an increasing share of wind energy in the 

energy mix, there is a rise in the wind integration costs which has a big impact on both 

power system and electricity markets. They evaluated the wind power support schemes 

and market designs under the presence of large scale wind energy in Europe. They found 

that due to the lack of short run responsiveness, exposing wind power technology to 

market signals would not have considerable benefits.  The total revenue of wind power 

producers had maximum volatility under the green certificates or the renewable energy 

credits as compared to the feed in tariff and premium.  

Carley (2009) study the linkage between the state RPS policy implementation and 

the percentage of renewable electricity generation across states. She studied the state 
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energy policy making in U.S., especially the relationship between the state policy 

incentives and renewable energy deployment and also the effectiveness of the state 

renewable energy policy innovation in the wake of climate change.  Policies like RPS had 

emerged, out of substantial fears of ramifications of global warming and an over reliance 

on foreign fossil fuels. Therefore, the main objectives of the state energy policy had been 

to diversify the generation fuel mix, increase renewable energy deployment, reduce 

reliance on fossil fuels, make the renewable energy sources cost competitive with 

conventional energy sources, and reduce carbon emissions. For this analysis a fixed effect 

vector decomposition model was used. It was found that the states with RPS policies do 

not have statistically higher rates of renewable energy share deployment than the states 

without RPS policies, holding all else constant. It was found that the RPS policies would 

be more effective if implemented in conjunction with cap-and-trade mechanisms. To find 

the causal effect of an RPS policy for a state they used the state fixed effects model and 

also a fixed effects vector decomposition model. They found that an additional subsidy 

policy had a positive and significant association with RE share of electricity and an 

additional tax incentive program had a negative and significant association with the RE 

share of electricity. This might be due to subsidies attracting larger RE system owners, 

while tax incentives attracting homeowners and other micro-generation or distributive 

generation owners that made up a tiny fraction of total RE generation. They found that 

the states with RPS policies do not have statistically higher rates of RE share deployment 

than the states without RPS policies, holding all else constant. Based on the collective 

results of all sets of models, one could infer that RPS policies are to date effectively 

encouraging total RE investment and deployment but not effectively increasing the 

percentage of RE generation in- states’ electricity portfolios. They even found that the 

state level political and environmental institutional factors were effective determinants of 

a state’s share of RE electricity.  

Sovacool (2009) find that the impediments to renewable power in United States 

were socio-technical which covers technological, social, political, regulatory, and cultural 

aspects of electricity supply and use. They found that the existing electricity landscape in 

the US was prone to multiple and interrelated market failures and failed to create 
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incentives for consumers and businesses to invest in cost-effective renewable power 

technologies.  There had been inconsistency among the states in US about what counts as 

renewable energy, when it has to come online, how large it has to be, where it must be 

delivered, and how it must be traded.  There was a need for changing regulations, 

preventing market failure, providing price signals, increasing public understanding of 

energy systems and challenging entrenched utility practices.  

Blanco (2009) conduct a study regarding the generation costs of wind energy 

projects in Europe and the factors that influenced them and the reasons behind recent 

increase and future evolution. The onshore wind energy generation cost was between 4.5 

and 8.7 euro cents/kWh   and the offshore wind energy generation cost was estimated at 6 

to 11.1 euro cents/kWh. The generation costs of wind energy had increased by 20% in the 

past 3 years, driven by a combination of rising prices of key raw materials and an 

unexpected surge in the demand for wind turbines, following the approval of favorable 

support policies in large markets like the US, China and a second round of European 

member states. 

Welch and Venkateswaran (2009) employ a capital budgeting framework to 

evaluate the financial economics of investments in wind energy using proprietary data 

from field research. They found that because of the convergence of improved technology 

and, greater efficiency, with the increasing costs of traditional competing sources such as 

oil and natural gas, wind energy was close to becoming self-sustaining financially 

without the extensive federal government support that existed today. Technology 

advances in wind energy had been dramatic, reducing costs from 30 cents per kWh in 

1980 to the 3-5 cent range today. Power rating of the largest turbines had increased from 

55 kW in 1980 to 4.5 MW in 2005. Although turbines larger than 2MW were available, 

clustering 100 of them together for 200MW was generally at the upper limit of what 

transmission interconnection to the grid could allow without costly upgrades. They also 

found that lowering the capital cost was one of the keys to ensuring the financial viability 

of a private wind farm investment, a subsidy for capital expenditure rather than a 

production tax credit could be considered. They also concluded that a subsidy of $400 per 

kw of capacity, bringing the effective capital cost down to $1200 per kw from $1600 per 
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kw, would be sufficient to make the investment break even without the production tax 

credit. 

Benitez et al. (2008) evaluate tradeoffs from increasing levels of wind 

penetration, costs of reducing CO2 emissions, and assessed the economic impact of 

introducing wind power into electrical grid of Alberta Electric System Operator. They 

constructed a nonlinear constrained optimization program of an electrical grid that 

accounted for fossil fuel power plants, wind power, hydro power and pumped storage and 

searched for best possible allocation of energy across generators and the optimum 

management of reservoir volumes and water flows within the pumped storage system. 

They determined how different power plants need to adjust their operations to offset 

variability in the availability of wind power. To evaluate the impact of increasing wind 

penetration in Alberta, they modeled three scenarios (base (without wind) scenario, 

moderate (medium) wind penetration scenario, high wind penetration scenario) with 

different rates of wind penetration and coal fired generators progressively replaced by 

wind farms. They estimated the energy dispatched from the power generators in each 

scenario, the peak capacity requirements, and net costs of wind penetration. They tested 

the effect of enhancing the hydro generator and adding a pumped storage system to the 

electrical grid when there was abundant wind generating capacity. Empirical results 

showed that increase in wind penetration created imbalance in the system and had to be 

countered with increase in back up capacity that led to high system costs. The peak load 

generator raised the cost of reducing greenhouse gas emissions. Electrical grids that are 

more dependent on hydropower are better able to integrate intermittent wind.  

Bird et al. (2008) study the use of renewable energy certificates and emissions 

benefits claims in multiple markets amidst increased carbon regulation that has come 

through carbon cap and trade programs. Such programs had led to an increase in the cost 

of fossil fuel generation. Policies had been explored that lead to joint functioning of 

carbon and renewable energy markets. They observed that allocation of allowances either 

through a set aside or output based allocation to the renewable energy generators was a 

possible way to credit renewable generation with the emissions benefits they provided. 

There emerged a difference in the set of policy options designed for voluntary renewable 
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energy markets and the renewable energy generators. Credible and consistent voluntary 

renewable energy markets could provide a convenient mechanism for consumers to affect 

the impacts of their electricity consumption today.  

Maddaloni, Rowe and Kooten (2008) use a load balance model to quantify the 

economic and environmental effects of integrating wind power into three typical 

generation mixtures. System operating costs were minimized for a range of wind 

penetrations. Results indicated an increase by 83% to 280% at a wind penetration of 

100% of peak demand. System emissions decrease by 13%-32% at a wind penetration of 

100%. This led to emission abatement costs in the range of $1300/ton- CO2e for hydro 

dominated mixtures, $240/ton-CO2e for coal dominated mixtures, and $215/ton- CO2e for 

natural gas dominated mixtures. 

Palmer and Burtraw (2005) find that a renewable portfolio standard (RPS) had an 

effect on reducing the gas fired generation, but at the same time led to an increase in the 

electricity prices. Higher prices for fossils like natural gas lowered the cost of greater 

reliance on renewables. They found that a RPS was more effective towards increasing 

renewables and reducing carbon emissions, than a renewable energy production tax 

credit. But overall it was the cap-and-trade policy that was the most cost effective for 

achieving carbon emission reductions. However, U.S. policymakers have not embraced a 

direct tax on carbon emissions or a cap and trade approach, as a means of controlling 

greenhouse gas emissions. They analyzed the effects of two leading government policies 

namely renewable energy production credit (REPC) and a renewables portfolio standard 

(RPS) on costs, utility investment decisions, the mix of technologies and fuels used to 

generate electricity, and on renewable generation by region. They also focused on a 

policy aimed at reducing CO2 emissions    called the carbon cap and trade program that 

used an updating approach to allocation of emission allowances to reward generation 

from relatively clean technologies. They also observed that how electricity prices and 

carbon emissions from generators were affected by these two policies. The two policies 

were designed to increase the contribution of renewables to total US electricity supply. 

REPC envisages tax credits for certain types of renewables whereas RPS dictates that a 

minimum percentage of the electricity produced or sold in the state must come from 
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renewable sources, typically excluding hydroelectric facilities. They found that RPS 

policy was more cost-effective than REPC both for increasing renewables and reducing 

carbon emissions. They also found that a direct tax on carbon emissions was more 

effective at reducing carbon emissions than an RPS which encouraged renewables only at 

the expense of natural gas. They used the Haiku electricity model to calculate electricity 

demand, electricity prices, and composition of electricity supply, inter regional electricity 

trading activity, and emissions of key pollutants. They found that in comparison to 

carbon cap coupled with updating allocation of emission allowances, RPS policies were 

more cost effective in achieving renewable penetration in the market. However for an 

exclusive reduction in carbon emissions a carbon cap with broad based allowance 

distribution was a more cost effective policy.  

Liu, Kooten and Pitt (2005) analyze the efficiency of wind power in an electrical 

grid, finding that wind brought additional variability or randomness. With low wind 

penetrability, the nuclear power plant still ran at full capacity, coal use was slightly 

reduced, and the gas plant easily covered any variability between demand and output 

from the other generators.  As wind penetrability increased, the effective demand for 

power, defined as the difference between actual demand for electricity and that supplied 

by wind, became increasingly variable. With moderate and high levels of wind power 

available to the system, cost of operating thermal power plants increased and benefits of 

reducing CO2 emissions were mitigated. It was simply not possible to ramp up or ramp 

down production in conventional power plants quickly enough to take into account the 

variability in power supply from the renewable source. As the name plate capacity of a 

wind farm increased, the coal plant experienced periods where net returns were negative. 

Sims, Rogner and Gregory (2003) conduct a study to compare the electricity 

generation costs of a number of current commercial technologies with technologies 

expected to become commercial within the coming decade or so. The amount of 

greenhouse gas emissions resulting from per kWh of electricity generated was evaluated. 

They assessed the comparative costs of mitigation per ton of carbon emissions avoided, 

and estimated the total amount of carbon mitigation that could result from the global 

electricity sector by 2010 and 2020 as a result of fuel switching, carbon dioxide 
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sequestration and the greater uptake of renewable energy. Most technologies showed 

potential to reduce both generating costs and carbon emission avoidance by 2020 with the 

exception of solar power and carbon dioxide sequestration. The global electricity industry 

had potential to reduce its carbon emissions by over 15% by 2020 together with cost 

saving benefits compared with existing generation. They found that in high wind areas, 

wind power was competitive with other forms of electricity generation at between 3 and 5 

c/kWh. The global average price was expected to drop to 2.7-3 c/kWh by around 2020 

due to economies of scale from mass production and improved turbine designs. They 

estimated that installed costs would fall from $1000 to $635/kw and operating costs 

would fall from 0.01c/kwh to 0.005 c/kwh (EPRI/DOE, 1997). They found that wind 

power could be competitive with conventional coal and gas power generation at sites 

with high mean annual speeds of 9-10m/s. They found that the global electricity sector 

had the potential to lower its carbon emission reductions by between 1.5-4.7% by 2010 

and 8.7-18.7% by 2020. 

Wiser et al. (1998) study the potential threats and opportunities that electricity 

restructuring presented to the development of renewable energy in California. There was 

a need felt for renewable energy and environmental proponents to work cohesively in 

portraying a clear rationale for continued support of renewables. Cost containment and 

competitive neutrality were important for designing renewable energy policy. It was 

found that a renewable portfolio standard (RPS) was poorly suited for promoting less 

mature and higher cost technologies.  

2.2 Review of various econometric time series techniques used to analyze high 

frequency electricity demand data 

In this section an effort has been made to present the time series tools and 

techniques that have been used by various researchers over a period of time to model and 

forecast the electric load. This review informed us about the accuracy and efficiency 

levels of various available techniques to understand the dynamic structure of electric load 

series. Researchers have used a wide range of Box Jenkins techniques, Harvey’s 

structural modeling approach, and artificial intelligence measures like the neural 
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networks etc. to gauge the behavior pattern of the time series of electricity demand in 

various electricity markets. 

Dilaver and Hunt (2011a) apply the structural time series methodology to model 

Turkish industrial electricity demand, and to estimate the key output and price elasticities, 

and to produce scenarios for the future industrial electricity demand. They focused on the 

economic and exogenous factors that drove the industrial electricity demand and 

investigated the relationship between industrial electricity consumption, price, output, 

and an underlying energy demand trend. For this they investigated the relationship 

between Turkish industrial electricity consumption, industrial value added (output) and 

electricity prices. Such an econometric modeling of energy behavior helps policy makers 

better understand possible future outcomes and opportunities, develop and evaluate 

appropriate energy policies and strategies in order to achieve energy security.  In the 

structural approach the dependent variable was decomposed into the impact of the 

explanatory variables plus trend and irregular components. Three scenarios of forecasted 

electricity demand were implemented namely low, reference and high case. In the 

reference scenario a 1% per annum increase in electricity price was assumed. The annual 

change in the energy using behavior was found to increase at a decreasing rate throughout 

the forecast period. In low case scenario a 2% per annum increase in electricity price was 

assumed. The exogenous energy using electricity demand was found to increase along the 

forecast period with some offsets caused by the improvement in energy efficiency. In the 

high case scenario the electricity price was assumed to increase 0.5% per year over the 

period 2010 to 2020.  The exogenous energy using behavior for the Turkish industrial 

electricity demand was found to increase at an even greater pace.  Turkish industrial 

electricity demand was predicted to be 97, 121, and 148 TWH by 2020 according to the 

low, reference and high case scenarios respectively. It was found that a methodology that 

incorporates a stochastic underlying energy demand trend, structural changes and breaks 

in energy consumption behavior and explicitly models the price and output effects should 

produce more reliable forecasts. The electricity demand had been increasing but at a 

diminishing rate with a significant structural change in 1981 when the first planned 

energy conservation activities were implemented. A combination of maximum likelihood 
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and Kalman Filtering was used to obtain the smoothed estimates of the level and slope 

disturbances. The level and slope interventions were used to get information about 

important breaks and structural changes at certain dates in the energy consumption 

behavior during the estimation period. More reliable forecasts were generated by taking 

into account the impact of the previous shocks in addition to explicitly modeling the price 

and output effects.  

Lotz (2011) study the evolution of price and income elasticity of electricity 

demand in South Africa during the period 1980-2005 using the Kalman Filter. A state 

space model was applied with stochastically time varying parameters to a linear 

regression in which coefficients representing price elasticity and income elasticity were 

allowed to change over time. In this study the price elasticity was assumed to evolve over 

the years unlike it being assumed to remain constant in earlier studies. Allowing the price 

sensitivity to change over time would capture the changes in economic conditions as well 

as developments in the electricity market.  The estimated parameters or the coefficients 

were allowed to vary stochastically over time or in other words the regressions were 

estimated with variables whose impact varied over time (Kalman Filter methodology).  

The time varying coefficients evolved through time according to a random walk process. 

Parameter instability was checked by performing various tests (Hansen test) that would 

ultimately confirm or reject the assumption of time varying price and income elasticities. 

Kalman filter was supposed to estimate the internal state of the linear dynamic system 

from a series of noisy measurements. They found that income was not seriously affecting 

the electricity consumption in 1980s (low income elasticity) whereas in 1990s even a 

small change in income had a huge impact on the electricity demand (income elasticity 

close to 1). In 1980s higher prices corresponded to higher price sensitivity of the 

consumers to changes in prices.  However since 1990s, price had not played a significant 

role in the increase of electricity consumption (inelastic demand). 

Dilaver and Hunt (2011b) model and forecast Turkish residential electricity 

demand. They use the structural time series methodology popularized by Harvey et al. 

(1986), Harvey (1989) to model the past residential electricity demand and for 

forecasting Turkey’s future residential electricity consumption.  In such models the 
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explanatory variables were a function of time and the parameters changed over time. 

Stochastic trend was used so as to determine the structural changes in time series. The 

unobserved components were estimated using the forward Kalman Filter and the 

backward Kalman smoother (Kalman 1960). They found the short and long run income 

and expenditure elasticities and also the impact of technical progress on electricity 

demand. They investigated the relationship between residential electricity consumption 

and economic variables and predicted the future residential electricity demand. They used 

real electricity price data rather than the general electricity price index and used total final 

expenditure rather than gross national product. They estimated the household total final 

consumption expenditure, real energy prices and an underlying energy demand trend, 

since these were the key drivers of both past and future of Turkish residential electricity 

demand. The underlying energy demand trend provided information about the impact of 

past policies, the influence of technical progress, the impact of changes in consumer 

behavior (consumer tastes and preferences)and the effect of changes in the economic 

structure , demographic and social structures,  environmental regulations, and energy 

efficiency regulations. They took account of the impact of economic activity and its 

interaction with electricity demand. In this study they were able to identify, quantify and 

understand the main drivers of Turkish residential electricity demand, which would 

ultimately enable the policy makers to take prudent investment decisions for the 

electricity sector.  

Trapero and Pedregal (2009) use unobserved component models in a state space 

framework to produce short term (1 to 24 h ahead) forecasts of hourly prices and load 

demand of electricity market time series, sampled hourly. Therefore, the data that they 

used was a rapidly sampled data. The models were estimated in the frequency domain. 

The advantage of using the frequency domain was that both the empirical spectrum of the 

data and the linear terms of the model spectrum were to be estimated just once, thereby 

yielding a much faster estimation. There is a natural formal translation of maximum 

likelihood in time domain into the frequency domain based on Fourier transform which 

converts serial correlation into heteroskedasticity. The estimation of the state of the 

system and forecasting were carried out using the Kalman Filter and the Fixed Interval 
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Smoothing algorithm. These two procedures gave the optimal estimates (minimum mean 

squared error) of the first and the second order moments of the state vector. Daily cycle 

was estimated by adding up the seasonal sub components corresponding to the daily 

frequency and its harmonics. Weekly cycle was found by summing up the weekly 

periodic term and all the harmonics not included in the daily cycle. The hyper- 

parameters were the noise variances and the innovations (irregular) variance. Given the 

multiple seasonality time series, using the frequency domain method provided the 

framework in which the high number of hyper-parameters to be estimated was associated 

to different peaks, to facilitate their estimation. This was unlike the maximum likelihood 

estimation using the prediction error decomposition, where the likelihood surface could 

have been flat or multimodal around the optimum, given the high number of parameters 

to be estimated. The frequency domain methods outperformed the ARIMA model for 

longer time horizons, where the maximum likelihood and spectral fit achieved a similar 

performance. The ARIMA approach had a greater dispersion than the frequency domain 

methods. The spectral fit approach outperformed the maximum likelihood and ARIMA 

alternatives for a forecast horizon of 24 h. The maximum likelihood technique achieved 

the lowest errors for forecast horizons less than 8 h, while ARIMA models produced the 

worst forecasts for horizons longer than 4 h. The spectral fit approach produced the best 

predictions for time horizons greater than 8 h. Nevertheless, the ARIMA approach was 

more accurate than the spectral fit approach for very short forecast horizons. Maximum 

likelihood in the frequency domain was the best option regardless of the forecast horizon. 

Sumer et al. (2009) forecast the electricity demand using ARIMA, seasonal 

ARIMA (SARIMA) and regression model with seasonal latent variable and trend. The 

seasonal latent variable was used as a sequential dummy variable that expressed seasonal 

effects. The steps involved in the ARIMA modeling were identification, estimation, 

availability tests and forecasting. Seasonal differencing was used in addition to regular 

differencing SARIMA models. In ARIMA model selection, both multiplicative and 

additive moving average methods were applied to purify the seasonal effects from the 

series. The ACF and the PACF plots were investigated to find the suitable order for the 

AR and the MA parts of the model. The advantage of using the regression model with 
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seasonal latent variable was that, the structural breaks could be easily determined or taken 

into account in the model. Another advantage was that there was no need of taking the 

difference of the series and so there was no loss of the number of observations. The 

regression model with seasonal latent variable gave better results than Box-Jenkins 

methods (ARIMA, SARIMA). They found that the seasonally adjusted ARIMA model 

and the regression model with seasonal latent variable could be used as alternatives of 

SARIMA models for seasonal time series in forecasting the demand for electricity.  

Wang et al. (2009) do short term electricity demand forecasting for northeast 

China. They propose an easy and systematic method for selecting the lags of the variables 

and model parameters, which were further integrated with a moving average. They used 

moving averages and SVR (insensitive loss function support vector regress) to 

generate forecasts. Moving average helps in finding the underlying trend and thereafter 

removing or eliminating the seasonal variation. The remaining nonlinear fluctuations 

were handled by SVR that had predominant forecasting ability. The method greatly 

increased the prediction accuracy of random fluctuating sequences.  Economic variables 

and climatic conditions affected the electricity demand. 

Dordonnat et al. (2008) implement a multivariate linear Gaussian state space 

framework to forecast French national hourly electricity load. Kalman Filtering and 

associated algorithms were used to estimate the different components of the electricity 

load and to do short term forecasting and signal extraction. Kalman filtering technique 

helped to predict the state vector whereas the associated smoothing algorithms produced 

estimates of the state based on the whole sample. The model parameters were estimated 

by maximum likelihood. They developed a forecasting model based on an interpretable 

decomposition of electricity loads into a trend, time varying seasonal effects, calendar 

effects and weather dependent effects. The model was based on stochastically time 

varying processes that were designed to account for changes in customer behavior and in 

utility production efficiencies. Each equation in the model was associated with a specific 

hour and had different coefficients and different time varying processes. Different 

equations were related through the covariances between the disturbances that drove the 
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time varying processes. Cross correlation was allowed between the stochastic terms of 

the equations for the different hours of the day or in other words there was cross equation 

correlations in the innovations. In the study they had tried to examine the evolution of the 

effect of explanatory variables over a long period via the time varying structure of their 

model. The model consisted of components that represented stochastic trends, seasons at 

different levels (yearly, weekly, daily, special days and holidays), fixed and time varying 

regression effects, weather effects, including nonlinear functions for heating effects. The 

data set used was a time series length of nine years of national French hourly electricity 

load observations. The data had clear yearly patterns with a time varying nature. A 

multiple equation linear time varying parameter regression model had been used, with 

one equation for each hour to understand the possible causes of changing trends and 

seasonal patterns. They also discovered a yearly pattern in the effect of temperature 

which they partly modeled as a nonlinear heating effect. They used a simple univariate 

weekly random walk model as a benchmark in their forecast evaluation. In the hourly 

periodic model the disturbances associated with the stochastic processes for trend 

components and time varying regression coefficients for different hours were allowed to 

be correlated. The dynamic processes of the trend components and the time varying 

regression coefficients were represented by the vector markov process or the vector 

autoregressive process. EM algorithm was used to obtain good starting values. The 

variance matrices of the disturbances for the state and measurement equation were 

transformed such that they were always positive semi-definite and maximization took 

place without any constraints. Once the variance matrices were estimated, the Kalman 

Filter and smoothing algorithms were used for signal extraction and for drawing time 

series plots of the estimated trend components as well as the estimated time varying 

regression coefficients along with their standard errors. To produce forecasts, the data 

sample was extended with missing values, Kalman Filter was applied to this extended 

sample and forecasts were produced as by products. Based upon the parameter estimates 

the Kalman Filtering and smoothing algorithm was used to produce smoothed estimates 

of the state vector that contained the trend components and the time varying coefficients. 

Moreover, serially independent and normally distributed standard prediction errors are 
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obtained from the Kalman Filter. The linear multivariate periodic state space model had 

successfully captured all the structural dynamic features in the time series. They found 

that cooling effects had a smaller impact on the electricity load than heating effects. It 

was found that time varying and periodic regression effects were important in accurately 

forecasting hourly loads. It was concluded that a bivariate modeling approach with 

allowance for strong correlations between time varying regression effects for different 

hours, improved the general forecasting performance. Moreover, the innovations from the 

model mostly affected the short term dynamics. They were able to capture interesting 

trends and time varying regression coefficients and generate forecasting results for 1, 2 

and 3 days ahead.  

Pindoriya et al (2008) develop accurate short term forecasts of energy prices using 

an adaptive wavelet neural network. Such price forecasts are helpful for the market 

participants for developing bidding strategies and for making investment decisions. It was 

seen from the forecast results that adaptive wavelet neural network (AWNN) 

outperformed and had better forecasting properties than the fuzzy neural network on 

account of its property of modeling the non-stationary and high frequency signals.  

Moreover AWNN converges at a faster rate. Decisions like transmission expansion and 

enhancement, generation augmentation, distribution planning and regional energy trades 

are based on long term forecasts of electricity prices. The set of prices at lagged hours 

and the load demand at lagged hours based on sample autocorrelation function, sample 

partial autocorrelation function, sample cross correlation function were used as input 

features.  The features that affected the electricity price forecast were demand, supply, 

hydro generation availability, weather, network congestion, maintenance schedule, 

trading strategies, time index, etc. However neural networks suffer from weaknesses such 

as need of typical distributions, large number of controlling parameters, danger of over 

fitting, and no stable solution.  

Ediger and Akar (2007) use autoregressive integrated moving average and 

seasonal ARIMA methods to estimate the energy demand of turkey from 2005 to 2020. 

The consumption data for hard coal, lignite, asphaltite,  petrocoke, wood, animal and 

plant remains, oil, natural gas, hydropower, geothermal heat and electricity, and solar 
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cover the period between 1950 and 2004. Once the stationarity of the time series was 

established and there were no missing observations found, then the autocorrelation and 

the partial auto correlation functions were determined. Autoregressive (AR) process order 

was determined from the partial autocorrelation graph and similarly MA process order 

was determined from the autocorrelation graph. For the period between 1950 and 2004 

the rate of increases are 8.3% for oil, 7.3% for lignite, 4.3% for hard coal, 59.8% for 

natural gas, 0.7% for wood, 0.2% for plant and animal remains, 18.3% for hydropower, 

17.2% for petrocoke, 12.2% for geothermal heat, 32.6% for geothermal electricity, 29.0% 

for solar, and 259% for asphaltite and for the forecasted period between 2005 and 2020 

the rates are expected to be 1.6%, 1.3%, 5.1%, 6.8%, -1.2%, -1.8%, 1.7%, 4.2%, 2.2%, 

3.1%, 6.6%, 1.4%, and 3.3%, respectively. On the other hand, the average annual rate of 

total primary energy demand decreases from 4.9% between 1950 and 2005 to 3.3% 

between 2005 and 2020.  The decrease in the energy requirements could be achieved by 

significant structural shifts in the economy from agricultural to manufactural based one 

and from high to low energy-intensive sectors by scientific and technological 

advancements, and by a move from less efficient fuel to more efficient one. 

Pedregal and Young (2006) use a seasonal component model based on modulated 

periodic components to forecast the time series of hourly electricity load demand at a 

certain transformer in UK. The model used stochastic time varying parameters that could 

oscillate periodically at different prescribed frequencies. Such a model was capable of 

replicating multiplicative periodic components in an efficient manner on account of less 

number of parameters to be estimated. They found two main problems with a rapidly 

sampled data. The length of the series is usually very large compared with a more 

standard data. There are a number of complex behavioral patterns (daily and weekly 

patterns) present in the data and hence a large number of parameters are required to be 

estimated to achieve a reasonable representation of the series. The daily pattern tends to 

differ for the weekends and also changes according to the season of the year. The daily 

periodic component was modulated by a weekly periodic component. Various climate 

effects induced the annual cycle. Then the data is also ripe with outliers and holiday 

effects and missing data. In the electricity demand data there were diurnal periodic 
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components that interacted with weekly and annual cycles, together with long term trends 

and other influences from the input variables, often in a nonlinear way. In the state space 

representation of the structural time series model there was a stochastic evolution of the 

state variables associated with each of the unobservable components. Once the model 

was put in a state space form Kalman Filter and the fixed interval smoothing algorithm 

provided the basis for estimating the state of the state space model and therefore the 

unobservable components in the model. Based upon the assumption that the disturbances 

in the state space form were normally distributed, the maximum likelihood function was 

computed using the Kalman Filter via ‘prediction error decomposition’ and then used in 

the numerical optimization of the hyper-parameters. The hyper-parameters were 

estimated for each harmonic sub component, which was unlike other unobserved 

component models or structural models where a unique parameter is specified and 

estimated for the whole component. They found that estimation of a separate annual cycle 

was essential to generate long term forecasts (several months ahead) given that several 

years of data was available. If the available data is only for a few years then the 

estimation of the annual cycle would be inaccurate. Approximation of the trend plus the 

annual cycle by a simple trend would be a sensible thing to do to generate short term 

forecasts. They also compared the forecast results obtained from the ARIMA model and 

found that the dynamic harmonic regression modulated (DHRM) model was superior 

with respect to all measures like better innovation, variance, and likelihood measures. 

DHRM model concentrated on the optimization of both long term and short term 

behavior of the series. Moreover, since this model uses spectral optimization and has 

greater emphasis on the structural properties of the series therefore it produces better 

forecasts. 

Narayan and Smyth (2005) examine the relationship between electricity 

consumption, employment and real income in Australia within a cointegration and 

causality framework. They found a cointegration between electricity consumption, 

employment and real income. The changes in the electricity consumption were a function 

of the disequilibrium in the cointegration relationship, which was not the case for 

employment and income. They found that in the long run employment and real income 
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Granger caused electricity consumption, meaning that causality ran interactively through 

the error correction term from employment and income to electricity consumption. In the 

long run unidirectional causality ran from employment and income to electricity 

consumption.  The existence of long run relationship was investigated using the 

unrestricted error correction model. They had employed the bounds testing approach to 

cointegration, within an autoregressive distributed lag framework with the advantage that 

it has better small sample properties than other popular methods of cointegration. The 

order of integration was tested using the Augmented Dickey Fuller (ADF), Phillips-Peron 

(PP) and Zivot and Andrews (1992) unit root tests.  

Weron and Misiorek (2005) assess the forecasting performance of ARMA and 

ARMAX processes in forecasting the California power market system prices and loads. 

The price and load process exhibited daily, weekly, and annual seasonality. Inclusion of 

exogenous variables in the ARMA model leads to the ARMAX model. The logarithmic 

transformation was applied to the data to obtain more stable variance. The model was 

implemented separately across the hours, leading to 24 sets of parameters. Seasonal 

market conditions were captured by the autoregressive structure of the models. The log 

price was made dependent on the log prices for the same hour on the previous days, and 

the previous weeks as well as a certain function of all prices on the previous day. Thus a 

desired link was created between bidding and price signals from the entire day. To 

capture the weekly seasonality inclusion of 3 dummy variables for Monday, Saturday, 

and Sunday helped a lot.  The transfer function model gave significantly better forecasts 

as compared to the ARIMA and the ARIMA with the explanatory variable. The AR 

model was over all found significantly better than the ARIMA model. This was due to the 

fact that the AR model utilized 24 hourly 7 parameter structures for each day whereas the 

ARIMA model utilized 48 common parameter specifications for all hours. 

Dimitropoulos, Hunt and Judge (2005) find the presence of nonlinear and 

stochastic underlying energy demand trend in the annual time series energy demand data 

for UK from 1967-2002. The presence of such trends had been attributed to factors like 

technical change and other exogenous factors driving energy demand. Inclusion of such 

stochastic elements leads to an accurate measurement of the long run price and income 
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elasticities. The general model was formulated as an autoregressive distributed lag model 

starting with four lags. The maximum likelihood function was calculated via the 

prediction error decomposition method using the Kalman filter. Data was obtained 

regarding aggregate energy consumption, real energy prices, economic activity and 

average temperature. The shape of the underlying energy demand trend for the whole UK 

economy had a smooth trend with a fixed level and stochastic slope.  

Metaxiotis et al. (2003) study the technological research applied to short term 

electric load forecasting especially the artificial intelligence methods. They concluded 

that artificial intelligence methods consisting of neural networks had better ability to give 

better performance in dealing with non-linearity and other difficulties in modeling of the 

time series. This was due to the fact that these methods didn’t demand any complex 

mathematical formulations or quantitative correlations between inputs and outputs, or 

complex dependency assumptions between the input variables for modeling a 

multivariate problem. Artificial intelligence consists of expert systems which have a wide 

base of knowledge in a restricted domain and uses complex inferential reasoning to 

perform tasks which a human expert could not. Artificial neural networks (ANN) had 

been used to trace the relationships between the weather changes and the shape of the 

electric load curve. ANNs had been used for load forecasting the electric load using the 

previous load demands, seasonal factors, the day of the week, the hour of the day and 

temperature information. The linear regression methods were really not apt in capturing 

the non- linearities in demand signals under the market conditions.  Finding the optimal 

parameters of a neural network is a far more time consuming enterprise than estimating 

the parameters of a linear model.   

Hunt, Judge and Ninomiya (2003) study the evolving patterns like underlying 

trend and the nature of seasonality present in the time series of energy demand after 

eliminating all direct economic influences, to estimate the price and income elasticities. 

The structural time series approach had been combined with the autoregressive 

distributed lag model to estimate the UK aggregate energy demand.  
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Nogales et al. (2002) forecast the next day actual prices in the electricity markets 

using dynamic regression and transfer function models in order to help the power 

producers and consumers in planning the bidding strategies in order to maximize their 

benefits and utilities respectively. Both the forecasting tools were highly efficient and 

accurate and were based on time series analysis of hourly electricity price data. In a 

periodic dynamic regression model each hour has its own dynamics. They computed 24 

price forecasts for each day of the week.  The data set used was a high frequency data set 

with non-constant mean and variance and multiple seasonality corresponding to daily and 

weekly periodicity. There was high volatility in the electricity prices and also the 

presence of calendar effects such as weekends and holidays. There were a high 

percentage of unusual prices. The demand for electricity was included as an explanatory 

variable. Estimation of the parameters was done using the maximum likelihood and also 

assuming that the data were observations of a stationary Gaussian time series. The 

residual diagnostic checking helped in model validation through the use of 

autocorrelation plots, partial autocorrelation plots, and tests for randomness of the 

residuals. In the transfer function model the logarithmic transformed variables were used 

to achieve homogenous variance. Specific procedures were used to detect and minimize 

the effect of the outliers and moreover an unbiased estimate of the mean was used to 

obtain more robust forecasts. In the Spanish market the price volatility was really high on 

account of extreme outliers and absence of competition in the electricity market. There 

was more price uncertainty in the periods of high demand or we can say that during the 

peak hours the Spanish market exhibited a higher price dispersion leading to less accurate 

price forecasts.  

Ediger and Tathdil (2002) use a semi statistical technique that exploited the 

cyclical patterns in the historical data of energy demand to generate forecasts for the 

future. They reviewed and analyzed the already existing forecasts for energy demand and 

showed that the analysis of cyclic patterns in historical curves could be used in 

forecasting the energy demand. It was found that the additional amount of energy 

consumption per year gave much better results for energy demand performance analysis 

than the amount of annual energy consumption and the annual rate of change of energy 
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consumption. They examined the already existing trend for any cyclicality and upon 

determining the cyclic pattern they estimated the future trend.   

Abraham and Nath (2001) evaluate the use of fuzzy neural network and an 

artificial neural network along with Box Jenkins autoregressive integrated moving 

average model to predict electricity demand in the state of Victoria, Australia. The neuro-

fuzzy system performed better in comparison to the remaining two. Availability of 

weather forecasts and the historical electricity demand patterns were pivotal for 

generating electricity demand forecasts. The steps involved in ARIMA model building 

were model identification, parameter estimation, model diagnostics, and forecast 

verification and reasonableness. On the other hand a trained neural network was able to 

provide a correct matching in the form of output data for a set of previously unseen input 

data. For ARIMA modeling there was data available on half hourly temperature forecasts, 

a number of qualitative predictor variables, and half hourly sequentially recorded 

response values.   The data showed typical weekly cycle of electricity demand. 

Fluctuations in daily demand were prevalent with peaks occurring around the mid-day. 

Moreover, extreme weather conditions in winter and summer months accentuated peaks 

in electricity demand due to the widespread use of electricity for heating and cooling. 

Electricity demand was dominated by the prevailing temperature, time of the day, holiday 

or a working day, and the day of the week. They found that the electricity demand was 

strongly influenced by the day of the week, and the time of the day. ARIMA model 

building was a lot more tedious involving trial and error methods, which was quite unlike 

the soft computing models (neural networks) that required information only about the 

input variables for generating forecasts. The biggest drawback of using the neural 

networks was that the designer had to specify the number of neurons, their distribution 

over several layers, interconnection between them, initial weights, the type of learning 

algorithm and the parameters.   

Darbellay and Slama (2000) compare the predictions of nonlinear models 

(artificial neural networks) with linear models (multiplicative seasonal ARIMA model, 

ARMAX) while forecasting the short term electricity consumption at Czech Republic. 

They found that the ARIMA model did a better job than both recurrent and feed forward 
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neural network model. Moreover ARMAX model was found to be superior to the neural 

network. Both linear and nonlinear autocorrelation functions (dependence structure) of 

the electricity consumption were analyzed. From comparison of the predictions and from 

the correlation analysis it was suggested that forecasting the short term evolution of the 

Czech electricity load was primarily a linear problem. It was found from the dependence 

structure of the electric load time series that the autocorrelations in the series were 

predominantly linear.  ANN models extract statistical relationships from the data. They 

map an input space (present and past values of the time series) onto an output space 

(future values). The flexibility of the ANN methods comes at a price that there is no 

established method for identifying the network structure that can best approximate the 

function, mapping the inputs to the outputs.  In other words we can say that there is no 

universally accepted methodology for an optimal selection of the input space. If the 

autocorrelation function of a time series is linear then there is a little point going through 

the trouble of building nonlinear neural networks.  For the classical univariate analysis of 

the time series they studied the autocorrelation function, partial autocorrelation function, 

inverse autocorrelation function, and the extended autocorrelation function. A point to be 

noted was that in case of multivariate model of hourly load data and daily temperatures, 

an artificial neural network model would be able to integrate more information and 

produce better forecasts.  

Harvey and Koopman (1993) model the intra weekly pattern of electricity load in 

a univariate model.  They used a structural time series model formulated in terms of 

unobserved components to make short term forecasts of the hourly electricity demand.  

They developed an unobserved components model with time varying splines to capture 

the evolution of intraday seasonal patterns of hourly electricity loads, thereby integrating 

the equations for the different hours of the day. They modeled the changing electricity 

load pattern within the week and modeled the intradaily effects in electricity demand, 

using time varying periodic splines or the splines which were allowed to evolve over 

time. They argued that the structural approach would lend itself much more readily to the 

kind of problems encountered in time series analysis in comparison to other approaches 

based on autoregressive integrated moving average (ARIMA) models, regression, 
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exponential smoothing etc. They examined the changing periodic pattern of the electricity 

demand comprising of intra daily, intra weekly, and intra monthly periodic movements.  

For modeling the hourly data they included the trend, seasonal, daily, and intradaily 

components. The data for the study was the hourly data from the Puget Sound Power and 

Light Electricity Company based in the northwest United States. The main issue that they 

faced in the modeling was how to cut down on the number of terms used to model the 

periodic effect within each day or week. They were seeking a parsimonious model 

formulation that would capture marked variations in the seasonal effects and at the same 

time maintain a reasonable degree of continuity. Using the time varying spline technique, 

they economized on the number of parameters, and therefore allowed the intradaily effect 

to accommodate seasonal and other changes by a slow movement over time. The 

explanatory variables used were weather variables, such as temperature, wind speed, and 

humidity. The theoretical root mean square error as a percentage of the corresponding 

observation was calculated by the Kalman Filter prediction equations, conditional on the 

estimated values of the hyperparameters. The regression parameters were estimated by 

treating the model as a system of seemingly unrelated regression equations.  
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CHAPTER 3 

DATA DESCRIPTION 

3.1 Primary common plotting of various series and descriptive statistics 

In our case all observations are collected at equally spaced discrete time intervals. 

For this study we have available with us a time series of observations that represent the 

amount of electric power generated from all the available sources (renewable and 

nonrenewable) on a 15 minute interval from 1st Jan 2007 till 31st Dec 2011. Data for the 

study had been obtained from the planning and operations information website of electric 

reliability council of Texas (ERCOT). The data set consists of the amount of electric 

power produced from all the available sources of power generation in the ERCOT region 

of Texas. The available power sources include coal, natural gas, combined cycle gas, 

hydro, nuclear, wind, and others. Other sources include non-fossil sources like solar, 

biomass, geothermal, ocean wave, tidal etc. The series for natural gas and combined 

cycle natural gas had been combined into a single series to have a more representative 

time series for this category of fuel. Moreover, individual series for wind, solar and 

biomass had been amalgamated to have a single representative time series for the 

renewable sources of power generation. 

  Among the renewable energy sources, wind had a major share of almost 95% 

(ERCOT). Therefore, all the renewable sources of energy had been added up to come up 

with a single time series for renewable energy. The set of time series that we are dealing 

with has an array of data points that represent the electric power produced in megawatts 

(MW) from various sources of power generation on a 15 minute interval. From this initial 

information we calculated the data points representing units of electric power produced 

on an hourly basis for further time series analysis.  

We begin our analysis of time series by first having a graphical depiction and 

visual understanding of the behavior of different time series. In figure 3.1, we can see the 

growth pattern of total electric demand in the ERCOT region from Jan 2007 till Dec 

2011. The total electric portfolio consists of electricity produced from coal, natural gas, 
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hydro, nuclear, and renewable resources. In figure 3.1, we can clearly see a periodic 

seasonal pattern in the electric power produced. The cyclical pattern repeats over the 

period of five years in a systematic way. There is a small increase in the variation of the 

cyclical pattern as we move towards the end which could be due to the increase in power 

demand in the region. Five peaks are created during the five summer seasons when the 

demand for electric power is really high.  

 

Figure 3.1 Total Demand for electricity has been displayed for a period of five years. There is a systematic 
change in demand during the winter and the summer seasons. A fixed periodic pattern can be noticed from 
the peaks that emerge during the summer months and gradually subside during the ensuing winters. 

 

In figure 3.2 we can see visually, how the individual series for coal, hydro, gas, 

nuclear and renewable have developed over a period of time. The systematic cyclical 

pattern is pretty clear for the gas series which appears in dark green color. Since natural 

gas has such a high share in the total generation mix, therefore the seasonal variations are 

most prominent for this series. The changes in the power consumption pattern during the 

winter and summer seasons show up clearly for the gas series. Variations in coal 

(indicated in blue) are also pervasive but their effect is overlapped by the gas series. 

Renewable series (indicated in pink) has got a strong evolutionary trend on account of 
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more, rapid investments in renewable energy in the region, especially during the last two 

years. Wind power has the major share in total renewable energy development and 

deployment. We can see in the pink series how the magnitude and expanse of renewable 

energy has increased over the five years. The nuclear series (indicated in light green) has 

got a unique production pattern marred by frequent and regular shut down periods 

necessary for the reactor repair and maintenance. 

 

Figure 3.2 Evolution of different sources of power generation over a period of five years has been shown. 
Gas (dark green) has systematic highs and lows during the changing seasons. Huge amount of variation 
may be noticed for this source as compared to the other sources. Coal (blue) has a significant share but the 
amount of variation is negligible in comparison to gas. It seems quite apparent that gas serves as a peak 
load generator in the total fuel mix and adjusts quickly to changes in demand for electric power. Renewable 
(pink) has a smaller share in comparison to gas and coal but its penetration into the grid is increasing over 
the recent years and that is subsequently affecting gas and coal. Hydro (red) is a very small contributor and 
does not have a major share in total power mix. More specifically hydro does not affect the evolution of 
power produced from other sources.  Nuclear (light green) contributes a fixed amount during most of the 
time except for the unprecedented or planned shutdown periods required for the repair and maintenance of 
the plants. Nuclear acts as a base load generator and because of its intermittency, affects the power 
production pattern of coal and gas generators.  
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Further, hydro power (indicated in red) has a very small share to the total electric 

power mix. The region is deprived of abundant water resources and therefore the share of 

hydroelectric power is minimal in the total generation fuel mix. 

Presented next in table 3.1, we can see important statistics for various series and 

the total electric demand. Gas has the maximum over all mean of 14837.87 MWH’s 

followed by coal 13587.76 MWH’s, followed by nuclear 4656.54 MWH’s, followed by 

renewable 2577.62 MWH’s, and followed by hydro 95.80.  It emerges from this that 

hydro is a very small player in the region to contribute to the total electric mix. Coal and 

gas turn out as leaders in the portfolio of the electric mix. The standard deviation for gas 

(7487.11) is much more overwhelming than coal (2029.45), indicating that gas generators 

undergo significant changes in their production pattern with unprecedented highs and 

lows of electric power output. 

Table 3.1 Descriptive statistics for the various series 

Variable N Mean Standard 
Deviation 

Skewness Kurtosis Median 
 

Min Max 

Gas 43824 14837.87 7487.11 1.0439 0.6712 13063.44 2900.45 42052.33 

Coal 43824 13587.76 2029.45 0.0471 -0.1013 13625.22 6601.46 18605.80 

Hydro 43824 95.80 85.66 1.2013 0.9768 68.05 1.32 446.30 

Nuclear 43824 4656.54 768.90 -1.7615 1.8648 5007.08 2254.40 5188.70 

Renewable 43824 2577.62 1519.57 0.5443 -0.5589 2350.41 93.39 7364.68 

Total 43824 35755.58 8684.08 0.9477 0.4539 33545.35 19625.99 67557.45 

   

The Skewness and the kurtosis parameters provide a clue of asymmetry of the 

individual distributions for the various series but they do not tend to deviate excessively 

and badly from normality. The distributions are prone to outliers but within the 

permissible limits of making an assumption of normality perfectly valid for the statistical 

analysis. 
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Over the data span of five years gas had a maximum power generation of 

42052.33 MWH’s and coal of 18605.80 MWH’s. The minimum power generation for gas 

and coal had been 2900.45 and 6601.46 respectively. Renewable power generation had a 

maximum and a minimum value of 7364.68 MWH’s and 93.39 MWH’s respectively. 

This shows that the maximum power generation from renewable resources had been at 

times greater than the minimum power generation from gas and coal. This shows the 

extent of penetration of renewable energy into the grid but on the other side variability 

and intermittency of the renewable resources suffer from the drawbacks like minimum 

power generation being as low as 93.39 MWH’s at times. At such low production times 

the grid will depend heavily on fossil fuel sources to compensate for the loss of 

renewable power. 

The hydro power had a minimum and a maximum power generation of 1.32 

MWH’s and 446.30 MWH’s respectively. This shows that hydro power is a very small 

player in the electricity power market. Hydropower certainly helps in diversifying the 

state electric portfolio but it is not a reliable source and its share is too small to allow it to 

compete with the other fossil fuel sources or renewable sources of electric power 

generation. 

Nuclear acts as a base load generator and has a minimum and a maximum power 

output of 2254.40 MWH’s and 5188.70 MWH’s respectively.  Nuclear power production 

is pretty reliable except for the frequent repair and maintenance schedules which tend to 

bring intermittency in the production pattern and produce the need for alternatives and 

substitutes.   In the coming sections we will graphically examine the changes that come in 

the structure of power produced from various sources and also their evolution paths over 

a period of time and the incumbent cyclicality’s and seasonality’s if at all present. The 

graphs will also shed light on the interaction and interdependency pattern among various 

sources and also the extent and scale of production and penetration into the electric grid.  

3.2 Separate plotting and visual inspection/analyses of various series  

In this section we will examine the evolution pattern of all the five series 

representing gas, coal, hydro, nuclear, and renewable in detail and try to trace the  
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Figure 3.3 is the pictorial presentation of the power produced from gas over a span of five years. There is 
annual seasonal pattern which is having a recurring, systematic behavior. More power is produced during 
the summer months in comparison to the winter months. There is a huge variation between the various 
months. 

 

Figure 3.4 embodies the pattern of variation of power produced from coal over a period of five years. The 
variation appears to be strong and quite unsystematic in comparison to gas. Moreover a small trend may be 
noticed during the last two years with a palpable increase in variation during the summer and winter 
months.   

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
4

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5
x 10

4

hours

po
w

er
 p

ro
du

ce
d 

fr
om

 g
as

 (
M

W
H

s)

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
x 10

4

hours

po
w

er
 p

ro
du

ce
d 

fr
om

 c
oa

l (
M

W
H

s)



Texas Tech University, Kushal Bhalla, May 2013 

44 

seasonal, cyclical patterns and level and slope changes. Figure 3.3 showcases the 

production pattern for gas (2007-2011). There is a pronounced seasonality present in the 

structure which is strongly evident from the rising peaks during the summer months for 

all the five years.  Most of the electric demand in the region is fulfilled by gas fired 

generators and simultaneously most of the peak load requirements are also met by the gas 

generator. Gas is becoming a reliable source of power production on account of its higher 

efficiency, reliability and less carbon emissions as compared to coal. Ramp up times are 

also less for gas as compared to the coal fired generators.  With higher renewable energy 

penetration into the electrical grid the variation in the amount of power produced from 

gas has increased considerably. Intermittency and consequent unreliability of wind is the 

most significant reason for this. Gas has maximum production during the month of 

August and smallest production during the month of March and November. Gas 

generators adjust and adapt more readily to the changes in electric power demand.   

In figure 3.4, we can observe the evolution of the coal series over the period of 

five years. There is no systematic cycle that represents this series unlike the gas series 

where we had a prominent and pronounced, periodic seasonal pattern.  But still we can 

see the fluctuations and some kind of a recurring periodic pattern which could be due to 

the changing seasons and changes in demand for power over a period of time. Greater 

variations are recorded during the last two years which could be due to the greater 

renewable energy penetration into the electric grid.  Coal as a fuel is cheaper than natural 

gas and on a planned grid operation it is more economical as a power source to replenish 

the voids prevalent in the renewable power supply. There seems a small change in the 

level and perhaps also in the slope towards the final two years. Coal produces high 

carbon emissions as compared to any other fossil source and therefore in spite of its 

benefits as a reliable power source it is substituted by other more efficient sources that 

have less carbon emissions and are more eco-friendly. Coal power production pattern 

registers a high end during the summer season which is quite similar to gas pattern and 

then during the remaining part of the year there are variations more specific to the day of 

the week and hour of the day effects. Coal has maximum production during the month of 

June, July, and August and minimum production during March.  
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In figure 3.5 we can see the behavior of power produced from hydro power 

sources available in the region. There are not enough and abundant hydro power sources 

available in the region which makes hydro power a small player in the generation fuel 

mix. The power production pattern is unsystematic and unreliable during various months 

of the year. Maximum amount of power is available during the months of July and 

August and minimum amount is available during the winter months. The power pattern 

fluctuates immensely during the day and night hours with mean output falling as low as 

20 MWH’s during winter and reaching as high as 275 MWH’s during the summer 

months. The power obtained from hydro sources does diversify the state power portfolio 

but it does not emerge as a strong and reliable source of power generation. Its 

contribution is meager as compared to the other sources and moreover it does not interact 

readily with any other sources to affect the power evolution pattern in any significant 

way. These reasons put up a strong case for excluding hydro in examining the power 

system of the region. 

 

Figure 3.5 exhibits the variation in the pattern of power produced from hydro sources within the ERCOT 
region. There is a huge amount of unpredictable variation originating in this source. The power produced 
from this source depends a lot on the availability of water resources and abundant rainfall and none of 
which has a strong manifestation in the region. The scale of penetration of hydro is pretty negligible in the 
electric mix and the variations do not significantly affect the overall power evolution pattern. 
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In figure 3.6 we can see the unique production pattern of nuclear power resource. 

Nuclear acts as a base load generator and functions more or less at a constant level during 

most of the year except for the low production periods when nuclear reactors undergo 

either, a scheduled or an emergency repair and maintenance. During the shutdown times, 

the loss in electric power produced is compensated by the available coal and gas fired 

generators. This builds an interesting relationship of power substitution and 

interdependence between various generators. Depending upon the fall in the nuclear 

power, there is sufficient and necessary cover up provided by the other fossil fuel based 

generators. From the plot of the series we can observe that nuclear power supply is 

frequently plagued by unforeseen shutdown times. Over all it does not have an interesting 

evolution pattern and has functioned more or less at a uniform level. 
 

 

Figure 3.6 provides the power production pattern of nuclear resource. Major drop offs in power production 
can be noticed that creep into the system on account of planned and unplanned shutdowns, necessary for 
the maintenance of the plant. There are periods when the power production really diminishes up to the 
extent, which would have an effect on the power generation pattern of other resources. 
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There are no periodic patterns that emerge out and neither there are any 

significant level or slope changes. However, since the share of nuclear power is 

considerably high and any changes in nuclear power production affect the power 

evolution pattern of coal and gas fired generators, therefore we found it necessary to 

include it in our power system analysis. Nuclear power plant leaves a strong imprint on 

the design of power mix emanating from coal and gas fired generators. Interesting 

relations can be gauged from power redistribution between nuclear, coal, and gas fired 

generators dependent upon the level of drop in nuclear power production. Therefore, 

nuclear power has been included as four sets of dummy/indicator variables that affect the 

power evolution pattern of coal, gas, and even renewable generators. 

Renewable power is emerging as a strong player in the electricity market in the 

region.  

 

Figure 3.7 reflects the evolutionary behavior of renewable energy over a period of five years. Renewable 
energy is unpredictable and uncertain which is reflected in the huge amount of variation over any given 
time of the year. Because of higher renewable energy penetration into the grid over the last couple of years, 
we can notice a trend that has emerged along with more increase in wide unsystematic fluctuations. 

Though this resource is extremely unpredictable and engulfs huge uncertainty 

about its availability and expanse, still measures have been undertaken to cope up with 

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
4

0

1000

2000

3000

4000

5000

6000

7000

8000

hours

p
o

w
e

r 
p

ro
d

u
ce

d
 f

ro
m

 r
e

n
e

w
a

b
le

 (
M

W
H

s)



Texas Tech University, Kushal Bhalla, May 2013 

48 

this and still include renewable energy as an important source of electric power in the 

region. We can notice in figure 3.7 that there is significant variation in the amount of 

power produced from the renewable resources over the five year period. We can notice 

that the variation has increased significantly during the last two years. This has also 

produced a slight trend in the time series. Overall the variability depends a lot on the 

availability of the renewable resource at a particular point of time. Greater penetration of 

renewable energy resources into the electrical grid has destabilized the grid and 

prominent changes have come up in the evolution of power from the other fossil fuel 

sources. Inclusion of renewable energy into the power portfolio makes it more dynamic 

and prone to greater risk and uncertainty. Alternative fossil sources have to be kept 

engaged to cover up for the deficiencies in the renewable power supply. All this puts a 

huge cost on the power system. The spinning reserves of the coal and gas fired power 

plants keep producing power by functioning at below efficiency levels and this de-

capacitates and distorts the production efficiency frontier of the power system. Hence it 

will be of great interest to evaluate the changes that have come up in the optimal 

economic electric dispatch with higher inclusion of renewable power into the electric 

grid. 

3.3 Plotting of the mean hourly evolution pattern for various series 

In this section we will try to see mean hourly pattern of evolution for different 

series. Such a graphical analysis will aid in understanding the structural path of the series 

and take note of the major ups and downs that happen at various hours of the day.   More 

specifically the presence of trends if any in various series can be examined and we may 

understand how the output pattern varies for different hours of the day. In figure 3.8 we 

can notice that coal power output increases as the day progresses and the pattern show an 

increasing trend till noon and further extends till the late evening hours. Especially during 

the late evening hours the output is the highest and it gradually starts to decrease as the 

night sinks in. This information may enable us in understanding that coal acts as a base 

load generator for most of the hours and major variabilities set in only during the very 

early morning hours and during the early midnight hours. 
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Figure 3.8 presents the mean hourly evolution of coal. There is greater power produced during the noon and 
afternoon hours and there is a remarkable dip in the power produced during the very early morning hours. 

 

 
 

Figure 3.9 shows the mean hourly evolution of gas. There is increase in power production around the noon 
and which starts decreasing only until the late evening hours. Production is at its low during the very early 
morning hours. 

In figure 3.9 we can see the mean hourly production pattern for gas. There is a 

huge amount of variability noticed in the production curve for different hours of the day. 
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Quite similar to coal, the output is minimal during the very early morning hours and then 

it starts increasing as the day progresses and reaches the highest level during the evening 

hours. Ultimately as the night sets in there is a decline in production. We can see a clear 

underlying increasing and decreasing trend for the hourly production pattern for gas.   

Moreover the variability is much broad based as compared to coal. This explains the fact 

that the gas resource acts as a peak load generator and compensates for sudden increases 

in the power demand, quite unlike coal that acts as a base load generator and has less 

variability over the hourly interval. 

In figure 3.10 we may notice the average hourly production pattern for the hydro 

resource. Hydro acts as a very small source of power generation in the ERCOT region 

and the distribution share is too negligible to affect the overall power production pattern.  

 

 

 
Figure 3.10 shows the mean power production pattern for hydro sources. There is a maximum power 
production during the evening hours on average and the production goes really low during the late evening 
and midnight hours. 
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However we can notice a clear trend as the day goes on and a decline during the 

late evening and mid night hours. Since its share is so small, therefore it is not bound to 

be driven by or affecting the evolution of any other resource. 

From the average hourly power production pattern of nuclear resource shown in 

figure 3.11 we can determine that the nuclear power plant operates at its maximum 

capacity during the morning and forenoon hours. There is a visible trend as the day 

progresses which ultimately start to decline during the afternoon and late evening hours. 

However, the scale of variation is too small to be affected by any daily, hourly, or weekly 

seasonality. Nuclear also acts as a base load generator and subsequently there are minor 

variations in the power production pattern. Only a very big change in electric power 

demand in the region may have the ability to affect the power structure. However, regular 

and systematic repair times and on the other hand unplanned repair and maintenance 

schedules for the nuclear power plants certainly affect the evolution pattern.  

 

Figure 3.11 shows the mean hourly evolution of power from the nuclear resource. Maximum power is 
produced during the morning hours and production dips during the evening and midnight hours. 

In figure 3.12, we can observe the mean hourly evolution pattern for the 

renewable resource in the ERCOT region for the five years. There is a visible change in 
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trend as can be seen from the downward and upward movement of the mean curve. The 

change is quite systematic for each hour of the day and a clear pattern emerges. 

 

 

Figure 3.12 has the mean hourly power production from renewable resources especially wind. Maximum 
amount of power is produced during the early midnight, midnight, and early morning hours. There is 
minimum power production around the noon hours. 

The scale of variability is yet too small to bring any significant change on the total 

power production system. Most of the variability for the renewable resource is 

completely undetermined and is not related to the power demand in the region, rather it is 

completely determined by the availability of surplus wind and long sunlight hours. 

3.4 Plotting of mean weekly evolution pattern for the various series 

In this section we will examine the mean weekly structure of power production 

for the various series. This investigation will shed light on the average weekly power 

production pattern of coal, gas and other sources. We can figure out the existence of 

weekly cycles present in various series. Such information will help us suitably model the 

series with an adequate representation for the seasonal periodic pattern prevailing in the 

structural set up of the series.  
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In figure 3.13, we investigate the mean weekly evolution of coal and notice a 

clear weekly cycle.  

 

Figure 3.13 shows the mean weekly power production pattern from coal resource. In the figure 1 represents 
Sunday i.e. the first day of the week. Higher amount of power is produced as we cruise along Monday to 
Friday. However the power production dips on Saturday and Sunday. 

Such a pattern provides insight on the output pattern produced from coal where 

there is higher power produced during the working days of the week especially on Friday 

as compared to the weekends when the output decreases considerably. The increase and 

decrease in trend for various days reflects the weekly changes taking place in demand for 

electric power.  

Figure 3.14 corroborates the presence of a weekly cycle in output produced from 

gas as is evident from the increasing and decreasing mean weekly output for various days 

of the week. The evolution pattern for gas is such that there is more output starting at the 

beginning of the week and there is a gradual decay as the week progresses. During the 

week the mean production reaches a high of almost 15500 MWHs and touches a low of 

nearly 13300 MWHs. Power production decreases during the weekends as observed even 

in the series for coal. Further, we see that the extent of variability is more for gas as 

compared to the coal resource. 
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Figure 3.14 exhibits the mean weekly power production pattern from gas. In the figure 1 stands for Sunday 
which is the first day of the week. Maximum power is produced on Monday and sways towards the lower 
side as the week progresses. However, the power production stands lowest for Saturday and Sunday. 

 

Figure 3.15 presents the mean weekly power production pattern for hydro resource. 2 represents Monday 
i.e. the second day of the week. Higher amount of power is produced from Monday to Friday as compared 
to the weekend when the output falls down. The scale of mean weekly variation is pretty less and has 
wavered between a low of 92 to a high of 98 MWHs. 

In figure 3.15, we can watch the mean weekly power produced from hydro 

sources. The penetration level of hydro sources is too miniscule in the ERCOT electric 
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grid and makes it uncompetitive to either interact with other sources of power production 

or to facilitate fulfilling the changing needs of electric demand in the region. The source 

certainly diversifies the electric portfolio up to some extent. There is a drop in the output 

produced during the weekends as compared to the rest of the week when the output 

remains at a little higher level. Limited water resources make hydro a pretty small player 

in the regions electric mix, further decimating any practical significance in modeling its 

evolution pattern. The weekly cycle has output moving from as low as 92 MWHs to as 

high as 98 MWHs. 

Nuclear source had been catering to the base load needs in the region. Its mean 

weekly production pattern had been such that a higher amount of power is produced 

during the working days and the output diminishes as the week ends. We can see a 

weekly pattern that emerges out but it is the small level of overall variation that would 

render it incapable of affecting power system in any strong way. The mean weekly 

variation has output going from as low as 4625 MWHs to as high as 4680 MWHs during 

the weekly cycle as shown in figure 3.16.  

 

Figure 3.16 shows the mean weekly power produced from the nuclear resource. Maximum mean weekly 
power is produced on Wednesday and once again we notice a significant dip in power production around 
the weekends.  
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The average weekly output of electric power from renewable is exhibited in figure 

3.17. Renewable has a unique pattern with a decreasing trend as the week progresses and 

with a sudden spur in output around the middle of the week.  Except for the decreasing 

trend there does not appear any systematic movement in the evolution path for renewable 

resource. The output varies from as high as 2630 MWHs to as low as 2530 MWHs. 

 

 
 

Figure 3.17 represents the mean weekly power produced from renewable resources especially wind. 
Wednesdays have the maximum renewable energy penetration into the electric grid and the pattern really 
drops off towards the end of the week. The mean weekly production has variability between 2520 to 2640 
MWHs. There is a slant in the power production from the beginning of the week till the end with an 
unprecedented high registered during the middle of the week.  

3.5 Plotting of the mean monthly evolution pattern for the various series 

In this section we will see how the mean monthly power production has evolved 

for different sources over the five years. Monthly variation will help us in understanding 

the effect of various seasons on the power production pattern. The seasonal production 

pattern ought to be varying for different months and that change can be observed in 

various sources. This will shed light on the structure of power pattern produced from 

various sources for the various months. 

2520

2540

2560

2580

2600

2620

2640

1 2 3 4 5 6 7

R

e

n

e

w

a

b

l

e

 

O

u

t

p

u

t

 

Weekday 

ren 



Texas Tech University, Kushal Bhalla, May 2013 

57 

We will begin by understanding the average monthly production from coal for 

various months. In figure 3.18 we can notice that there had been a significant influence 

on the power produced from coal of the changing seasons. Therefore we can notice a 

clear seasonal pattern that affects the growth and decay of power production from coal. 

The mean pattern had varied from as low as 11500 MWHs to as high as almost 15000 

MWHs. The variation is most prominent around the month of March and November, 

when there is a drop in the electricity demand in the region on account of changing 

seasons.  Electricity demand catches up during the hot summer months of June, July, and 

August and that takes the peak mean production to almost 15500 MWHs. The story turns 

out to be different for the gas resource which has been the peak load generator in the 

region. The mean monthly power production pattern produces a peak around the summer 

months when the output reaches a high of almost 24000 MWHs. The scale of variation is 

extremely large for the gas resource as compared to any other resource. 

 

Figure 3.18 explains the mean monthly power production pattern for the coal resource. Significantly high 
amount of power is produced during the summer months of June, July, and August as compared to March 
and November, when the production really drops off. A huge amount of variation noticed all throughout the 
year. 

In figure 3.19, we can notice a decline in power production during the winter and 

spring months when the power consumption goes down in comparison to the hot summer 

months.  
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Figure 3.19 shows that summer months have really high mean monthly power produced from gas. The 
amount of variability is huge in case of gas with production falling as low as around 10000 MWHs during 
the spring and winter times and rising to as high as around 23000 MWHs during the summer months.  

This brings the mean monthly production to a low of almost 10000 MWHs during 

the month of November and to a low of nearly 11000 MWHs during the month of March. 

 

Figure 3.20 has the mean monthly amount of power produced from hydro sources. High amount of power 
is produced during the late spring, summer and early winters months as compared to the other months. 
However the scale of variability is pretty less as compared to the other sources and hovers from as low as 
40 MWHs to as high as only 160 MWHs on average. 
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A rising and a falling trend can be noticed in the production pattern as we 

gradually move into the summer months and then enter into winters respectively. 

In figure 3.20, we can observe the mean monthly electric output from the hydro 

resource. There is a clear upward and downward trend in the power production pattern as 

we cruise along the months starting from January till December. The mean monthly 

electric output varies from as low as 40 MWHs during the month of December, to as high 

as 160 MWHs during the month of May.  The scale of variability is too meager to affect 

the power production system in any major way.  

In figure 3.21, we can observe the mean monthly power production pattern from 

the nuclear resource. The power produced from nuclear remains generally constant 

throughout the year except for the fixed repairing and maintenance schedules of the 

nuclear reactors which affect the power output curve. Two major drop offs can be noticed 

in the month of April and October when the mean monthly production drops as low as 

3100 MWHs and 4000 MWHs respectively.  

 

Figure 3.21 displays how the mean monthly power produced from nuclear sources goes down significantly 
during the months of April and October. Except for these months the nuclear power production had 
remained at a stable level for most of the year. The power dips had an effect on the adjacent months and 
catalyzed a lower production profile even for those months. 

3200

3600

4000

4400

4800

5200

1 2 3 4 5 6 7 8 9 10 11 12

N

u

c

l

e

a

r

 

O

u

t

p

u

t

 

Month 

nuc 



Texas Tech University, Kushal Bhalla, May 2013 

60 

Such maintenance periods put a transfer load on coal and gas generators that 

require an equal spur in their production capacities to account for the shortages accrued 

by the nuclear plants. Such departures from normal power production schedules posit the 

need for sufficient alternative resources and leads to interesting cross correlations 

emerging from the dependent power production patterns for different months of the year 

among various resources.   Further we examine the average monthly power output pattern 

for the renewable resource to take note of any significant changes in the trend or 

recognize the presence of specific seasonal patterns that influence the structure of power 

pattern from this resource.  

 In figure 3.22 we can notice a significant amount of wandering going in the mean 

monthly power production pattern. The movements are highly unsystematic and keep 

changing abruptly. In general we may notice some spur in power production from 

renewable resources during the late spring or early summer time when the output 

increases to nearly 3000  MWHs and then we can notice a sharp decline towards the early 

winters or late summers when the output drops to nearly 2000 MWHs monthly average.  

 

Figure 3.22 presents the sway in the monthly average power production from renewable sources for the five 
years of data set. A visible drop in power production happens around the month of September with mean 
monthly power production falling as low as 2000 MWHs. High amount of power had been penetrated into 
the grid during the late spring and early summer months. The power pattern had averaged around 2500 
MWHs during the winter months which is somewhere in between a high of 3100 MWHs to a low of 1900 
MWHs. 
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However the output again catches up during the ensuing winter months when the 

mean monthly average reaches back to almost 2600 MWHs. The share of renewable 

energy is still small to affect the evolution of power system in a major way. The 

intermittency of wind and solar resources put additional burden on the power system and 

creates demand for additional reserves to cover up for any unprecedented failures in 

power generation. 

3.6 Plotting of the mean yearly evolution pattern of the various series 

In this section we will try to examine the mean annual power evolution pattern for 

the various resources over the period of five years from 2007 till 2011. This way we will 

get an insight into the change in the power structure that has come over the years and 

how the distribution of resources has changed in the generation fuel mix. Because of 

factors like technological advancements, environmental concerns, increased electric 

demand, the proportion of contribution from the various resources keeps on changing.  

 

Figure 3.23 shows the mean yearly variation in the power produced from coal. Up till 2009, the production 
had been consistent around 13000 MWHs. After 2009 a sharp increase can be noticed in the annual average 
power production from coal taking the value to as high as nearly 15000 MWHs in 2011. This shows a 
phenomenal increase in the coal power production over the most recent years.  
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By noticing the presence of any significant trends, seasonal, cyclic patterns we 

may be able to gauge the growth of a particular resource over the five years and use that 

information to generate future forecasts. We will start with examining the evolution of 

mean annual power produced from coal over the span of five years as presented in figure 

3.23.  We can notice that starting almost from mid-2009 there had been a significant 

increase in the penetration of coal generated power into the production system. It may be 

noteworthy that this increase has come upon at a time when the environmental concerns 

regarding carbon emissions are being voiced loud at every nook and corner of the world. 

The average annual output from coal had increased from a low of 12700 MWHs in 2009 

to almost 15000 MWHs in 2011. Before 2009 the production form coal had been at a 

stable level of nearly 13000 MWHs during 2007 and 2008. The trend seems to be 

increasing beyond 2011. The driver behind this increase is the more wind energy 

penetration into the grid which relies heavily on coal generated power output to 

compensate for the intermittencies generated from the uncertain nature of wind. Next we 

have a look at the gas resource in figure 3.24. 

 

Figure 3.24 shows the annual average variation in the power produced over the set of five years. In the year 
2010, there had been a significant fall in the power production from gas taking the mean annual output to as 
low as almost 13800 MWHs from an overall high of nearly 15500 MWHs during 2007. But most recently it 
is quite apparent that gas power production is catching up again as the annual average for 2011 stands at a 
competitive sum of almost 15200 MWHs. This figure clearly shows remarkable variation that has been a 
part of the structure of power production from gas. 
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The mean annual power evolution pattern for gas had been trending profusely 

over the whole span of data with production being at a peak of nearly 15500 MWHs 

during early 2007, then coming to a low of almost 13700 MWHs and finally shooting 

back again to almost 15200 MWHs. Such changes have been a regular part of the 

production pattern since various factors affect the power outcome from a particular 

resource. Observance of optimization principles to have an economic power dispatch 

along with the implications of government policies tend to affect the proportion of 

distribution in the generation fuel mix. We can notice a declining trend for gas followed 

by a strong upward progression which tends to continue beyond 2011. Next we try to 

investigate the mean annual power evolution for the hydro resource in figure 3.25. 

 

Figure 3.25 indicates the swings that have come into the mean annual power production from hydro 
sources. It can be noticed that mean annual production from hydro sources has been falling gradually from 
as high as nearly 150 MWHs in 2007 to almost 60 MWHs in 2011. This gradual fall clearly reflects the 
decimated presence of hydro in the total power structure. 

 

Hydro power has been a very small player in the generation fuel mix at ERCOT. 

Moreover its share had been declining over the years and in 2011 the annual mean power 

generated from hydro stood at 60 MWHs falling from a high of almost 150 MWHs in 

2007. The scarcity of hydro power sources in the region along with a greater reliability on 
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more efficient coal and gas power sources and greater preference for renewable resources 

have made hydro power source an unfavorable and uneconomic option. The 

technological advancements in renewable energy technologies and demand for more 

efficient sources of power generation are the possible drivers behind this decline.  

In figure 3.26, we can observe the average annual trend in the power production 

from nuclear resource. Most recently the share of nuclear power had been declining in the 

power mix as is evident from the invariable decline in the power output from nuclear 

since mid-2009. Unfavorable and harmful effects of the nuclear waste and inefficient 

waste treatment technologies (harmful radiations in nuclear residuals) are becoming the 

drivers behind reduction in nuclear power input into the power mix. Still nuclear 

continues to be the base load generator for the region and the scale of variability over the 

years had been very less in order to strongly influence the power production landscape in 

the region. The mean annual production stood at a five year low of nearly 4550 MWHs in 

2011. 

 

Figure 3.26 shows the behavior of nuclear resource on the front of mean annual power production from 
2007 till 2011. The power produced from nuclear is declining most recently. Highest penetration of nuclear 
into the grid was in the middle of 2009 and 2010 of almost 4750 MWHs.  However considering the scale of 
variation, we can notice less variability in nuclear resource as compared to coal and gas sources. 
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Lastly using figure 3.27, we try to investigate the mean annual power output from 

renewable resources. Because of favorable state and national government policies that are 

consistently aimed towards promoting the use of renewable energy technologies to 

generate electricity, have led to a phenomenal increase in the renewable energy 

penetration in the ERCOT region. An emerging trend starting from 2007 till 2011 

presents testimony to the fact of greater inclusion of renewable energy generating sources 

like wind, solar etc. in the regions generation fuel mix. The mean annual renewable 

energy output has increased from a low of 1400 MWHs in 2007 to almost 3400 MWHs 

by 2011. Such a huge increase in power generated from renewable sources is altering and 

destabilizing the state electric portfolio.  

 

 

 

   

 

 

     

 

 
Figure 3.27 shows an inevitable increase in the average annual renewable energy penetration into the 
electric grid. From as low as nearly 1500 MWHs in 2007, the renewable share has gone to as high as 3300 
MWHs in 2011. This shows a remarkable increase in the growth of renewable energy sector in the region. 
The increasing trend can be noticed until 2010 and the trend persists at that level till the end of 2011. 

The power production pattern is bound to undergo further change since these new 

renewable sources are altering the complete energy landscape in the region. This is 

because the renewable sources continue to depend heavily on fossil fuel sources to 

deliver power to the grid in an efficient manner. This affects the efficiency levels of fossil 
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fuel sources and simultaneously increases the cost of power production and hence, the 

main motive of bringing a reduction in carbon emissions seems fatally defeated. 

3.7 Visual analysis of evolution of selected series for the year 2007 and 2011 

In this section we make an effort to have a closer look at the emergence over time 

of our main series of interest that are coal, gas, and renewable. Hydro and nuclear series 

have been excluded in this visual analysis for reasons discussed earlier. Here we try to 

have a visual understanding and inspection of the annual behavior of the selected time 

series of coal, gas and renewable power. Throughout in this presentation gas, coal and 

renewable will be indicated in brown, blue and green colors respectively. 

 

Figure 3.28 shows the pattern of evolution for gas (brown), coal (blue), and renewable sources (green) for 
the year 2007. There is a huge amount of variability in the power production pattern of gas. We can also 
notice some increasing and decreasing trend during the year. Coal has much smaller variability in 
comparison to gas and has more or less a consistent trend. Renewable had a much smaller level of 
penetration, but even that minimal penetration is ripe with huge variability. There is greater renewable 
energy penetration towards the end of the year. Over all we do not notice any periodic pattern or systematic 
variation in renewable source. 

We will plot the yearly patterns for some selected years for the three resources, 

trace some of their monthly patterns during the winter and summer months, and 
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scrutinize their weekly patterns in a lot more detail. This engagement will be vital to 

minutely examine various small unrecognizable shifts and changes that occur in the 

various series at hourly, daily, weekly, monthly, quarterly and annual levels.  Figure 3.28 

entails graphical depiction of the evolution of the series in the year 2007. Gas had the 

maximum share and variation throughout the year. Its effect is more prominent during the 

summer season. Even the coal series has smaller variation as compared to gas, but it does 

exhibit changes in the level and slope especially near the spring and winter season. The 

penetration of renewable is pretty minimal and has a lot of unpredictable variation 

associated with it.  

 

Figure 3.29 displays the power production pattern for gas (brown), coal (blue), and renewable (green) for 
the year 2011. There is a change in level and slope for gas over the period and some systematic seasonal 
patterns can be noticed. Coal has greater penetration accompanied by greater variability and some meager 
change in the level and slope along the year. There is a tremendous increase in renewable energy 
penetration into the electric grid and that might be the reason for added variability in coal, since coal 
compensates for the intermittency of wind. Still we cannot notice and cyclicality or a persistent periodic 
structure present in both coal and renewable. 

The renewable series is devoid of any systematic pattern and even lacks any 

crucial level and slope changes. 
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In figure 3.29 we examine the same behavior of the participating series for the 

year 2011, in order to have a stronger feel for the evolutionary changes arising from 

either an increase in the total electric demand in the region or from a greater penetration 

of renewable energy technologies into the total electric power mix. As compared to 2007 

shown in figure 3.28, we can see much more dynamic behavior exhibited by the gas, 

coal, and the renewable sources.  

The variations accrued by the gas during the summer months are phenomenal 

with much higher and systematic peaks and troughs. The variations in coal series are also 

pretty significant and self-evident. Such changes might be the aftermath of a greater 

renewable energy penetration into the electric grid during 2011. We can notice that 

renewable power has a much greater share in 2011 as compared to 2007. A greater 

renewable energy penetration has repercussions on the whole power system. The 

variability and unpredictability of the renewable resources had to be countered by 

unabated reliance on fossil sources, leading to changes in their production pattern and 

evolution. A multiple, overlapping seasonal pattern seems emerging from the gas series 

and smaller seasonal cycles seem imbedded in both gas and the coal series of may be 

hourly or weekly periodicities. 

3.8 Visual analysis of evolution of selected series for the month of January and its 

first week, for year 2007 and 2011 

In the next couple of figures we will further try to dig into the movements and the 

fluctuations originating in the various series for specific months and specific weeks. 

More specifically we are trying to investigate the behavior of the series for the months of 

January and August for the years 2007 and 2011. Then we also watch the evolution of the 

series for the first weeks of January and August for 2007 and 2011 to identify the changes 

that creep in on account of various factors like technological advances, renewable energy 

penetration and greater demand for power in the region. In figure 3.30 we can see the 

series for the month of January 2007. Natural gas is showing a strong systematic daily 

seasonal pattern marked with a change in both the level and the slope. The hourly effects 

show up clearly in the cyclical patter for gas. The variation in the coal series is of a much 
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smaller magnitude as compared to gas for this monthly representation, but we may still 

see pretty regular fluctuations throughout the month. 

 

Figure 3.30 shows the evolution structure for gas (brown), coal (blue), and renewable (green) for the month 
of Jan 2007. Gas has a recurring daily seasonal pattern with a change in level and slope. There is a 
systematic variation in gas for every hour of the day. Coal has no fixed cyclic pattern and has a somewhat 
uniform trend over the whole month with some days with major variations. Renewable has a very 
unpredictable pattern on account of the uncertain nature and availability of wind.    

                                                     
There are occasional changes in the level, but the slope didn’t seem to evolve for 

this month. Renewable energy penetration is marked by upward and downward swings. 

Such variations are highly unpredictable and originate from the inherent variability in the 

availability of the renewable energy resource like wind. It might be worth mentioning 

here that nuclear and hydro have been excluded from this analysis since, nuclear being 

the base load generator, had remained pretty constant with no seasonal variation of any 

kind and neither any change in the level or slope and on the other hand the share of hydro 

power is also too minimal to induce any strong change that would alter the pattern of 

other series in a significant way. When we look at the same month of January for the year 

2011 in figure 3.31, we can notice a remarkable shift in the level of the coal series and 
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even fluctuations that are of much greater magnitude than those found in January 2007 

figure 3.30.   

 

Figure 3.31 shows the production pattern for gas (brown), coal (blue), and renewable (green) for the month 
of Jan 2011.  The penetration and variability of coal is much more in comparison to Jan 2007. It has more 
or less a uniform trend with huge variations on some days. Though the pattern of variability appears to be 
the maximum for gas and which also displays a systematic cyclic pattern according to each hour of the day. 
The penetration from renewable had increased considerably and that seems to have changed the level and 
variability in the penetration of coal and gas. Renewable has a significant amount of unpredictable 
variation.  

There is a significant increase in the share of renewable energy and this change 

has huge accompanying unpredictable variations. The series for gas has a unique 

systematic daily seasonal pattern and hourly effects for the whole month. There is a 

prominent change in both the level as well as the slope of the series throughout the month 

which is quite similar to what was observed in January 2007 for the gas series in figure 

3.30. Marked significant variations in coal and gas series in January 2011 could be 

attributable to a much greater renewable energy penetration.  The ramping up cost for 

coal is less as compared to gas and on the whole both coal and gas generators fulfill for 

the deficiencies and irregularities emanating from the renewable resources.  
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Further we try to examine the variations and systematic patterns if any appearing 

in various series of coal, gas, and renewable for the first week of January 2007. Series for 

natural gas has a very clear periodic pattern with clear changes in trend, as appears in 

figure 3.32. 

 

Figure 3.32 reflects the production pattern for gas (brown), coal (blue), and renewable (green) for the first 
week of Jan 2007. Gas clearly has a daily seasonal pattern. There is a systematic evolution during the 
midnight, afternoon and the evening hours along with some change in trend during the course of the week. 
Coal has some associated variabilities but no pronounced change in level and slope during the week. Both 
coal and renewable seem to be devoid of any cyclic pattern but exhibit some variability on account of the 
cross correlations and the availability and dispatch of electric power. 

The daily seasonality is quite evident and variations are huge in comparison to 

any other series. The series for coal seem to be deprived of any cyclic pattern for the 

week. Though there are some occasional changes in the level. Renewable displays some 

unpredictable variation.  

Figure 3.33 presents the weekly pattern of the series for the first week of January 

2011. There is a strong indication of the changes that have come about in the structure of 

the power system on account of a huge penetration of renewable energy. Most of that 

effect has been absorbed by the coal generators. This is clear from the marked increase in 

0 20 40 60 80 100 120 140 160 180
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
x 10

4

hours

po
w

er
 p

ro
du

ct
io

n 
(M

W
H

s)

 

 

coal

gas

renewable



Texas Tech University, Kushal Bhalla, May 2013 

72 

the level and frequent changes in the slope of the coal series as compared to the first 

week of January 2007 depicted in figure 3.32.   

 

Figure 3.33 shows the production pattern for gas (brown), coal (blue) and renewable (green) for the first 
week of Jan 2011. The production for coal has really scaled up due to greater renewable energy penetration. 
This is so since coal plants act as spinning reserves to compensate for the deficiencies in renewable energy. 
Because of this we may notice a significant change in the structure of power produced from various 
sources. Gas still has a daily and hourly seasonal pattern but it’s marred by the play of renewable power 
into the electric mix. There is significant unpredictable variation in both coal and renewable sources. 

The system adapted efficiently to such a change since the spinning reserves for 

coal cost less to the generators and there are more flexible ramping up and ramping down 

constraints if substitution is done in a scheduled and planned manner through proper 

forecasting and evaluation. 

3.9 Visual analysis of evolution of selected series for the month of August and its 

first week, for year 2007 and 2011 

The power pattern from various sources for the month of August 2007 has been 

shown in figure 3.34. Natural gas has a very strong daily periodic pattern with ample 

variations both big and small. Coal has been consistent contributor for the month with 

some periodic pattern. The trend for coal had remained quite steady for the month. The 
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share of renewable power is small, inconsistent and ripe with unsystematic and 

unpredictable variations. However in August 2011, there is systematic periodic pattern 

quite evident in the series for both gas and coal, as is evident in figure 3.35.  

 

Figure 3.34 shows the evolution pattern for gas (brown), coal (blue), and renewable (green) during the 
month of August 2007. Gas clearly exhibits a daily and an hourly seasonal pattern with almost a uniform 
trend during the month. Coal has no significant change in level and slope and occasional variability is tuned 
to the changes in gas. The proportion of variability is far less for coal as compared to gas. This is because 
gas acts as a peak load generator and its production really catches up during the hot days of summer when 
the temperature suddenly peaks up. The production from renewable is far less in comparison to coal and 
gas which may be due to less availability of wind during the peak summer months. Renewable has huge 
amount of unsystematic variation.  

 

The variations are stronger in case of gas on account of its greater ability to adjust 

quickly to changes in demand for power. Ramping up and ramping down of gas 

generators is pretty efficient and economically viable as compared to the other fossil fuel 

generators. Coal is showing a regular and systematic daily cyclical pattern but no 

prominent change in the trend. Most of the changes in the structure of gas and coal could 

be due to the destabilization of the grid with greater renewable energy penetration. Both 
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coal and gas generators seem to be coping well with the vagaries of renewable energy 

especially wind.  

 

Figure 3.35 shows the evolution of gas (brown), coal (blue), and renewable (green) during the month of 
August 2011. The pattern for gas remains pretty much the same as in August 2007 with pervasive hourly 
and daily seasonal pattern. In addition coal is also exhibiting an hourly and a daily seasonal pattern but with 
lesser variability in comparison to gas. Both gas and coal have no significant change in level and slope for 
the month. The share for renewable in the total electric mix has really caught up and some distorted daily 
seasonality in wind seems to have fueled the coal seasonal pattern. 

Next we have a look at the configuration and design of the generation fuel mix for 

the first week of August 2007 shown graphically in figure 3.36. It is clear that renewable 

energy penetration was very small in comparison to coal and gas share. Gas has such a 

visible seasonal pattern with some change in trend. Coal had no significant change in 

trend except for some minor unsystematic variations. Most of the change in the demand 

had been apportioned by gas with significant regular swings capturing the hourly effects 

and the day of the week effects.    
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Figure 3.36 presents the growth of power produced from gas (brown), coal (blue), and renewable sources 
(green) for the first week of August 2007. None of the sources seem to have any prominent change in level 
and slope. There is a noticeable daily and hourly seasonal pattern for gas. Coal and renewable had 
performed pretty much at the same level. 

Figure 3.36 is now compared with the corresponding figure 3.37 that represents 

the power generation portfolio for the first week of August 2011 for the series of coal, 

gas, and renewable.   The greater renewable energy participation in the total electric mix 

has brought about changes in the functionality of gas and coal fired generators.  There is 

a systematic pattern that emerges with more penetration of renewable sources, especially 

wind into the electric grid. We can see that the renewable power sources and the fossil 

fuel sources tend to work in tandem. Greater renewable energy available during the 

evening and night hours brings a systematic reduction in the share of gas and coal fired 

power. This periodic pattern sustains throughout the first week of August and establishes 

a strong correlation between the renewable sources and the fossil fuel sources and would 

be harnessed to make reliable forecasts.  
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Figure 3.37 shows coal (blue) starting to exhibit some daily seasonal pattern emerging from the seasonality 
accrued by wind (green) during the first week of August 2011. This shows strong cross correlation between 
coal and renewable sources which became apparent at higher penetration levels of wind into the electric 
grid. The variability in gas (brown) is huge in comparison to coal and renewable. All the three series have 
started to exhibit a unique daily and an hourly seasonal pattern, though without and visible change in the 
trend. 

All the sources of power generation tend to exhibit a unique behavior of 

emergence and growth or decay, depending upon a particular time of the day, a particular 

day of the week, a particular month of the year , and the prevailing season at that time 

whether it is summer, winter, autumn or spring. Even more, the availability of fuel, 

transportation costs, operating and maintenance costs, technical advancements and 

efficiency, transmission costs, weather patterns, government mandates and subsidies tend 

to determine the pattern of evolution of different sources of power generation. Some 

sources are extremely efficient and reliable but are harmful for the environment, and then 

there are sources that are beneficial for the environment but tend to carry with them 

certain drawbacks of being unreliable, uncertain, unpredictable and risky. So there are 

various factors that drive the future course for various series. The demand for power in a 

region is also a crucial indicator that necessitates dependence on efficient and reliable 

sources of power generation.   
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3.10 Visual and graphical analysis of the mean hourly evolution of the selected series 

for various months 

In this section we will make an effort to examine the interaction between some of 

the time indicator variables for the various sources. The main interaction variables of 

interest that emerge from a preliminary analysis are the hour of the day and month 

interaction effect, hour of the day and week interaction effect, and month and day of the 

week interaction effect. We will try to graphically examine the effects of various 

interaction terms as they determine the evolution of power from various sources. We will 

examine at length the power evolution pattern for coal, gas and renewable sources only.  

In figure 3.38, we see the interaction effect of the mean hourly production pattern 

for coal series as pertaining to each month of the year. We can see that there is a 

significant variation in the amount of power produced from coal based upon a given 

month of the year. The mean power production goes from as low as 10000 MWH’s to as 

high as 16000 MWH’s.  The power production is maximum for the summer months of 

June, July, and August and minimum for the month of October and March. This explains 

that power production from coal shoots up during the summer months putting more 

pressure on the coal fired generators. This also reflects that the power demand is much 

higher during summer months as compared to the winter months. We can also notice 

from the time series plot that there is a sudden drop in the power production during the 

midnight and early morning hours. That certainly makes sense since most people go to 

sleep by midnight and there is a drop in the use of electric home appliances both 

industrial as well as domestic. The power production spurs back again to fulfill the 

demand during afternoon and the evening hours. The consistency and the uniformity of 

the power production pattern for all the months for various hours of the day show that 

coal is more or less a base load generator.  
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Figure 3.38 shows how the mean hourly output of power from coal has varied for different months of the 
year.  The mean hourly power production had been the highest for the month of July and August and lowest 
for the month of March followed by October. For all the months there had been a dip in the power 
production during the very early morning hours which ultimately catches up as the day progresses. The 
mean hourly output had been as high as 15500 MWHs during the peak summer months to as low as 11500 
MWHs during mid- spring and early winters. 

In figure 3.39, we do a visual examination of the hour of the day and month of the 

year interaction variable. The mean power production varies from a low of 5000 MWH’s 

to a high of 35000 MWH’s. We study the mean power production from gas generators for 

each hour of the day and do that for all the months. We can see that the power production 

is highest for the summer months of June, July and August on average.  

A slight difference in this graph, as compared to the coal power output is that, 

coal has consistently high production for particular months for all the hours of the day, 

whereas gas is showing a peculiar peeking up of power production during the afternoon 

and evening hours with clear difference between all the months. 
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Figure 3.39 posits the mean hourly power evolution pattern for gas resource for each month of the year. 
The power production pattern is dominated by high power production for the months of July and August 
followed by a low production for November. For gas there is a phenomenal increase in the power 
production during the noon hours which extends till late evening for most of the months except for the 
months of February, October, and November where the pattern is more or less evenly distributed for most 
of the hours. There is a dip in the power production during the late midnight hours i.e. quite similar to coal 
evolution. 

During the midnight hours the variability in the power production is less for all 

the months which is quite unlike the coal output where all the months have significantly 

different power production pattern on average even for the late night hours. Once again 

the winter months tend to be at the bottom of the power production spectrum. The sudden 

rise in power production during the afternoon and the evening hours further strengthen 

the fact that gas is used as a peak load generator on account of its higher efficiency and 

smaller ramp up and ramp down times. 

In figure 3.40, we see how the mean power produced from the renewable 

resources varies for different months at each hour of the day. This interaction variable 

shows a significant variability in the mean power production pattern for the different 

months. April, March and July months contribute significantly to the generation fuel mix 

on average.  
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Figure 3.40 shows the mean hourly power output pattern for renewable resource for each month of the year. 
There is a general decrease observed in all months during the noon hours which fades away both during the 
morning, evening, and midnight hours. The production pattern had been the highest for April and June for 
most of the hours and it has been the lowest for August and September. This shows the dominance of wind 
energy during the late spring and early summer time. 

However August and September have minimum amount of renewable power 

generation. This shows that season has a strong influence on the amount of renewable 

power generated, especially wind power. We mention here that in the renewable fuel mix 

wind has a share of more than 95%. So renewable is predominantly composed of wind 

energy. Moreover, we can see that the renewable power generation catches up during the 

late evening and midnight hours while it goes down during the noon hours on average. 

However, the share of renewable energy had been hovering in between a maximum of 

3500 MWH’s and a minimum of 1500 MWH’s on average for different hours of the day. 

3.11 Visual and graphical analysis of the mean hourly evolution of the selected series 

for different days of the week 

Next we graphically trace the mean hourly output interaction effect of amount of 

power produced from coal, gas and renewable generators for different days of the week. 

In figure 3.41, we can see that the mean coal power output undergoes a significant hourly 

variation for each day of the week.  
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Figure 3.41 showcases the mean hourly output from coal for each day of the week. This reflects upon the 
weekly pattern of power production from coal. The production is really low during the midnight and early 
morning hours especially during the weekends and then it goes up significantly as morning progresses and 
extends into the midnight when ultimately it starts falling down. Output appears to be the maximum on 
Friday followed by Thursday for most hours of the day. Coal exhibits a high production pattern of nearly 
14000 MWHs for most hours of the day. 

The output tends to be minimum on average for Saturday and Sunday and 

maximum for Friday and Thursday for most of the hours. We can also notice that there is 

a significant dip in the power production at the midnight and early morning hours. This is 

due to less industrial, commercial and residential consumption at those hours. The power 

production has varied from as low as 11700 MWH’s to as high as 14300 MWH’s for 

different hours of the day during a week. 

In figure 3.42, we can observe the evolution of the mean gas power output on an 

hourly basis for different days of the week. The shapes of the curves resemble the coal 

mean power output and there is conformance in their behavior for different hours of the 

day. Saturday and Sunday continue to have the minimum mean output for almost all the 

hours.  
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Figure 3.42 reflects the average hourly output from gas resource for each day of the week. The output is 
relatively high starting from the early morning, reaching highest during the afternoon hours and starts to 
fall down as the late evening hours sink in.  The pattern is comparatively low for the weekends as 
compared to all other days of the week for almost all the hours. There is a visible overlap in the output 
produced on all the days at the very early morning hours. The amount of variability has been huge for 
different hours of the day spreading from as low as 10000 MWHs to as high as nearly 20000 MWHs. 

On the other hand there is a lot of overlap in the output produced for the other 

days. Moreover there is a significant dip in the output produced during the midnight 

hours and that extends into the early morning hours. The mean power output from gas 

also maximizes during the noon and early evening hours and extend into late evening 

pretty much like the coal. However, the variation is more prominent and rapid for gas 

than for coal. The output reaches a maximum of almost 21000 MWH’s during the 

afternoon hours before ultimately dropping back to nearly 7000 MWH’s during the late 

night hours.  

The mean output from the renewables exhibit a uniform behavior for almost all 

the days of the week as exhibited in figure 3.43. However there is variation for the 

amount of power produced for each hour of the day. There is a maximum mean output of 

almost 3100 MWH’s during the midnight hours. The mean power output drops to as low 

as 2200 MWH’s during the noon hours. 
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Figure 3.43 shows enormous overlap in the mean hourly power output from renewable sources for almost 
all the days of the week. Though there is a prominent drop in power production during the noon hours and 
which ultimately fades into a high power output with gradual of late evening and late midnight hours. 

This shows an increasing amount of mean renewable power generation as we enter into 

the late evening, midnight, and early morning hours and a corresponding decrease in the 

output as we head from forenoon, into the noon, afternoon and early evening hours. 

3.12 Visual and graphical analysis of the mean monthly evolution of the selected 

series for different days of the week 

Further we try to understand the dynamism in the mean power generation from 

gas, coal and renewable sources for each day of the week in interaction with each month 

of the year. Such an interaction effect will help in understanding how the mean power 

output varied for each day of the week for different months of the year and will shed light 

on important seasonal effects present in various series. In figure 3.44, we can see an 

overlapping pattern among the different days of the week for the amount of power 

generation from coal for each month of the year. In general Saturday and Sunday 

continue to be the least power consuming days for almost all the months. The mean 

power production peaks around the summer months of June, July, and August (nearly 

15500 MWH’s) and tends to drop down as winters sink in. 
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Figure 3.44 sheds light on the average monthly power production pattern of coal for different days of the 
week. There is tremendous overlap in the amount of monthly power produced for different days of the 
week. Though, the output is clearly less during the weekends for all the months inclusive. However another 
structural feature that emerges from this month and day of the week interaction is that there is significantly 
less amount of power produced during the month of March and in between October and November for 
almost all the days of the week. Then we may also notice that the mean monthly power output is 
exceptionally high for the peak summer months and its true for all the days of the week.  

The mean power production from coal is the minimum during the month of 

March (almost 11000 MWH’s).  In figure 3.45, we see an overlap in the mean amount of 

power produced from gas for different days of the week. However Saturday and Sunday 

continue to be the least power consuming days in comparison to most other days. The 

difference here is much clearer for the weekends as compared to the rest of the days of 

the week. Gas registers a much more rapid and an intense increase in the amount of 

power generation for the summer months of June, July, and August as compared to the 

mean coal power generation for all the days of the week. The variation in mean gas 

power generation is much more for all the months of the year than coal. However the 

general pattern remains the same for all the days of the week for both coal and gas. It is 

clear that there is more demand for electrical power as summer progresses and much of 

the variation in demand is compensated by the gas generator whereas coal acts more like 

a base load generator. 
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Figure 3.45 exhibits a clear structural pattern in the evolution of mean monthly amount of power produced 
from gas resource for different days of the week. This shows a pattern of interaction between the day of the 
week and the month interaction variable. The power production is exceptionally high during the months of 
July and August and there is a low production during the winter and spring months for almost all the days 
of the week. Though, it is quite apparent that the output pattern is lowest for the weekends including 
Saturday and Sunday. The amount of variability is huge for gas as compared to coal and renewable 
resources. 

In figure 3.46, we can see the interaction effect of mean power output generated 

from renewable resources for different days of the week and various months of the year. 

Renewable power generation has got an overlapping and haphazard structure for the 

power produced for different days of the week. It is very hard to determine any 

systematic tendencies in the evolution of the mean power structure for different days of 

the week. However, one single thing which emerges out most vividly and looks straight 

into the face of the reader is the fact that there is more mean power output generation 

from wind during the months of March, April, May, and June. There is a significant fall 

in output for the months of July, August, and September and early October. But the 

power production pattern gradually catches back up in November and December months, 

ultimately to fall back again in January. This shows the variability and uncertainty hidden 

in the renewable wind resource. Availability of wind at any time is strongly determined 

by weather, temperature, atmospheric pressure, altitude etc.  
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Figure 3.46 showcases the mean monthly power evolution pattern of renewable energy for each day of the 
week. There is a lot of unsystematic overlap between the different days. The thing which appears most 
evident is the fact that there is decrease in the power output from renewable sources generally for all the 
weeks during the months of August and September when the output touches a low of almost 2000 MWHs. 
However there is a high production pattern for almost all the days during the spring season and during the 
winter months. 
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CHAPTER 4 

CONCEPTUAL FRAMEWORK 

Energy demand forecasts are essential for evaluating policies and strategies in 

order to achieve energy security and are also helpful for the electricity generation and 

distribution companies for making long term investment decisions (Bunn and Farmer 

1985). Sound electricity demand forecasts are necessary for both construction and 

assessment of future energy related policies and strategies. Electricity demand forecasts 

are necessary for the electric grid operator to maintain the generation and transmission of 

electricity at minimal costs and to secure demand even during times of failures and 

unexpected events related to the consumer behavior. Load demands are influenced by 

weather variables, seasonal effects (daily and weekly cycles, calendar holidays) and 

special events. Model selection is one of the most challenging phases of time series 

analysis (Harvey and Shephard 1993). An electricity demand forecasting model need be 

one that takes into consideration the seasonal fluctuations that arise due to changing 

climatic conditions and also takes into account the structural breaks. The electricity 

demand in the same month for different years ought to have similar variations.  It is very 

important to capture different levels of seasonality in the data. There is a need for 

accurate forecasts of the electricity load in both the short and long term. Short-term 

forecasting is important because the national grid requires a balance between the 

electricity produced and consumed at any moment in the day (Bunn and Farmer 1985). 

Long-term forecasting is relevant for the planning of new electricity utilities, and 

inaccurate forecasts have significant financial costs. 

Time series analysis of the electricity demand would certainly provide us with the 

means and the measures of generating accurate and reliable electricity demand forecasts.  

A time series is a set or a sequence of observations ordered in time. Time series consists 

of repeated measurements in time of the same phenomenon.  Business cycles and 

seasonality are the periodic components embedded in the time series (Enders 2004). As 

such the series might display a daily, hourly, weekly, quarterly or an annual cycle, and 

these cycles are generally multiple, overlapping and superimposed. The systematic 
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pattern in time series consists of a set of identifiable components. We need to filter out 

the noise in order to make the pattern more salient. A season repeats itself in systematic 

intervals over time. A trend represents a general linear or a nonlinear component. Usually 

in time series some aspect of the past pattern continues to remain in the future. The 

analysis of time series uncovers the dynamic evolution of observations measured over 

time. Data does not always reflect the dynamic properties of the system. The state of the 

time series is the unobserved dynamic process at time t.  A time series is said to be 

stationary if its underlying generating process is based on a constant mean, constant 

variance with its autocorrelation function essentially constant through time (Box, Jenkins 

and Reinsel 2008). The basic motive behind fitting a model to the time series data is to 

better understand the data or to predict future points. 

4.1 Box Jenkins ARIMA Model 

The most popular set of time series models are the ARIMA models. ARIMA 

models are in fact special cases of state space models. In ARIMA models we use past 

values of original time series and past values of errors to predict the most recent value. 

Such a time series analysis involves the WOLD DECOMPOSITION according to which 

every zero mean covariance stationary stochastic process can be broken down into two 

components, deterministic (based on values of Y) and undeterministic component (Box, 

Jenkins and Reinsel 2008) as shown in equation 4.1. 
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  are the lags of the differenced series also called as the autoregressive 
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 are lags of the forecast errors also called as the moving average 

component or the moving average composite error term constituting of the past error 

components and with q as the degree of moving average lags. In this model tu  (residuals) 
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should be white noise, 10  , and .1..,
0

2 


 ei
q

j

j  There is no covariance between 

time periods. The autoregressive component is deterministic and is known in time t. The 

moving average component is a weighted average of the previous error term. The biggest 

challenge in ARIMA modeling is to find the suitable number of lags to be included. This 

is a challenge since going back too many time periods may lead to an over specified 

model and going back only few time periods may lead to an underspecified model. 

Omission of an important variable could lead to an under fit model. The letter I in the 

acronym ARIMA stand for the order of integration or the number of differences taken to 

make the time series stationary. If differencing of the time series is done to make it 

stationary then it is called an integrated version of a stationary series (Box, Jenkins and 

Reinsel 2008; Wei 1989). Box Jenkins methodology is used to identify the appropriate 

number of autoregressive and moving average lags which comprises of the following 

three steps: 

1) Identification of p and q: The data should be stationary to fit in the framework. ACF 

and PACF plots are used to make an initial guess about p and q. If a time series is not 

stationary then it should be made stationary by transformation like differencing and 

logging. Lags of the differenced series and lags of the forecast errors are parts of the 

prediction equation (forecasting equation). 

2) Model estimation is done using either maximum likelihood or the conditional least 

squares. 

3) Model Validation: Omitted variables will lead to an under fit model. The consequence 

will be that the residuals will not be white noise and there will be autocorrelation left in 

the forecast errors. Box Ljung statistic is used to test this with null hypothesis of white 

noise residuals. The rejection of null hypothesis will indicate the presence of systematic 

noise in the residuals and the need to increase p and q. On the other hand too many 

variables will lead to an over fit model with the consequence that we will get 

insignificant t values.  The next step in this case will be to drop the insignificant 

parameters and re-estimate the model. Box Ljung statistic need be run again. In further 
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analysis of an over fit, significant t values will be indicative of the best fit model which 

can be verified using the AIC criteria.   

An AR (2) process can be written as 

                                                      tttt uYYY   2211   (4.2) 

and an ARMA (3, 2) process may be written as 

                                           2211332211   ttttttt uuuYYYY   (4.3) 

 Though the Box Jenkins (BJ) ARIMA models for time series analysis had been 

extremely popular still they have their own limitations. In BJ approach the model is 

determined purely by the data with no regard to the structure of the system which 

generated the data. Trend and seasonality that have a great intrinsic interest are 

eliminated in BJ approach by differencing and the estimates are obtained from 

differenced series by maximizing the residual mean square. The BJ identification 

procedure need not lead to a unique model (Harvey 1989).  Handling of regression 

effects, missing observations, calendar effects, multivariate observations and changes in 

coefficients over time are difficult to handle in the BJ approach.  

However, recently the state space models are being used extensively in time series 

analysis on account of better model properties, inferences and forecasts. Most of the 

ARIMA models can be represented as a reduced form of the state space model (Harvey 

1989). The linear Gaussian state space model handles time varying regression and 

regression with auto correlated errors straightforwardly.  We will discuss the state space 

models at length in section 4.3. 

4.2 Box Jenkins VAR Model 

In a situation where we have to capture the evolution and the interdependencies 

between the multiple time series then we may use econometric model called the vector 

autoregressive model which is a generalization of the autoregressive models and analog 

to multivariate systems. In VAR models the dependent variable is a vector now. The 
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VAR models capture the codependence between multiple time series through co 

integration of relations between them. For example they may be used to model the set of 

prices of corn and soybean moving together at a time. We can also model the impact of 

events on both the prices of corn and soybean as well as their cross correlation using the 

response functions. We may model how long a shock like a policy stays in the system.  

With VAR models we can capture multiple variables and have a system of equations in 

the model.  

In case of multivariate time series the VARIMA procedure is used to study the 

time relationships by modeling the contemporaneous correlations among the variables 

and their correlation’s to each other’s past values. It helps in modeling the dynamic 

relationship between the dependent variables and between the dependent and the 

independent variables. Order identification aids like the partial cross correlations, partial 

autoregressive coefficients, Akaike Information Criterion (AIC), Bayesian Information 

Criterion (BIC) etc. are used to determine the orders of the autoregressive or the moving 

average process or both. Presence of unit roots and cointegration in the multivariate time 

series can be detected. Vector error correction model can be used to deal with the 

problem of high dimensionality in the parameters of the VAR model. Least squares or the 

maximum likelihood estimation may be used to estimate the model parameters. Predicted 

values are found based on the parameter estimates and past values of the vector time 

series. Granger causality test can be done to determine the granger causal relationships 

between distinct groups of variables. Impulse response function may be used to 

determine the longevity of the shocks in the system.  

Suppose we have two variables Y1t (consumption) and Y2t (investment). In the AR 

(1) form the variables may be written as shown in equation 4.4 and 4.5. 

                                                                     ttt uYY 11,11    (4.4) 

                                                                     ttt uYY 21,22    (4.5)
 

 In the VAR form the two variables of consumption and investment may be 

written as shown in the matrix equation 4.6. 



Texas Tech University, Kushal Bhalla, May 2013 

92 

 

                                                 







































t

t

t

t

t

t

e

e

Y

Y

Y

Y

2

1

1,2

1,1

2221

1211

2

1





      (4.6) 

where 









2221

1211




 , 










t

t

t
Y

Y
Y

2

1 , 















1,2

1,1
1

t

t

t
Y

Y
Y ,  1,21,1

/
1   ttt YYY , and  

),0(~
2

1









 IN

e

e

t

t

t

 

Here, IN stands for multivariate independently normal. The mean of the residuals 

is zero and   is the covariance matrix that is unrestricted but positive definite. The 

diagonal elements of the covariance matrix will be the variances of the individual error 

terms. Further, we may write the matrix equation 4.6 into two separate equations, as 

shown in 4.7 and 4.8. 

                                                       tttt eYYY 11,2121,1111     (4.7) 

                                                                   tttt eYYY 11,2221,1212     (4.8) 

This model allows endogeneity between Y1 and Y2. VAR models capture the 

endogeneity between consumption and investment and also jointly determine the 

structure. More specifically the model says that the consumption in time period t may be 

influenced by the consumption in the previous period as well as by the investment in the 

previous period and some random component today.  

From the significance level of parameter estimates of the VAR model we can see 

whether the lagged values of Y2,t-1 inform us about Y1 in the current period or in other 

words whether Y2 granger causes Y1 and vice versa. In other words if 021  , then we 

may deduce that the lagged values of Y1,t-1 inform us about Y2 in the current period or Y1 

granger causes Y2. More specifically we may find whether the lagged values of one 

variable help improve prediction of the other variable or not. A joint hypothesis test may 

be used for determining granger causality among multiple time series.  
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To estimate the parameters we will have the following functional form:
 

                                                    
),(~/ 11  ttt YNYY 

 

                        Where 1)(  tt YYE  and  is the covariance matrix and we obtain the 

parameter estimates as follows: 
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and the covariance estimates will be /
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 ttt YY  . 

Now there are two main methods for further statistical inference. The two 

important questions that arise at this point of time are: 

1) Does knowledge of one variable help determine/predict the values of another variable? 

For example in the endogenous time series of corn and cattle prices the relevant question 

will be that does corn prices in period t help predict the cattle prices in period t+1. Do 

corn prices granger cause cattle prices as per the phenomenon of granger causality. 

2) How does the incremental change in one variable impact the evolution of another 

variable. For example if the input price for corn goes up then does that also affect the 

cattle price and vice versa.  

The impulse response function (IRF) helps us to identify that if a shock enters a 

system, for example if we have a time series of unemployment and if in a particular 

period the unemployment spikes high then does that decay slowly or stay for some time.  

Such a marginal impact analysis is possible through the impulse response function. 

Moreover if we have multiple time series then using the impulse response function we 

may find that if a shock is given to a single time series then how does it influence or 

impact the other time series. More specifically we may find the strength of the impact and 

also the duration of the impact i.e. how long does it impact. If corn prices have a positive 
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shock then what happens in the subsequent periods. The analysis is based upon the 

autocorrelation function.  

Mathematically the marginal impact may be shown as: 

                                                              
ijs

it

stjY




 



,  (4.10) 

Further we can have a plot of IRF  
ijs  vs. s for s=1, 2 … to see the impact of an 

increase in the additional time value (s). We may also have a cumulative IRF as follows: 
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4.3 Harvey’s Structural Models/Unobserved components time series models 

Multivariate linear Gaussian state space framework embeds a wide range of 

classic statistical time series models: classic autoregressive integrated moving average 

model, Harvey’s structural models, time varying models, constant regression models, and 

exponential smoothing methods. Unobserved component time series models are also 

known as structural time series models that are usually handled in a state space 

framework. In order to separately model the behavior of each component like trend, 

season, and cycle, sub models are designed which are later put together to form a single 

matrix model called the state space model. Random walks are basic elements in various 

state space models. Parameter identification is very important in all the models. Regularly 

sampled data reveal diurnal, weekly, monthly and even annual periodicities that give rise 

to complex frequency spectra with many peaks at the fundamental and harmonic periods 

associated with these cycles. As a result, we need a comprehensive and well formalized 

modeling strategy that would handle both signal extraction and seasonal adjustment. 

UK aggregate energy demand was estimated by Hunt et al. (2003) using the 

structural time series model. They concluded that stochastic trends and seasonals were 

better when modeling energy demand. A similar demonstration of the superiority of 

structural time series modeling technique in comparison to other time series modeling 
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ways of using cointegration techniques, artificial neural networks, and vector 

autoregression was put forward by Dimitropoulos et al. (2005) who investigated the 

sectoral aggregate energy demand of UK and found better results by using the stochastic 

rather than a deterministic trend. 

In a structural time series model the level and slope parameters are allowed to 

change or evolve over time. These parameters are essentially assumed to follow random 

walks (Harvey 1997).  In the structural time series model the preferred flexibility is 

achieved by having a stochastic trend. In a structural time series model the parameters 

change over time and explanatory variables are functions of time. The state space form of 

a structural time series model represents the true underlying state of a system with 

unobserved components including a trend. When new observations are introduced to the 

system, the estimate of unobservable components can be updated by means of a filtering 

procedure. The estimated parameters are carried into the future to make reliable 

predictions where as the best estimate of the state at any point is obtained by smoothing 

the algorithm. Sensible and reliable energy demand forecasts assist in financing and 

developing the necessary measures for the sustainable economic growth of a region. The 

faster the level and slope change, the more past observations are discounted and more 

weight is put on more recent observations. Kalman filtering technique is used to estimate 

the parameters that govern the evolution of the distinguished components and the same 

technique is used to generate forecasts. Even a smoothing algorithm is used to extract the 

various components (Harvey 1997).  Most of the structural time series models have an 

ARIMA reduced form and they usually give the same forecasts and have the same 

autocorrelation functions after differencing. Harvey favors the use of structural time 

series models since they carry the flexibility of a time series model combined with the 

interpretation of regression.  The various unobserved components are assumed to 

represent the salient features of the series (Harvey 1989). In a structural time series model 

(regression model) the explanatory variables are functions of time and the parameters are 

changing over time (Harvey and Koopman 1993).  Structural time series models consists 

of a representation for the state of the system which is usually done using unobserved 

components like trend, seasonal, cycle etc. When new observations are introduced into 
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the system, then a filtering procedure called the Kalman Filtering is used to update our 

estimate of the unobservable components. In order to make predictions, these estimated 

parameters are carried into the future, where as a smoothing algorithm is used to obtain 

the best estimate of the state at any point (Harvey and Shephard 1993; Commandeur and 

Koopman 2007; Durbin and Koopman 2001; Harvey and Proietti 2005). The 

cointegration vector approach (cointegration methodology) for energy demand 

relationships and unit root tests had been criticized, and even called misleading and 

unnecessary, by Harvey (1997) on account of its poor statistical properties and moreover 

there being no good reason to expect an economic time series to be stationary by 

differencing. However the structural time series modeling have no fundamental role of 

stationarity of time series, therefore, this approach combines the flexibility of time series 

with the interpretation of regression analysis (Harvey 1997; Harvey and Shephard 1993). 

The suitability of the structural time series model may be assessed by doing certain 

diagnostic tests and also by checking the consistency of the parameters with economic 

theory and prior intelligence. Larger variance of the state disturbances causes greater 

stochastic movements in the unobservable components. For example the level of the 

trend may shift up and down and similarly the slope may change (Harvey and Shephard 

1993). 

All the dynamics in the time series data are diagnosed simultaneously using the 

state space methods which provide an explicit structural framework for the 

decomposition of the time series. Components like trends and seasons are explicitly 

modeled in the state space approach. Stationarity of the time series is not required in state 

space methods (Harvey 1989).  Moreover missing data, time varying regression 

coefficients and multivariate extensions easily fit in the framework of state space models.  

In this study a comprehensive treatment of the state space approach to 

multivariate time series analysis has been done. State space time series analysis began 

with the path breaking paper of Kalman (1960) and much of the early developments took 

place in the field of engineering. In the state space framework of our study, we assume 

that the development over time of the electric power produced from various sources of 

power generation is determined by an unobserved series of vectors with which are 
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associated a series of observations. We try to infer the relevant properties of the state 

from our knowledge of the observations. Originally, the vector of observed time series 

consisted of electric power produced from coal, natural gas, hydro, nuclear, and 

renewable resources on a 15 minute interval, though we transformed it to an hourly data 

for ease of analysis without losing much information.. Among the renewable resources of 

power generation wind had the biggest share. In our structural time series model, the 

observed time series are regarded as made up of distinct components such as trend, 

season, cycle, regression elements and disturbance terms, each of which is modeled 

separately usually by random walk models. Each component has a different model called 

a sub model. All the component models are put together to form a single model called the 

linear Gaussian state space model. Such a model is very flexible and capable of handling 

a wide range of problems due to the Markovian nature and the recursive structure of the 

calculations. In a multivariate structural time series model with components such as 

trend, season, and cycle, the disturbances driving these components tend to link the 

various series through correlations.  

Adopting a structural time series approach, the linear Gaussian state space model 

with unobserved components is presented next. 

tttttttt

ttttttt

QVarandEwhereTtwithRT

HVarandEwhereTtwithZy





 )(......0)(....................,...,1.......

)(.......0)(.........................,...,1.......

1 



     (4.12) 

                                                                                                                        (4.13) 

This is the basic set up for the state space modeling. Equation (4.12) is called the 

observation or measurement equation whereas equation (4.13) is called the state equation 

or the transition equation whose elements are known to be generated by a first order 

markov process. The measurement equation is usually a standard multivariate linear 

regression model. In equation (4.12) ty is an N×1 vector of observations, tZ is an N×m 

system matrix, t is an m×1 state vector and t is an N×1 vector of observation 
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disturbances also known as the irregular component. In equation (4.13) tT is an m×m 

system matrix also known as the transition matrix, tR is an m×g system matrix and t is a 

g×1 vector of state disturbances. The covariance matrix tH is of dimension N×N and the 

covariance matrix tQ is of dimension g×g. Both the observation disturbances as well as the 

state disturbances are assumed to be serially uncorrelated and independent of each other 

at all times from Tt ,...,1 . We also define an initial state vector 0  with mean of 0a and 

a covariance matrix 0P , such that 

),(~ 000 PaN  

00 )( aE                                                                                                       (4.14) 

00 )( PVar                                                                                                                        (4.15) 

The observation disturbances are assumed to have zero means and an unknown 

variance covariance structure. Moreover, the observational disturbances t and the state 

disturbances t  are uncorrelated with each other at all time periods and also uncorrelated 

with the initial state 0 , that is  

TtsE st ,...,1,.........0)( /                                                                                      (4.16) 

TtforEandE tt ,...,1.........0)(......,......0)( /
0

/
0                                                          (4.17) 

The system matrices change with time in a pre-determined way. In this linear 

Gaussian state space model the observations at any given time t can be expressed as a 

linear combination of present and past observation disturbances, state disturbances and 

the initial state vector.  

Using a structural time series approach the model has been casted into a state 

space format to filter out the trends, cycles, and seasonal components that explain the 

underlying variabilities and the fluctuations in the electric power generation from various 
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sources. The development over time of the state vector is determined by the first order 

vector autoregression. The state space model would treat the trend, season, and cycle as 

stochastic components. After initialization, the computational algorithm in state space 

analysis uses Kalman filtering and smoothing recursions for the estimation of the state 

vector and its conditional variance matrix given the observations (Harvey, Koopman and 

Shephard 2004). The elements of the state vector are not observable; however they are 

supposed to be generated by a first order markov process. Provision of tax credits for 

renewable energy investment could be considered as an intervention variable that affects 

the evolution of various time series by strongly affecting the series for wind and other 

renewable sources of energy. Other explanatory variables like price of electricity if 

available could also be included in the analysis. All other disturbances are taken care of 

by the irregular component of the time series. 

A recursive linear filter called Kalman filter may also be used to obtain estimates 

of the unobservable for the same time period as the information set. We obtain the 

conditional density function of the unobservable using Bayes theorem. Other necessary 

information required for filtering will be an equation of motion and a functional form of 

the relationship of the unobservable with the observables. Finally we will need 

assumption regarding the distribution of the error terms. “The filter uses the current 

observation to predict the next period’s value of unobservable and then uses the 

realization next period to update that forecast. The linear Kalman filter is optimal, i.e. 

Minimum Mean Squared Error estimator if the observed variable and the noise are jointly 

Gaussian. Else, it is best among the class of linear filters”.  

Kalman filter is used to estimate the state of a process. It is a recursive solution. It 

supports estimation of past, present and future states. We need the estimated state from 

the previous time step and the current measurement to compute the estimate for the 

current state. The Kalman filter can be written as a single equation, but it is most often 

conceptualized as two distinct phases: "Predict" and "Update". The predict phase uses the 
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state estimate from the previous time step to produce an estimate of the state at the 

current time step. This predicted state estimate is also known as the a priori state estimate 

because, although it is an estimate of the state at the current time step, it does not include 

observation information from the current time step. In the update phase, the current a 

priori prediction is combined with current observation information to refine the state 

estimate. This improved estimate is termed the a posteriori state estimate. 

Kalman filtering is a recursive procedure for computing the optimal estimator of 

the state vector at time t based upon the information available at time t. The estimate of 

the state vector is updated as new observations become available. The system matrices 

along with a0 and P0 are assumed to be known in all time periods.  The objective of 

Kalman filter is to update our knowledge of the system each time a new observation is 

brought in. If we assume all distributions as normal then the conditional joint 

distributions of one set of observations given another set are also normal. In economics 

the emphasis is on making predictions of future observations based on a given sample 

and to find the estimate of the state at a given point in time based upon all the information 

available in the sample and not just a part of it. Prediction error decomposition helps in 

calculating the likelihood function based on the premise that the disturbances and the 

initial state vector are normally distributed. This helps in model specification, statistical 

testing and estimation of unknown parameters in the model.  We have to calculate 

recursively the distribution of the state vector conditional upon the information set 

available. We do this for t > 1 to T. These normal conditional distributions have a clear 

specification for the means and the covariance matrices. The mean of the conditional 

distribution of the state vector is an optimal estimator of the state vector in the sense that 

it minimizes the mean square error. Kalman filter delivers an optimal estimator of the 

state vector as each new observation becomes available. When all the observations have 

been used up then the Kalman filter yields the optimal estimator of the current state 

vector and the state vector in the next time period based on the full information set. The 

resultant estimator is used to make optimal predictions of future values of both the state 

and the observations. The parameters which govern the evolution of the trend are 
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estimated by maximum likelihood, again using the Kalman filter. Presented next is the set 

of recursive algorithms used in Kalman Filtering and Prediction based upon the state 

space model specified in equation (4.12) and (4.13) on page 97. 
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CHAPTER 5 

EMPIRICAL FRAMEWORK/METHODS AND PROCEDURES 

Time series analysis involves understanding the behavior and characteristics of a 

set or a sequence of data points that are measured at successive times spaced at uniform 

time intervals. The meaningful statistics pertaining to the sequence of data points that are 

extracted from time series analysis could be used to further predict data points or to 

forecast future events.  

The electric load time series, encountered in electricity demand forecast problems, 

is usually a high frequency data with periodic components and random fluctuations. If we 

are analyzing monthly or quarterly time series with an annual cycle, then the task might 

be a lot easier. However, a rapidly sampled data show a multiplicity of superimposed 

periodic patterns including annual, weekly and daily cycles which makes forecasting a 

formidable task.  The problem is to extract periodic signals from noisy time series. All 

the series have their own salient characteristics and behavioral patterns. At the same time 

all the series are greatly influenced by each other. This is most evident in case of greater 

renewable energy penetration into the grid which simultaneously demands more efficient 

allocation and scheduling of the spinning reserves, which have to come from coal and gas 

fired generators. Spinning reserves are further affected by the technological 

advancements that influence the ramping up and ramping down constraints of electric 

generators necessary to cover up for the shortages in renewable power and also the 

release of greenhouse gases. 

The choice of a suitable model to forecast the electric load is usually determined 

by the nature of the process. Every prediction model is designed with the hope of 

obtaining the characteristics of the system. To increase prediction precision there is a 

need to find more factors that relate to the system. Electricity consumption is affected by 

an array of factors, whereas only a minority of them can be harnessed in a forecasting 

model. Periodic behavior can be complicated to analyze in a rapidly sampled data. 

However, the unobserved component models provide a natural framework for the 
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estimation and forecasting of such periodic components. In a forecasting model it is 

pivotal to map the correlation between all the variables. We need to devise a 

comprehensive model that would help in understanding and analyzing the dynamic 

properties (underlying dynamics) of the different unobserved components (time varying) 

that make up the total electric demand. There will be a need to investigate the recurring 

and persistently changing patterns within days, weeks and years and various dynamic 

factors that tend to affect the seasons and the weather. The multiple seasonal patterns 

would involve separate interpretation of the dynamics of all the components.  

The initial analysis would involve testing each individual time series for random 

walk, stationarity and unit root. This will be accomplished by running an augmented 

dickey fuller test on selected series of available sources of electric power generation. An 

initial regression can be run through the following prediction equation for coal which is 

represented by C. 

                                             ttt eCC  1                                                 (5.1) 

A similar regression could be run on each time series of power generation. The 

prediction equation for the augmented dickey fuller test for series coal is presented next 

where C represents coal. 

                                   tjt

p

j

jtt CCtC   



 
1

1    (5.2)                                  

                                          where 1  jtjtjt CCC                                               (5.3) 

A random walk with drift test and Phillips Perron test will be run simultaneously 

to check for stationarity, unit root etc. for the selected time series. An equation for the 

random walk with drift test for coal is presented next: 

                                                  ttt uCC  110   (5.4) 

This way we can run a series of tests on various series and generate a list of 

descriptive statistics that will inform us about the behavior of a particular time series. It 
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will tell us about the presence of trend, seasonality, long term cycle, irregular cycles etc. 

that are present in the structure of time series. With this initial information we may 

extract all trends, seasonality present in the time series and pursue ARIMA modeling. All 

such models will be single equation models, since they will separately capture the 

structure and variability of each time series. We can see how a particular time series 

behaves over a period of time and try to generate some forecasts based upon initial 

predictions.  

5.1 ARIMA/VAR Models (Empirical Representation) 

Once it has been ascertained that out time series is a zero mean covariance 

stationary stochastic process, then prediction equation for the ARIMA modeling for coal 

would have the following functional form and Box Jenkins methodology may be used 

further to have the best model fit for our time series.  
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Any non-constant variance or time varying volatility in the time series can be 

handled using the ARCH, GARCH models. Once we have determined the best model for 

each individual time series representing each source of power generation then we may 

generate or forecast future data points that will help us in understanding future events.   

Further on we will deal with a system of equations wherein we will have a set of 

equations comprising of each individual source of electric power generation. Such a 

system of equations in time series is dealt with the vector autoregressive (VAR) models. 

The selected sources of power generation will constitute a set of endogenous variables of 

the VAR model. In VAR model we can treat all the selected sources of power generation 

symmetrically and evolution of each single source of power generation can be explained 

through an equation (linear function) that contains lags of that power resource and also 

the lags of all other endogenous sources of power generation and other explanatory 

variables. Hence the evolution of selected sources of power generation can described 
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using their past evolution. The model in equation form for any two sources coal ( tY1 ) and 

gas ( tY2 ) is presented in equation 5.6. 
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Further down model is represented in matrix form for the bivariate scenario of 

coal and gas in equation in 5.7.
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     (5.7) 

 

We could model five different sources of power generation available in the 

ERCOT region of Texas using five different equations in our VAR model.  A 

representative VAR (1) is presented in equation 5.8, where tC  is coal, tG  is gas, tH is 

hydro, tN  is nuclear, tR  is renewable. 
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  (5.8) 

Granger causality tests may be further done to instantiate issues like: 

1) Does knowledge of natural gas help determine/predict the values of coal? In the 

endogenous time series of the five different sources of electric power generation, the 

relevant question will be that does electric power generated from natural gas in period t 

help predict the electric power generated from coal in period t+1. Does natural gas power 

generation granger cause coal electric power generation as per the phenomenon of 

granger causality? 



Texas Tech University, Kushal Bhalla, May 2013 

106 

2) How does one additional unit of electric power generated from natural gas impact the 

evolution of coal electric power generation, nuclear electric power generation, and 

hydroelectric power generation? For example if the price of natural gas which is an input 

for natural gas power generation goes up then does that have an effect on the power 

produced from coal and vice versa. Such interesting causality issues will be studied in 

these VAR models using joint hypothesis testing under granger causality.  

We can also do marginal impact analysis using the impulse response function. 

The impulse response function (IRF) will help us identify that if a shock enters a system, 

for example if in the time series of coal power generation there is a sudden spur or a spike 

in the amount of power generation from coal then does that decay slowly and revert back 

to the mean or it stays in the system for some time.  Moreover given that we have a 

multiple time series constituting of all the different sources of electric power generation, 

then using the impulse response function we may investigate that if a shock is given to a 

single time series then how does it influence or impact the other time series. For example 

if there is an enormous increase in the electric power generation from renewable sources 

because of the implementation of renewable portfolio standards, production tax credits 

etc then how does this influence the power generation from other nonrenewable sources. 

More specifically we may find the strength of the impact and also the duration of the 

impact i.e. how long does it impact. If wind power generation has a positive shock in one 

period then we can analyze what happens in the subsequent periods. The analysis is based 

upon the autocorrelation function. Mathematically the marginal impact may be shown as: 

                                                              
ijs

it

stjW




 



,  (5.9) 

5.2 Structural Time Series State Space Modeling 

A bivariate unobserved component model for gas ( 1ty ) and coal ( 2ty ) has been 

presented next in equation 5.10 and equation 5.11 respectively, with state vector 

comprising of stochastic unobserved components namely trend ( t ), cycle ( t ), seasonal 

( t ) and an irregular component ( t ).  
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11111 ttttty    (5.10) 

                                                22222 ttttty    (5.11) 

We may write different sub models for each unobservable component. 

Trend has been represented comprising of a level and a slope (Commandeur and 

Koopman, 2007). The slope has a random walk process (Harvey, 1989). Therefore, we 

may write 

                                                  
tttt    11  (5.12) 

                                                            ttt   1  (5.13) 

Stochastic Cycle is represented as 
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where t is a cyclical function of time or the current value of the cycle with frequency c

measured in radians (Durbin and Koopman, 2001). The period of the cycle is
c

2 .  In the 

equations representing the cycle component t , 

t are white noise disturbances. For the 

model to be identifiable it is assumed that either these disturbances have the same 

variance or they are uncorrelated.  is a damping factor. We can see that this stochastic 

cycle is a vector AR (1) process.  

The seasonal is represented as 
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 (5.15) 

where jt and 

jt are zero mean white noise processes which are uncorrelated with each 

other, with a common variance 2
j (Durbin and Koopman 2001). The state space form 
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comprising of the measurement equation and the state transition equation is presented 

next in matrix form for the above stated bivariate model. 
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The transition equation represents the evolution of the state vector over time using 

a first order markov structure. We also assumed that the innovations in the measurement 

equation and innovations in the transition equation are independent.  

Kalman filter can be applied to a time series model that has been put into a state 

space form (Harvey 1989). The set of recursive algorithms can be used for prediction and 

smoothing. We can also say that Kalman filter is a recursive algorithm for the evaluation 

of moments of the normally distributed state vector conditional on the observed data. We 

find the conditional mean and the conditional variance of the state vector at time t using 

the available information at time t-1. We also find the one step ahead prediction error and 

the prediction error variance (Kalman 1960). Kalman filter is used for prediction and 

filtering. Kalman filtering algorithm is a forward recursion which computes one step 

ahead estimates. The unknown parameters of the state space model can be easily 

estimated from the output of the Kalman filter using the prediction error decomposition 

of the log likelihood function (Durbin and Koopman 2001). In other words maximum 

likelihood estimation via prediction error decomposition is used for the estimation of 

unknown parameters in the model. The vector of prediction errors and the prediction 

error variance matrices are computed from the Kalman filter recursions. Kalman filter 
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updates the mean and the covariance matrix of the conditional distribution of the state 

vector as more observations become available. Kalman filter is an optimal estimator in 

the sense that it minimizes the mean square error within the class of all linear estimators.
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CHAPTER 6 

RESULTS AND DISCUSSION 

The amount of carbon emissions from various fossil fuel based power plants has 

caught the attention of the environmentalists throughout the world. Efforts have been 

undertaken by various governments to curb the emissions of harmful greenhouse gases, 

through the adoption of renewable and green sources of energy. Such changes in the 

power production pattern of various utilities/generators have dramatically changed the 

energy landscape. Such transformations have changed the pattern of interdependence and 

cross correlations among the various sources of electric power production. These 

structural changes are bound to have their own effect on the generation fuel mix. In the 

ERCOT region of Texas there had been progressive reliance on renewable sources of 

energy especially wind and that has brought changes in the electric portfolio.  

Given this scenario it becomes imperative to understand the behavior of growth of 

various sources over a period of time and then draw some predictions about their future 

course. For our time series analysis we have time series for coal, gas, hydro, nuclear, and 

renewable. In previous section, after examining the pattern of production for nuclear and 

hydro, we realized that nuclear remains pretty much constant throughout the period and 

the share of hydro was too small to affect the power system in any significant way. 

Therefore, we use the three time series for gas, coal, and renewable in our analysis. We 

begin our analysis by modeling these three series together as a system of equations using 

the VAR model. The covariance stationary time series were modeled with inclusion of 

most significant lags until the 48th lag as a set of predictors for the trivariate response 

series.  

6.1 Granger causality and stationarity tests for the selected hourly series 

We begin further analysis by conducting the granger causality test to detect the 

influence of the past values of contemporaneous series on determining the future values 

of some of the series. The test results are presented next: 
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Table 6.1 Granger Causality Wald Test 

Test Group 1 Variables Group 2 Variables DF Chi-Square Pr > ChiSq 

1 Nuclear Coal, gas, renewable 288 1697.19 <.0001 

2 Renewable Coal, Gas 96 1460.08 <.0001 

3 Coal Gas 48 1988.70 <.0001 

  

The test was done on the past 48 lags that means past two days of the predictor 

series. We can see from the test results that knowledge of the past values of nuclear series 

do not help in predicting the future values for either coal, gas, or renewable. This means 

that nuclear power does not affect the future evolutionary path of coal, gas, and 

renewable series. This was expected since nuclear remains pretty much constant all the 

time except for the maintenance and the refueling periods when the nuclear plant is shut 

down. In our analysis we have included nuclear as dummy/indicator variables.  

It is further clear from the causality test that renewable as such does not influence 

the power production pattern of coal and gas. This could be due to the fact that as such 

the penetration level of renewable is much less in comparison to the other fossil fuel 

sources. Another fact about the power production pattern that emerges from the analysis 

is that lagged values of coal do not influence the power production from gas. This could 

be possible since coal is used as a base load generator and continues to produce power at 

a set level where as gas is used as a peak load generator and adjusts more quickly and 

rapidly to changes in the demand for electric power based upon weather and climate. 

However the test failed to detect some of the interesting causal relations among the 

series, however we will accommodate some of the series like renewable, coal and gas in 

our analysis since the test for causality is for the process that is responsible for producing 

power from the sources and somehow our data set may not be best able to reflect that. 

After establishing the causal relations between the various series, we further 

conduct the stationarity tests to see whether the mean and the variance parameters of the 

series are time varying or remain the same over a period of time. This test is important 

since for a stationary series any kind of external shock would tend to cause unexpected 



Texas Tech University, Kushal Bhalla, May 2013 

113 

fluctuations in the movement of the series but ultimately the series will revert back to its 

mean and that would help in attaining desirable properties like convergence. 

Table 6.2 Augmented Dickey-Fuller Unit Root Tests for Gas and Coal 

Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

Gas 

Zero Mean 48 -25.4227 0.0003 -3.51 0.0005   

Single Mean 48 -288.696 0.0001 -11.23 <.0001 63.08 0.0010 

Trend 48 -288.790 0.0001 -11.23 <.0001 63.10 0.0010 

Coal 

Zero Mean 48 -1.9863 0.3326 -0.95 0.3046   

Single Mean 48 -108.017 0.0001 -7.14 <.0001 25.50 0.0010 

Trend 48 -109.630 0.0001 -7.20 <.0001 25.90 0.0010 

 

The augmented dickey fuller tests support the fact that the gas and the coal series 

are stationary. This is quite evident from the test results where we reject the null 

hypothesis of unit root for both coal and gas in various versions of the test. To further 

consolidate the fact about the series being stationary, we conduct the Phillips Perron test 

and also the random walk with drift test. The test results for the series are presented next.  
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Table 6.3 Phillips Perron Unit Root Tests for Gas and Coal 

Type Lags Rho Pr < Rho Tau Pr < Tau 

Gas 

Zero Mean 0 -213.398 0.0001 -10.33 <.0001 
 1 -389.550 0.0001 -13.96 <.0001 
 2 -533.854 0.0001 -16.34 <.0001 
 3 -651.944 0.0001 -18.06 <.0001 
 4 -745.150 0.0001 -19.30 <.0001 
 5 -812.526 0.0001 -20.16 <.0001 
 6 -853.164 0.0001 -20.66 <.0001 
Single Mean 0 -1100.08 0.0001 -23.59 <.0001 
 1 -1999.59 0.0001 -31.72 <.0001 
 2 -2737.77 0.0001 -37.09 <.0001 
 3 -3342.90 0.0001 -40.96 <.0001 
 4 -3821.58 0.0001 -43.79 <.0001 
 5 -4168.93 0.0001 -45.73 <.0001 
 6 -4380.34 0.0001 -46.87 <.0001 
Trend 0 -1100.21 0.0001 -23.59 <.0001 
 1 -1999.84 0.0001 -31.72 <.0001 
 2 -2738.11 0.0001 -37.09 <.0001 
 3 -3343.32 0.0001 -40.96 <.0001 
 4 -3822.07 0.0001 -43.79 <.0001 
 5 -4169.46 0.0001 -45.73 <.0001 
 6 -4380.89 0.0001 -46.87 <.0001 

Coal 

Zero Mean 0 -23.2837 0.0006 -3.41 0.0007 
 1 -36.7588 <.0001 -4.28 <.0001 
 2 -45.4443 <.0001 -4.76 <.0001 
 3 -50.8046 <.0001 -5.04 <.0001 
 4 -53.4678 <.0001 -5.17 <.0001 
 5 -53.8868 <.0001 -5.19 <.0001 
 6 -52.5979 <.0001 -5.12 <.0001 
Single Mean 0 -843.560 0.0001 -20.63 <.0001 
 1 -1328.82 0.0001 -25.85 <.0001 
 2 -1643.92 0.0001 -28.73 <.0001 
 3 -1840.79 0.0001 -30.40 <.0001 
 4 -1941.72 0.0001 -31.22 <.0001 
 5 -1962.77 0.0001 -31.38 <.0001 
 6 -1922.99 0.0001 -31.07 <.0001 
Trend 0 -851.899 0.0001 -20.73 <.0001 
 1 -1341.88 0.0001 -25.97 <.0001 
 2 -1660.06 0.0001 -28.87 <.0001 
 3 -1858.89 0.0001 -30.55 <.0001 
 4 -1960.84 0.0001 -31.37 <.0001 
 5 -1982.14 0.0001 -31.54 <.0001 
 6 -1942.03 0.0001 -31.22 <.0001 
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Table 6.4 Random Walk with Drift Tests for Gas and Coal 

Type Lags Tau Pr < Tau 

Gas 

Drift 0 -10.33 <.0001 
 1 -33.89 <.0001 
 2 -26.35 <.0001 

Coal 

Type Lags Tau Pr < Tau 
Drift 0 -3.41 0.0007 

 1 -6.61 <.0001 
 2 -6.01 <.0001 

 

6.2 Comparing competing time series models using internal and external measures 

of fit  

From the test results we can see that our series for coal and gas have a time 

invariant mean and the variance. This ascertains that our series are covariance stationary 

which is a necessary condition for modeling the series using the Box Jenkins ARIMA and 

VAR models. For both the stationarity tests we reject the null hypothesis of unit root and 

therefore conclude that we fail to detect any non-stationary aspect in the series. However 

we cannot conclude that the series are stationary. We have hourly electric data for five 

years which is certainly ripe with abundant seasonal and cyclical patterns which will 

significantly contribute non-stationary features into the series and those features will need 

to be included in modeling the series using ARIMA, VAR models. 

Next we try to fit different competing models to the series for coal and gas. We 

try bivariate and univariate models. In the category of bivariate models we have the VAR 

model and in univariate cases we have the ARIMA and the unobserved components 

model (hereafter called UCM). We tried to investigate how well the models fit the data 

by using both internal and external residual measures of fit. The measures like mean 

square error, root mean square error, mean error, root mean square prediction error, mean 

absolute error, mean absolute percentage error, mean proportion error, R Square, and AIC 

and BIC. The following tables show the measures of fit values for the ARIMA, VAR, and 

the UCM models for the series of coal and gas.   
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Table 1.5 Measures of fit for Coal 

COAL ARIMA VAR UCM 

 I E I E I E 
MSE 0.00021 0.01374 0.00047 0.0352 0.00044 0.05564 

RMSE 0.0146 0.1172 0.0216 0.18753 0.020977 0.23589 
ME 0.000078 -0.0423 0.00001 -0.0207 -0.00002 -0.1280 

RMSPE 0.0146 0.1246 0.0217 0.18867 0.020977 0.26840 
MAE 0.0105 0.0878 0.01515 0.14802 0.0147 0.18855 

MAPE 0.1109 0.96 0.16 1.61 0.1554 2.069 
MPE 0.000006 -0.00482 -0.0000 -0.0027 -0.00000 -0.0144 

R Square 0.990911 0.79525 0.97998 0.4758 0.98077 0.1751 
AIC -263273  -14.078    
SBC -258250  -13.763    

   

For almost all the measures of fit the smallest error is for the ARIMA model. This 

ascertains the fact that ARIMA model which is a univariate time series model has come 

closest to depicting the data generation process for both coal and the gas series. The fact 

is true for both internal as well as the external measures of fit and for both the coal and 

the gas series.  

Table 6.6 Measures of fit for Gas 

GAS ARIMA VAR UCM 

 I E I E I E 
MSE 0.000364 0.00904 0.00146 0.0181 0.00053 0.0617 

RMSE 0.01907 0.09507 0.03821 0.1345 0.0231 0.2484 
ME -0.00003 0.02203 -0.0000 0.039 -0.0000 -0.2002 

RMSPE 0.01907 0.09759 0.03821 0.1400 0.0231 0.31905 
MAE 0.01299 0.07532 0.0274 0.1080 0.01595 0.2091 

MAPE 0.14 0.7832 0.2947 1.125 0.1722 2.15 
MPE -0.00001 0.0024 -0.0000 0.0039 -0.0000 -0.02055 

R Square 0.998536 0.91782 0.99412 0.8354 0.99799 0.4388 
AIC -242773  -14.078    
SBC -237768  -13.763    

 

6.3 Forecast plots for gas obtained from the ARIMA model 

Since ARIMA model did the best job in predicting the future values for coal and 

gas in terms of smallest measures of error, therefore we use the predictions/forecasts 

obtained from this model to understand the behavior of the series and the effect of 

different explanatory variables on the response series. We start with the forecast obtained 

for the gas resource. 
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Figure 6.1 shows the hourly forecasted and the predicted values for gas for the first six months of the year 
2012 obtained using the   ARIMA model. 

 
Figure 6.2 shows the hourly actual (red) and the forecasted (green) values of gas for the month of January 
2012 obtained using the ARIMA model. 

The forecasts seem synchronizing pretty well to the actual values for the first six 

months of 2012.  We can inspect and calibrate the forecasts to a greater degree of 

accuracy by visual inspection of the forecast plots for the month of January 2012, first 
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week of January 2012, the month of June 2012, and the first week of June 2012 as 

presented in figures 6.2, 6.3, 6.4, and 6.5. 

 

 
Figure 6.3 shows the hourly actual (red) and the forecasted (green) values of gas for the first week of 
January 2012 obtained using the ARIMA model. 

 
Figure 6.4 shows the hourly actual (red) and the forecasted values (green) of gas for the month of June 
2012 obtained using the ARIMA model. 
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Figure 6.5 shows the hourly actual (red) and the forecasted (green) values of gas for the first week of June 
2012 obtained using the ARIMA model. 

 
There is a remarkable conformance between the actual and the predicted values 

for both the months of January and June and a visible concordance between their 

corresponding values for the first week of January and June 2012.  The model seems to 

have come reasonably close to capturing the periodic pattern incumbent in the two series 

and the overlap between the actuals and the forecasted values is quite a strong testimony 

to that. 

6.4 Residual diagnostics of the forecasts of gas series from ARIMA model and 

parameter interpretation  

We also undertook some residual diagnostics to further establish and strengthen 

the fact that the residuals obtained from the model exhibit independence, randomness, 

homoscedasticity and normality which are the basic assumptions of the ARIMA model. 

We can observe the behavior of the residuals for coal and gas from the ACF, PACF, 

IACF plots, cross correlation plots and the normality plots.  

 



Texas Tech University, Kushal Bhalla, May 2013 

120 

 
Figure 6.6 shows the various correlation plots namely ACF, PACF, and the IACF plots for the residuals of 
gas obtained using the ARIMA model. 

 
 

 
Figure 6.7 shows the cross correlation plot for residuals of gas and coal obtained using the ARIMA model. 
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Figure 6.8 shows the normality diagnostics plots for the gas residuals obtained from the ARIMA model 

 

Looking at figures 6.6, 6.7, and 6.8 we can say that the model has been able to 

reasonably account for all the autocorrelation present in the series, as is evident from no 

correlation being significantly different from zero. Further there isn’t any cross 

correlation significantly different from zero. All this shows that the ARIMA model has 

done a suitable job in replicating the actual data generation process for the series of coal 

and gas. There is a little deviation from normality for the model residuals and we can see 

that the model is prone to producing outliers more than a normal distribution at both the 

ends as is visible in the quantile plot.  

Further we have the parameter estimates for the explanatory variables in table 6.7.  

From the parameter estimation we can see the effect of different explanatory variables on 

the power produced from gas resource. Most of the lagged values for gas, coal, and 

renewable, along with the external exogenous variables comprising of a set of 

explanatory variables and the nuclear indicator variables help in explaining the power 

production pattern from gas. The drop in the nuclear power production strongly affects 

the pattern of power production from gas.   
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Table 6.7 Conditional least squares estimation for Gas with the ARIMA model 

variable lag estimate Standard error t value p value 

gaslog 0 -7.91775 0.21545 -36.75 <.0001 
gaslog 1 1.40962 0.0045245 311.55 <.0001 
gaslog 2 -0.56436 0.0070442 -80.12 <.0001 
gaslog 3 0.11831 0.0070382 16.81 <.0001 
gaslog 4 -0.03269 0.0069582 -4.70 <.0001 
gaslog 5 -0.02605 0.0063975 -4.07 <.0001 
gaslog 6 0.02046 0.0033979 6.02 <.0001 
gaslog 22 0.02458 0.0034137 7.20 <.0001 
gaslog 23 0.03744 0.0064037 5.85 <.0001 
gaslog 24 0.56703 0.0093447 60.68 <.0001 
gaslog 25 -0.80176 0.01100 -72.92 <.0001 
gaslog 26 0.23814 0.0054352 43.81 <.0001 
gaslog 24 -0.42549 0.0075776 -56.15 <.0001 
gaslog 48 -0.20512 0.0076160 -26.93 <.0001 
coalog 0 -0.80469 0.0043312 -185.79 <.0001 
coalog 1 -0.06385 0.0041827 -15.26 <.0001 
coalog 2 -0.02430 0.0040370 -6.02 <.0001 
coalog 6 0.01207 0.0041030 2.94 0.0033 
coalog 9 0.0096098 0.0040972 2.35 0.0190 
coalog 10 0.0084978 0.0039853 2.13 0.0330 
coalog 11 0.0087272 0.0041018 2.13 0.0334 
coalog 12 0.01076 0.0039776 2.71 0.0068 
coalog 26 -0.01005 0.0039789 -2.52 0.0116 
coalog 38 -0.0089302 0.0039666 -2.25 0.0244 
coalog 43 0.01133 0.0039632 2.86 0.0043 
renlog 0 -0.13340 0.0007325 -182.13 <.0001 
renlog 1 -0.0057935 0.0007303 -7.93 <.0001 
renlog 3 0.0027787 0.0007085 3.92 <.0001 
renlog 4 0.0041653 0.0007171 5.81 <.0001 
renlog 5 0.0034630 0.0007181 4.82 <.0001 
renlog 6 0.0016418 0.0007355 2.23 0.0256 
renlog 8 0.0015137 0.0007069 2.14 0.0323 
renlog 9 0.0018694 0.0007279 2.57 0.0102 
renlog 11 0.0016932 0.0007212 2.35 0.0189 
renlog 30 -0.0017496 0.0006944 -2.52 0.0118 
renlog 35 -0.0016763 0.0006941 -2.41 0.0157 
totlog 0 2.42946 0.0090799 267.56 <.0001 
pgasr 0 -0.0007676 0.0001570 -4.89 <.0001 
pgasc 0 0.0008562 0.0003074 2.79 0.0053 
pgasi 0 0.00001409 0.0002309 0.06 0.9513 
fgas 0 -2.6457E-7 1.33922E-6 -0.20 0.8434 
hdd 0 -0.0000174 0.00005244 -0.33 0.7405 
cdd 0 0.00009542 0.00008221 1.16 0.2458 

pelecr 0 0.0002045 0.0002238 0.91 0.3608 
pelecc 0 -0.0001367 0.0002488 -0.55 0.5826 
peleci 0 0.0001271 0.0002358 0.54 0.5898 
pcoal 0 0.0026533 0.0011167 2.38 0.0175 
fcoal 0 1.16046E-6 1.23744E-6 0.94 0.3484 

n1 0 0.04108 0.0049701 8.27 <.0001 
n2 0 0.02449 0.0027285 8.97 <.0001 
n3 0 0.0033704 0.0011314 2.98 0.0029 

 

 

 



Texas Tech University, Kushal Bhalla, May 2013 

123 

We can say so since all nuclear indicator variables are highly significant. Any 

drop in the power production from the set production potential of nuclear has a striking 

effect on the gas power production. Moreover various external factors like price of coal, 

commercial and residential price of gas, total electric demand also affect the power 

production from gas as can be judged from the parameter estimates being highly 

significant. We can see that the industrial price of gas does not affect the power 

production and it’s quite surprising to see non-significant effect of temperature. Since the 

hourly data set that we have is an aggregate data set of all the utilities, therefore it would 

not accurately represent the actual changes in the amount of power produced in a given 

utility because of various external exogenous factors and the relation of gas production 

with the other resources.  

6.5 Forecast plots for coal obtained from the ARIMA model 

Further we try to investigate the evolution pattern of coal using the ARIMA 

model. From the forecast plot in figure 6.9 we can see that the ARIMA model has been 

able to reasonably address the power production pattern for coal for the first six months 

of 2012. There is a visible overlap between the forecasted values and the actual values for 

the forecast duration. The structural aspects of the time series have been suitably captured 

as is evident from the forecast plot. To ascertain our visual results we will further have a 

look at the forecasted pattern for the month of January and June and the first week of the 

respective months with the actuals. This way we may dig into the accuracy level of our 

forecasts in a better and a more refined way. 
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Figure 6.9 shows the hourly actual and the forecasted values of coal for the first six months of 2012 
obtained using the ARIMA model 

Further we present the plots for the actual and the forecasted values for coal for 

the months of January, June, and for their first weeks respectively. 
 

 
Figure 6.10 shows the hourly actual (red) and the forecasted values (green) for coal for the month of 
January obtained using the ARIMA model. 
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Figure 6.11 shows the hourly actual (red) and the forecasted (green) values for coal for the first week of 
January 2012 obtained using the ARIMA model. 

 
Figure 6.12 shows the hourly actual (red) and the forecasted (green) values for coal for the month of June 
2012 obtained using the ARIMA model. 
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Figure 6.13 shows the hourly actual (red) and the forecasted (green) values for coal for the first week of 
June 2012 obtained using the ARIMA model. 

From the visual inspection of the plots in figures 6.10, 6.11, 6.12, 6.13 we can see 

that the ARIMA model has done a reliable job in taking account of the existing periodic 

pattern and seasonal variations in the power production pattern of coal. There is high 

degree of concurrence and overlap between the actual and the forecasted values for coal 

resource in all the plots presented earlier. At this point of time we can say that the 

ARIMA model seems a reasonable model to capture the hourly power production pattern 

of gas and coal.  

6.6 Residual diagnostics of the forecasts of coal series from ARIMA model and 

parameter interpretation 

Having obtained the forecasts from the ARIMA model, now we will conduct 

some residual analysis to see whether the basic assumptions of the ARIMA model have 

been satisfied. The residuals obtained from the ARIMA model should exhibit 

independence, homoscedasticity, and normality to a reasonable degree of accuracy. We 

want to have residuals that do not have anything systematic remaining in them. The 

residuals should be white noise which means that they should be independently 

distributed random variables. For this analysis the necessary plots that reflect the 

randomness in the residuals, like the ACF, PACF, IACF, have been presented in figure 
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6.14. Even the histogram and the quantile plot of the residuals are presented in figure 

6.15 to check for normality. 

 

 
Figure 6.14 shows the trend and correlation analysis for coal done using the residuals obtained from the 
forecasted values of the ARIMA model. The ACF, PACF, and the IACF plots show no autocorrelation 
being significantly different from zero. 

From the residual plots we can see that we have been able to capture most of the 

systematic variation present in coal in our ARIMA model. There is no significant 

autocorrelation or cross correlation left in the coal series as is clear from figure 6.14 and 

6.16 respectively. The ACF and the PACF plots show that there is no correlation 

significantly different from zero. 
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Figure 6.15 shows the normality diagnostic plots of the residuals of coal obtained using the ARIMA 
forecasting model. 

 

 

 

 

Figure 6.16 shows the cross correlation analysis of the residuals of coal and gas obtained from the ARIMA 
model. 

  

Moreover the histogram and the quantile plot establish the case for the normality 

of the residuals to a reasonable degree of accuracy. These plots strengthen our case for 

the behavior of the residuals which should be such that there is no systematic component 
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left in the residuals that would have otherwise explained the power production pattern 

from the coal resource.  

Next we try to understand the effect of different lagged explanatory variables 

including those of coal, gas, and renewable, and some other exogenous predictor 

variables including the dummy indicator variables for the nuclear resource. The effect of 

temperature, prices of different resources and electricity prices, total electric demand and 

fuel consumption can be judged from this.  

The parameter estimates reveal the fact that some of the lagged values for coal, 

gas, and renewable significantly affect the power production from coal resource. The 

lagged values extend from the most recent hour to almost two days back and we can see 

that even the 48th lagged value of gas and the 42nd lagged value for renewable is having 

an effect on the coal power production. The total electric demand and the fuel 

consumption of coal are related with the amount of power produced from coal. The 

industrial electricity price and the fuel consumption of gas also affect the coal power 

production in a significant way. We can see that as the industrial price of electricity goes 

up the coal power production goes down and as the gas fuel consumption increases the 

coal power production goes down. This information can help us better understand the 

electric power production system and the system domain in a better way and make smart 

decisions about the power production in the future. Another interesting thing is that the 

nuclear drop in power production affects the coal power production at all times and at 

varying levels. Coal production increases quite considerably when the nuclear power 

production goes below a mark of 3000 MWHs. Then there is a stronger effect for a drop 

below 4000 MWHs than for a drop below 5000 MWHs. This shows that coal power 

production is quite significantly affected when the nuclear shuts down for refueling or for 

normal repair and maintenance schedules.   
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Table 6.8 Conditional least squares estimation for Coal with the ARIMA model 

variable lag estimate Standard error t value p value 

coalog 0 -1.72353 0.14822 -11.63 <.0001 
coalog 1 1.47569 0.0045754 322.53 <.0001 
coalog 2 -0.64990 0.0081452 -79.79 <.0001 
coalog 3 0.15466 0.0083897 18.44 <.0001 
coalog 4 -0.08234 0.0059962 -13.73 <.0001 
coalog 6 0.02157 0.0024577 8.78 <.0001 
coalog 19 0.02491 0.0015238 16.35 <.0001 
coalog 23 0.07010 0.0037367 18.76 <.0001 
coalog 25 -0.05238 0.0032068 -16.34 <.0001 
coalog 48 0.0048858 0.0014579 3.35 0.0008 
coalog 72 0.06557 0.0038336 17.10 <.0001 
coalog 73 -0.05522 0.0037871 -14.58 <.0001 
coalog 24 0.07673 0.0066837 11.48 <.0001 
coalog 48 0.07078 0.0048060 14.73 <.0001 
gaslog 0 -0.53142 0.0027705 -191.81 <.0001 
gaslog 1 -0.02735 0.0022697 -12.05 <.0001 
gaslog 3 -0.0096852 0.0022402 -4.32 <.0001 
gaslog 4 -0.01350 0.0021122 -6.39 <.0001 
gaslog 6 0.0080721 0.0022279 3.62 0.0003 
gaslog 7 0.0067595 0.0021009 3.22 0.0013 
gaslog 8 0.0051792 0.0021026 2.46 0.0138 
gaslog 12 0.0058820 0.0022209 2.65 0.0081 
gaslog 21 0.0053373 0.0020611 2.59 0.0096 
gaslog 22 0.0062283 0.0020733 3.00 0.0027 
gaslog 33 -0.0081016 0.0020603 -3.93 <.0001 
gaslog 34 -0.0049474 0.0020504 -2.41 0.0158 
gaslog 35 -0.0062251 0.0021834 -2.85 0.0044 
gaslog 46 0.0073717 0.0020723 3.56 0.0004 
gaslog 48 0.0047512 0.0020621 2.30 0.0212 
renlog 0 -0.09693 0.0006323 -153.31 <.0001 
renlog 1 -0.0030000 0.0006065 -4.95 <.0001 
renlog 3 0.0021855 0.0006005 3.64 0.0003 
renlog 5 0.0016759 0.0005724 2.93 0.0034 
renlog 6 0.0016140 0.0006052 2.67 0.0077 
renlog 12 0.0012463 0.0005972 2.09 0.0369 
renlog 19 -0.0014691 0.0005628 -2.61 0.0090 
renlog 35 -0.0023065 0.0005932 -3.89 0.0001 
renlog 42 -0.0013297 0.0005621 -2.37 0.0180 
totlog 0 1.60772 0.0093560 171.84 <.0001 
pcoal 0 -0.0006673 0.0008439 -0.79 0.4291 
fcoal 0 3.45283E-6 9.52826E-7 3.62 0.0003 
hdd 0 -8.1536E-6 0.00004027 -0.20 0.8396 
cdd 0 0.00006241 0.00006395 0.98 0.3291 

pelecr 0 -0.0002126 0.0001722 -1.23 0.2171 
pelecc 0 0.0002953 0.0001920 1.54 0.1239 
peleci 0 -0.0003224 0.0001805 -1.79 0.0741 
pgasr 0 0.00002501 0.0001213 0.21 0.8366 
pgasc 0 0.00007285 0.0002389 0.30 0.7604 
pgasi 0 -0.0000257 0.0001759 -0.15 0.8840 
fgas 0 -3.2986E-6 1.0372E-6 -3.18 0.0015 
n1 0 0.02630 0.0039204 6.71 <.0001 
n2 0 0.01351 0.0021496 6.29 <.0001 
n3 0 0.0016583 0.0008845 1.87 0.0608 
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6.7 Granger Causality and stationarity tests of gas and coal series for the selected 

hours of the day 

In this section we try to investigate the same production pattern for the available 

resources, but now we shift our focus to some of the hours of the day as an effort to get 

rid of the unnecessary noise in the system. We will try to evaluate a set of competing 

models which will be individually tailored for each hour of the day. This way we will end 

up having hourly load forecasts for different time horizons. This helps in getting rid of 

the complexity of modeling the intraday power production pattern for the coal and gas 

resource. The intraday pattern or the daily load profile, is a daunting task to capture in 

any model to a reasonable level of accuracy, since the daily load profile varies for 

different days of the week and for different parts of the year in a complex dynamic 

pattern. For some of the hours, there had been a pretty constant output pattern for most of 

the resources, whereas for some other hours we can see a noticeable change in the 

production pattern for gas, coal, and renewable. The impending changes are based upon 

the time of the day, the day of the week, the season of the year. For most of the time in 

the year the nuclear and the coal act as the base load generator and fulfill that portion of 

demand for electric power that remains constant irrespective of the season being either 

winter or summer. On the other hand the gas generator acts both as the base load as well 

as the peak load generator. Gas acts as a peak load generator because of higher efficiency 

as well as smaller ramp up and ramp down constraints. Coal needs more time for ramping 

up and ramping down. Moreover in this trade off gas is more reliable as compared to coal 

in terms of fuel efficiency whereas coal is preferred for economic efficiency. In the long 

run when we have reliable forecasts for the availability of wind in the region and the 

necessary pre planning is done for the allocation of power production among the various 

generators then it is always coal generators that are more economical in terms of 

compensating for all deficiencies in wind. This is because wind always has a slowly 

increasing and a slowly decreasing curve and it never stops abruptly. This gives enough 

time for the coal generators to speed up production and fill in the gaps generated by the 

intermittent wind power. The greater dependency on coal in this situation of higher wind 

penetration raises important questions about the worth and benefits of having more 
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renewable energy. If this energy is coming at the cost of greater carbon emissions then 

that completely defeats the basic purpose of having more renewable power to protect and 

safeguard the environment.  

Studying the hourly evolution of different resources is going to provide a better 

understanding about the effect of the changing pattern of power production for the most 

important hours of the day when there is great substitution going on between the various 

resources depending upon their availability and feasibility of integration with the electric 

grid. Such hourly analysis can aid in better understanding the emergence pattern of 

various resources especially when those hours would be a crucial factor determining their 

interdependence and cross correlations. There is interesting mutual interdependence 

between the various resources during the power congestion periods and under provision 

of government mandates. There are few hours when the generation fuel mix undergoes 

vivid changes on account of sudden and unexpected shifts in the electric demand in the 

region. So, instead of studying all the hours of evolution which certainly increases the 

system noise and disturbance it sounds peremptory to divert attention to the output 

pattern of various resources for some of the hours which strongly affect the power 

allotment, sharing and evolution of the resources. Such a change when studied for 

individual components representing the hourly evolution would aid in better 

understanding the power distribution and growth of the system. 

Structural time series models or the unobserved component models provide an 

efficient way of decomposing the daily series for different hours into its various 

components like the trend consisting of the level and slope, seasonal, cyclic patterns, 

linear and nonlinear regression effects which could be time varying or time invariant, and 

some intervention effects, and the irregular components. These components can be put 

into a state space framework for either the individual series in which case it becomes a 

univariate time series analysis or multiple series can be modeled together in a state space 

framework in which case it becomes a multivariate time series analysis.  

We will first study the individual series and decompose their daily values for the 

selected hourly series into their most befitting components and try to analyze their 



Texas Tech University, Kushal Bhalla, May 2013 

133 

behavior and emergence pattern. The important part of our analysis is to gauge the effect 

of renewable energy penetration into the grid on the evolution of gas and coal resources 

which both constitute around 65% of the generation fuel mix. Therefore we will analyze 

the effect of renewable as an independent exogenous predictor variable with both time 

varying and time unvarying regression coefficients on our important generators coal and 

gas. Further, we will undertake a structural bivariate time series analysis of coal and gas 

and use a suitable state space framework and Kalman filtering to obtain the smoothed 

estimates of the components that clearly represent the salient characteristics and stylized 

facts about the behavior of daily values for the selected hourly series.  

Upon close examination of the hourly evolution pattern for different resources we 

find that most interesting changes in the mean production output happens during the 

morning, noon, evening, and the late evening hours. These are the hours which will really 

affect the amount of power produced from various resources. Especially it will be the 

availability of wind resource during these hours which will be crucial in terms of 

understanding the production output form gas and coal resources. With greater 

penetration of wind and availability of reliable forecasts there can be timely integration of 

spinning coal reserves into the power production pattern to circumvent the gaps in the 

generation of wind power. 

The hourly analysis of gas and coal will make sense since these are the main 

contributors of power into the electric grid. Any change in these resources is ought to 

affect the power distribution, production and pricing. Modeling the renewable is a 

daunting task but we can more closely observe the effect of change in the availability of 

renewable resources on the evolution of coal and gas.  Then we may also see the effect of 

nuclear power availability on the output production pattern of gas and coal.  

State space framework provides a medium for modeling the structural 

components of time series. The effect of stochastic components can be measured 

explicitly and their smoothed values can be plotted individually or as a sum. The 

unobserved components model for coal and gas will enable us to study the main 

characteristics of these series and their underlying mechanism that dictates their 
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evolution. More specifically we will model the trend comprising of the level and slope 

components, seasonal components, and the cyclic components along with the irregular 

component. This analysis will shed light on the evolutionary behavior of these time 

series.  

Upon an initial run of some of the candidate state space models, it was observed 

that an integrated random walk model which has a changing level and a fixed slope, 

followed by two deterministic cycles (yearly and half yearly) and a weekly seasonality 

and an error term modeled as a ARMA (1, 1), and finally with the inclusion of renewable 

and nuclear as the predictor variables tend to represent the daily hourly evolution of the 

gas and coal series quite adequately. So individual time series analysis was undertaken 

for the gas and coal series using the unobserved components modeling framework as 

proposed by Harvey (1989), Durbin and Koopman (2001).  

To begin the hourly analysis we conduct a granger causality test for coal and gas 

for the selected series representing different hours of the day and the results are shown in 

table 6.9. The test was conducted on four sets of series for coal and gas as they are related 

to nuclear, hydro and renewable resources. The test results show that the lagged values of 

nuclear give information about the future values of coal, gas and renewable for almost all 

the hours. This information is going to prove really handy in terms of understanding the 

relationships that exist between the various series and how well we may capture the 

selected hourly dynamics. Another piece of information emerging from the causality test 

is that the lagged values of the renewable power production really help in shaping the 

hourly future values for both gas and coal for all the selected hours. This information is 

pivotal since in the coming future the renewable energy penetration is going to increase 

tremendously into the power grid and this will certainly impact the structure of the 

generation fuel mix. If we understand the degree of impact of renewable power 

penetration on both coal and gas then we can manage the electric grid in an effective 

way.    
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Table 6.9 Granger Causality Wald Test for different resources for hour 9 am, 1 pm, 9 pm, and 12 am 

Test Group 1 Variables Group 2 Variables DF Chi-Square Pr > ChiSq 

HOUR 9 AM 

1 Nuclear Coal, gas, renewable 42 61.64 0.0257 

2 Renewable Coal, Gas 14 10.28 0.7418 

3 Coal Gas 7 49.48 <.0001 

HOUR 1 PM 

1 Nuclear Coal, gas, renewable 42 37.85 0.6536 

2 Renewable Coal, Gas 14 19.62 0.1427 

3 Coal Gas 7 34.87 <.0001 

HOUR 9 PM 

1 Nuclear Coal, gas, renewable 42 54.32 0.0964 

2 Renewable Coal, Gas 14 18.20 0.1980 

3 Coal Gas 7 22.12 0.0024 

HOUR 12 AM 

1 Nuclear Coal, gas, renewable 42 55.44 0.0800 

2 Renewable Coal, Gas 14 9.92 0.7678 

3 Coal Gas 7 29.07 0.0001 

 

Further we try to see the behavior of the series in terms of stationarity and unit 

roots if any present in any of the lagged values. For this we conduct a bunch of tests such 

as the augmented dickey fuller test, Phillips Peron test, and the random walk with drift 

test to check for the presence of non-stationary features on any of the hourly series.  

The results of the augmented dickey fuller tests (table 6.10) indicate a unit root 

for almost all the four coal series, whereas the test strongly rejects the null hypothesis of 

unit root for all the four series of gas. Augmented dickey fuller test also accounts for the 

nonlinear functions of the unit root which makes it a really strong test to detect the 

presence of non-stationary features in a time series. Given the results from this test, we 

will have to suitably difference the coal series by taking the first difference and the 

seasonal difference while fitting the ARIMA, VAR models. All the four gas series are 

stationary which means that whatever may be the shocks or the disturbances to the series, 

it ultimately reverts back to its mean and has a constant variance.  
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Table 6.10 Augmented Dickey-Fuller Unit Root Tests for Gas and Coal for selected hours 

HOUR Type Lags Rho Pr < Rho Tau Pr < Tau F Pr > F 

 

 

 

 

9 AM 

Gas 

Zero Mean 14 -2.9265 0.2402 -1.18 0.2187   
Single Mean 14 -118.985 0.0001 -6.49 <.0001 21.06 0.0010 
Trend 14 -120.025 0.0001 -6.49 <.0001 21.11 0.0010 

Coal 

Zero Mean 14 -0.2865 0.6179 -0.33 0.5657   
Single Mean 14 -20.1421 0.0113 -3.04 0.0321 4.63 0.0488 
Trend 14 -20.4940 0.0629 -3.08 0.1123 4.77 0.2162 

 

 

 

 

1 PM 

Gas 

Zero Mean 14 -2.0383 0.3265 -0.86 0.3437   
Single Mean 14 -24.8018 0.0039 -3.26 0.0173 5.35 0.0259 
Trend 14 -24.8016 0.0254 -3.26 0.0731 5.42 0.0955 

Coal 

Zero Mean 14 -0.0039 0.6822 -0.00 0.6817   
Single Mean 14 -16.9566 0.0246 -2.65 0.0829 3.59 0.1494 
Trend 14 -18.7985 0.0888 -2.85 0.1783 4.22 0.3268 

 

 

 

 

9 PM 

Gas 

Zero Mean 14 -2.0330 0.3271 -0.91 0.3223   
Single Mean 14 -29.6690 0.0019 -3.59 0.0062 6.47 0.0010 
Trend 14 -29.6090 0.0088 -3.59 0.0314 6.51 0.0429 

Coal 

Zero Mean 14 -0.0223 0.6780 -0.03 0.6744   
Single Mean 14 -19.4763 0.0133 -2.87 0.0495 4.19 0.0748 
Trend 14 -22.0916 0.0452 -3.11 0.1038 4.94 0.1809 

 

 

 

 

12 AM 

Gas 

Zero Mean 14 -3.0681 0.2291 -1.15 0.2276   
Single Mean 14 -37.3398 0.0019 -3.99 0.0016 7.97 0.0010 
Trend 14 -37.3088 0.0015 -3.99 0.0092 8.07 0.0053 

Coal 

Zero Mean 14 -0.1799 0.6421 -0.21 0.6118   
Single Mean 14 -16.8100 0.0255 -2.76 0.0653 3.82 0.0973 
Trend 14 -17.0881 0.1244 -2.79 0.2005 3.94 0.3825 

 

In the series of stationarity tests, the next test that follows is the Phillips Perron 

test.  The test results (table 6.11, table 6.12) indicate some non-stationarity for the coal 

series for the selected hours. However, the test more or less favors both hourly series of 

coal and gas for all the hours to be devoid of any significant unit roots especially for the 

single mean and the trend types.   
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Table 6.11 Phillips-Perron Unit Root Tests for Gas and Coal for hour 9 AM and 1 PM 

Type Lags Hr Rho Pr < 

Rho 

Tau Pr < 

Tau 

Hr Rho Pr < 

Rho 

Tau Pr < 

Tau 

Gas 

Zero Mean 0  
 
 
 
 
 
 
 
 
 

9 
AM 

-41.2824 <.0001 -4.55 <.0001  
 
 
 
 
 
 
 
 
 

1  
PM 

-21.3155 0.0011 -3.22 0.0013 
 1 -41.0052 <.0001 -4.54 <.0001 -19.7761 0.0018 -3.10 0.0020 
 2 -33.5064 <.0001 -4.10 <.0001 -16.4857 0.0047 -2.83 0.0047 
 3 -27.1811 0.0001 -3.70 0.0002 -13.5906 0.0103 -2.56 0.0104 
 4 -21.8771 0.0009 -3.32 0.0009 -11.3207 0.0193 -2.32 0.0195 
 5 -16.6904 0.0044 -2.90 0.0037 -9.2541 0.0349 -2.09 0.0352 
 6 -13.6327 0.0102 -2.63 0.0085 -7.8055 0.0535 -1.91 0.0536 
Single Mean 0 -543.495 0.0001 -17.72 <.0001 -162.424 0.0001 -9.19 <.0001 
 1 -590.498 0.0001 -18.36 <.0001 -157.095 0.0001 -9.05 <.0001 
 2 -554.283 0.0001 -17.87 <.0001 -139.427 0.0001 -8.54 <.0001 
 3 -522.336 0.0001 -17.42 <.0001 -124.282 0.0001 -8.09 <.0001 
 4 -496.461 0.0001 -17.06 <.0001 -113.312 0.0001 -7.74 <.0001 
 5 -470.296 0.0001 -16.69 <.0001 -103.661 0.0001 -7.43 <.0001 
 6 -466.002 0.0001 -16.62 <.0001 -98.2149 0.0019 -7.24 <.0001 
Trend 0 -545.827 0.0001 -17.76 <.0001 -162.477 0.0001 -9.19 <.0001 
 1 -593.224 0.0001 -18.40 <.0001 -157.148 0.0001 -9.04 <.0001 
 2 -557.038 0.0001 -17.91 <.0001 -139.475 0.0001 -8.54 <.0001 
 3 -525.055 0.0001 -17.47 <.0001 -124.326 0.0001 -8.09 <.0001 
 4 -499.113 0.0001 -17.11 <.0001 -113.354 0.0001 -7.74 <.0001 
 5 -472.856 0.0001 -16.73 <.0001 -103.700 0.0001 -7.43 <.0001 
 6 -468.527 0.0001 -16.67 <.0001 -98.2541 0.0008 -7.24 <.0001 

Coal 

Zero Mean 0  
 
 
 
 
 
 
 
 
 

9 
AM 

-6.5831 0.0771 -1.80 0.0682  
 
 
 
 
 
 
 
 
 

1 
PM 

-3.5866 0.1934 -1.28 0.1861 
 1 -5.0945 0.1210 -1.58 0.1074 -2.2717 0.3007 -0.99 0.2872 
 2 -3.6108 0.1919 -1.33 0.1713 -1.6525 0.3743 -0.83 0.3594 
 3 -2.7997 0.2507 -1.16 0.2234 -1.2254 0.4360 -0.69 0.4187 
 4 -2.3180 0.2959 -1.06 0.2628 -1.0383 0.4665 -0.62 0.4476 
 5 -1.7737 0.3585 -0.92 0.3187 -0.8424 0.5012 -0.55 0.4804 
 6 -1.3589 0.4157 -0.80 0.3714 -0.6775 0.5331 -0.47 0.5104 
Single Mean 0 -275.007 0.0001 -12.14 <.0001 -181.753 0.0001 -9.71 <.0001 
 1 -237.798 0.0001 -11.35 <.0001 -133.511 0.0001 -8.38 <.0001 
 2 -199.819 0.0001 -10.49 <.0001 -114.570 0.0001 -7.80 <.0001 
 3 -185.467 0.0001 -10.14 <.0001 -103.643 0.0001 -7.45 <.0001 
 4 -182.655 0.0001 -10.08 <.0001 -102.818 0.0001 -7.42 <.0001 
 5 -177.456 0.0001 -9.95 <.0001 -101.543 0.0001 -7.37 <.0001 
 6 -176.884 0.0001 -9.93 <.0001 -101.517 0.0001 -7.37 <.0001 
Trend 0 -277.081 0.0001 -12.19 <.0001 -191.392 0.0001 -9.99 <.0001 
 1 -239.768 0.0001 -11.40 <.0001 -141.379 0.0001 -8.65 <.0001 
 2 -201.667 0.0001 -10.54 <.0001 -121.966 0.0001 -8.08 <.0001 
 3 -187.325 0.0001 -10.20 <.0001 -110.913 0.0001 -7.73 <.0001 
 4 -184.590 0.0001 -10.13 <.0001 -110.409 0.0001 -7.71 <.0001 
 5 -179.453 0.0001 -10.01 <.0001 -109.427 0.0001 -7.68 <.0001 
 6 -178.975 0.0001 -9.99 <.0001 -109.748 0.0001 -7.69 <.0001 
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Table 6.12 Phillips-Perron Unit Root Tests for Gas and Coal for hour 9 PM and 12 AM 

Type Lags Hr Rho Pr < 

Rho 

Tau Pr < 

Tau 

Hr Rho Pr < 

Rho 

Tau Pr < 

Tau 

Gas 

Zero Mean 0  
 
 
 
 
 
 
 
 
 

9 
PM 

-21.7955 0.0009 -3.28 0.0011  
 
 
 
 
 
 
 
 
 

12  
AM 

-28.3713 <.0001 -3.75 0.0002 
 1 -21.3628 0.0011 -3.25 0.0012 -26.5848 0.0002 -3.63 0.0003 
 2 -18.2495 0.0028 -3.00 0.0027 -22.6683 0.0007 -3.35 0.0009 
 3 -14.9749 0.0071 -2.71 0.0066 -19.0694 0.0022 -3.07 0.0022 
 4 -12.0064 0.0160 -2.43 0.0149 -15.6698 0.0058 -2.78 0.0055 
 5 -9.6356 0.0312 -2.17 0.0291 -13.3435 0.0111 -2.56 0.0104 
 6 -8.4363 0.0443 -2.03 0.0411 -12.0800 0.0157 -2.43 0.0147 
Single Mean 0 -199.208 0.0001 -10.23 <.0001 -219.106 0.0001 -10.75 <.0001 
 1 -203.595 0.0001 -10.34 <.0001 -216.113 0.0001 -10.68 <.0001 
 2 -185.407 0.0001 -9.89 <.0001 -197.722 0.0001 -10.24 <.0001 
 3 -165.477 0.0001 -9.38 <.0001 -181.008 0.0001 -9.83 <.0001 
 4 -147.799 0.0001 -8.89 <.0001 -165.332 0.0001 -9.42 <.0001 
 5 -134.901 0.0001 -8.53 <.0001 -156.871 0.0001 -9.19 <.0001 
 6 -131.576 0.0001 -8.43 <.0001 -155.622 0.0001 -9.16 <.0001 
Trend 0 -199.210 0.0001 -10.23 <.0001 -219.140 0.0001 -10.75 <.0001 
 1 -203.597 0.0001 -10.34 <.0001 -216.146 0.0001 -10.68 <.0001 
 2 -185.410 0.0001 -9.89 <.0001 -197.754 0.0001 -10.24 <.0001 
 3 -165.480 0.0001 -9.37 <.0001 -181.038 0.0001 -9.82 <.0001 
 4 -147.802 0.0001 -8.89 <.0001 -165.362 0.0001 -9.42 <.0001 
 5 -134.904 0.0001 -8.52 <.0001 -156.900 0.0001 -9.19 <.0001 
 6 -131.579 0.0001 -8.43 <.0001 -155.652 0.0001 -9.16 <.0001 

Coal 

Zero Mean 0  
 
 
 
 
 
 
 
 
 

9 
PM 

-2.9152 0.2411 -1.15 0.2287  
 
 
 
 
 
 
 
 
 

12 
AM 

-5.6386 0.1026 -1.67 0.0907 
 1 -1.9672 0.3348 -0.92 0.3166 -3.9789 0.1707 -1.40 0.1520 
 2 -1.4387 0.4040 -0.77 0.3834 -2.9768 0.2362 -1.20 0.2103 
 3 -1.1507 0.4479 -0.68 0.4252 -2.3301 0.2946 -1.06 0.2613 
 4 -0.9323 0.4849 -0.59 0.4602 -1.9160 0.3409 -0.96 0.3018 
 5 -0.7887 0.5113 -0.53 0.4851 -1.6902 0.3694 -0.90 0.3281 
 6 -0.6662 0.5353 -0.48 0.5078 -1.4554 0.4016 -0.83 0.3578 
Single Mean 0 -161.705 0.0001 -9.14 <.0001 -213.920 0.0001 -10.62 <.0001 
 1 -123.505 0.0001 -8.03 <.0001 -168.285 0.0001 -9.49 <.0001 
 2 -104.706 0.0001 -7.42 <.0001 -144.330 0.0001 -8.84 <.0001 
 3 -97.0223 0.0019 -7.16 <.0001 -132.088 0.0001 -8.49 <.0001 
 4 -92.5040 0.0019 -7.00 <.0001 -127.521 0.0001 -8.35 <.0001 
 5 -91.4167 0.0019 -6.96 <.0001 -129.178 0.0001 -8.40 <.0001 
 6 -91.2557 0.0019 -6.96 <.0001 -130.454 0.0001 -8.44 <.0001 
Trend 0 -173.992 0.0001 -9.51 <.0001 -215.398 0.0001 -10.66 <.0001 
 1 -133.749 0.0001 -8.39 <.0001 -169.568 0.0001 -9.53 <.0001 
 2 -114.157 0.0001 -7.79 <.0001 -145.537 0.0001 -8.88 <.0001 
 3 -106.393 0.0001 -7.53 <.0001 -133.282 0.0001 -8.53 <.0001 
 4 -101.990 0.0001 -7.39 <.0001 -128.744 0.0001 -8.40 <.0001 
 5 -101.234 0.0001 -7.36 <.0001 -130.466 0.0001 -8.45 <.0001 
 6 -101.458 0.0001 -7.37 <.0001 -131.804 0.0001 -8.49 <.0001 
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Another test in the series of stationarity tests is the random walk with drift tests, 

the results for which are presented underneath in table 6.13. The results are quite similar 

to the augmented dickey fuller test in which we fail to reject the null hypothesis of unit 

root for gas, whereas reject it for coal. This means that there is evidence of unit root in 

coal and this makes the series non stationary. Therefore the coal series will have to be 

suitably differenced to make it a covariance stationary time series. The results are pasted 

next for coal and gas for all the selected hours. The test results indicate some non-

stationarity for the coal series for the selected hours. However, the test more or less 

favors both hourly series of coal and gas for all the hours to be devoid of any significant 

unit roots. 

Table 6.13 Random Walk with Drift Tests for Gas and Coal for the selected hours 

 

 

 

 

 

 

HOUR Type Lags Tau Pr < Tau 

 

 

 

9 AM 

Gas 

Drift 0 -4.55 <.0001 
 1 -4.55 <.0001 
 2 -3.38 0.0007 

Coal 

Drift 0 -1.80 0.0717 
 1 -1.41 0.1591 
 2 -1.00 0.3178 

 

 

 

1 PM 

Gas 

Drift 0 -3.22 0.0013 
 1 -2.99 0.0028 
 2 -2.38 0.0176 

Coal 

Drift 0 -1.28 0.2013 
 1 -0.80 0.4246 
 2 -0.55 0.5792 

 

 

 

 

9 PM 

Gas 

Drift 0 -3.28 0.0010 
 1 -3.22 0.0013 
 2 -2.58 0.0100 

Coal 

Drift 0 -1.15 0.2505 
 1 -0.77 0.4430 
 2 -0.52 0.6002 

 

 

 

 

12 AM 

Gas 

Drift 0 -3.75 0.0002 
 1 -3.51 0.0005 
 2 -2.87 0.0041 

Coal 

Drift 0 -1.67 0.0957 
 1 -1.18 0.2374 
 2 -0.88 0.3764 
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6.8 Measures of fit diagnostics for competing models for coal and gas series for 

different hours 

Given the results from the elementary diagnostics for the coal and the gas series, 

and having understood the salient characteristics of the time series, we begin the main 

task of trying to fit different competing models. The models that we considered for this 

analysis were the Box Jenkins models and the Harvey’s structural time series models. 

These two categories of models differ in their approach of modeling the time series. In 

Box Jenkins models we will eliminate the time series of any non-stationary features that 

were detected in the tests earlier and then try to fit a univariate ARIMA or a multivariate 

VAR model. In Harvey’s structural models we do not eradicate any trends or seasonal 

patterns present in the series, but rather consider those as essential components and 

salient characteristics of the time series and therefore try to model those explicitly in the 

model. This approach sounds superior and has earlier shown to provide superior results in 

some researches earlier done on a high frequency data set, the kind of which we have in 

our case. In all the models we have included a set of external exogenous independent 

predictor variables like fuel consumption of coal and gas, price of coal and gas for 

residential, commercial, and the industrial sector, weather variables like the heating 

degree days and the cooling degree days, and the price of electricity for the residential, 

commercial and the industrial sector. Further given the weird production pattern for 

nuclear which is abound with periods of maintenance and shutdown and nuclear 

otherwise being a base load generator, we have included it as a set of dummy indicator 

variables that correspond to the drop in the power production from nuclear to a given 

level. This way we have accommodated the information that we got from the granger 

causality tests into the models and also the information about the presence of certain 

stylized facts or the salient characteristics of the different hourly series into the models. 

Next we undertake the residual diagnostics for the different models an try to find the best 

model using the measures of fit criteria like MSE, RMSE, ME, RMSPE, MAE, MAPE, R 

Square, AIC and BIC.    
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Table 6.14 Measures of fit diagnostics for Coal from the residuals obtained from the ARIMA and the 

VAR models for the selected hours. 

 

    

COAL HOUR ARIMA VAR 
  I E I E 

MSE 9 AM 342567 883352 707988 2068001 
RMSE 9 AM 585.29 939.86 841.42 1438.05 

ME 9 AM 17.34 -262.214 21.84 -34.159 
RMSPE 9 AM 585.54 975.76 841.70 1438.46 

MAE 9 AM 447.97 763.96 638.42 1144.164 
MAPE 9 AM 3.35 8.30 4.86 11.96 
MPE 9 AM -0.0004 -0.043 -0.0021 -0.0318 

R Square 9 AM 0.901 0.8284 0.7963 0.5983 
AIC 9 AM -6238.56  -8.6054  
SBC 9 AM -5471.03  -7.8944  

      
MSE 1 PM 327983 1012271 479885 1720959 

RMSE 1 PM 572.69 1006.11 692.73 1311.85 
ME 1 PM 20.897 -356.40 16.32 -93.37 

RMSPE 1 PM 573.07 1067.37 692.93 1315.17 
MAE 1 PM 446.83 815.24 523.45 1061.04 

MAPE 1 PM 3.22 7.57 3.83 9.36 
MPE 1 PM -0.00016 -0.043 -0.00123 -0.027 

R Square 1 PM 0.907 0.8461 0.865101 0.7384 
AIC 1 PM -6579.95  -9.327  
SBC 1 PM -5829.03  -8.616  

      
MSE 9 PM 286185 1016136 407551 1769760 

RMSE 9 PM 534.96 1008.04 638.39 1330.32 
ME 9 PM 20.2572 -468.48 13.11 -101.92 

RMSPE 9 PM 535.346 1111.57 638.53 1334.22 
MAE 9 PM 413.08 827.33 484.94 1073.06 

MAPE 9 PM 2.97 7.49 3.502 9.14 
MPE 9 PM -0.00001 -0.0505 -0.00107 -0.025 

R Square 9 PM 0.91568 0.8296 0.88015 0.7032 
AIC 9 PM -6932.03  -9.56818  

    SBC 9 PM -6175.57  -8.85716  
      

MSE 12 AM 332952 821415 657725 1795492 
RMSE 12 AM 577.020 906.31 811 1339.95 

ME 12 AM 22.762 -278.52 20.42 -94.683 
RMSPE 12 AM 577.469 948.15 811.26 1343.3 

MAE 12 AM 435.282 718.77 613.2 1102.85 
MAPE 12 AM 3.28 7.71 4.66 11.32 
MPE 12 AM -0.0000 -0.0412 -0.00204 -0.0319 

R Square 12 AM 0.91515 0.8448 0.832761 0.6608 
AIC 12 AM -6400.23  -8.8689  
SBC 12 AM -5649.31  -8.1578  
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Table 6.15 Measures of fit diagnostics for Gas from the residuals obtained from the ARIMA and the 

VAR models for the selected hours. 

 
  

GAS HOUR ARIMA VAR 
  I E I E 

MSE 9 AM 431092 1235038 5644567 5763208 
RMSE 9 AM 656.57 1111.32 2375.83 2400.66 

ME 9 AM 10.00 -27.508 197.53 572.15 
RMSPE 9 AM 656.65 1111.66 2384.02 2467.90 

MAE 9 AM 477.39 848.29 1774.05 1868.11 
MAPE 9 AM 3.87 5.55 14.07 12.04 
MPE 9 AM -0.0016 -0.00054 -0.01738 0.0184 

R Square 9 AM 0.9726 0.81324 0.64258 0.1285 
AIC 9 AM -5700.8  -8.6054  
SBC 9 AM -4922.07  -7.8944  

      
MSE 1 PM 735997 1445777 6208560 7479240 

RMSE 1 PM 857.91 1202.40 2491.69 2734.81 
ME 1 PM 2.855 -30.911 159.02 604.43 

RMSPE 1 PM 857.907 1202.80 2496.76 2800.8 
MAE 1 PM 614.52 909.59 1907.62 2139.9 

MAPE 1 PM 3.84 5.01 12.05 11.29 
MPE 1 PM -0.00147 -0.00126 -0.0129 0.01539 

R Square 1 PM 0.9859 0.94719 0.88174 0.72685 
AIC 1 PM -5738.09  -9.327  
SBC 1 PM -4959.35  -8.616  

      
MSE 9 PM 550448 1035519 6305679 8684778 

RMSE 9 PM 741.92 1017.6 2511.11 2946.99 
ME 9 PM 0.4822 -35.405 153.61 662.93 

RMSPE 9 PM 741.92 1018.22 2515.80 3020.63 
MAE 9 PM 542.01 807.08 1886.61 2300 

MAPE 9 PM 3.30 4.30 11.31 11.77 
MPE 9 PM -0.00109 -0.00096 -0.01209 0.0174 

R Square 9 PM 0.98778 0.9542 0.86009 0.6164 
AIC 9 PM -6302.68  -9.56818  

    SBC 9 PM -5523.95  -8.85716  
      

MSE 12 AM 420369 859287 3590746 5620157 
RMSE 12 AM 648.35 926.97 1894.9 2370.6 

ME 12 AM 10.67 130.14 133.32 979.84 
RMSPE 12 AM 648.44 936.06 1899.6 2565.19 

MAE 12 AM 451.94 712.47 1362.92 1912.4 
MAPE 12 AM 4.33 5.37 12.68 14.08 
MPE 12 AM -0.0018 0.0094 -0.01556 0.05127 

R Square 12 AM 0.98145 0.91476 0.84172 0.44254 
AIC 12 AM -5305.65  -8.8689  
SBC 12 AM -4526.92  -8.1578  
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Table 6.16 Measures for fit diagnostics for Coal obtained from the residuals of the UCM1, UCM2, 

and the SSM models for the selected hours. 

 

 

 

COAL HOUR UCM1 UCM2 SSM 
  I E I E I E 

MSE 9 AM 592588 3055054 561612 2268223.7 119660 938313.72 
RMSE 9 AM 769.797 1747.87 749.408 1506.0623 345.919 968.666 

ME 9 AM 6.856 -905.33 -3.1392 -509.727 43.65 -895.325 
RMSPE 9 AM 769.827 1968.42 749.414 1589.9827 348.66 1319.060 

MAE 9 AM 586.89 1449.793 568.531 1237.428 260.767 895.652 
MAPE 9 AM 4.449 16.1464 4.29 13.2368 1.94 9.32 
MPE 9 AM -0.0027 -0.11946 -0.0027 -0.07626 0.002319 -0.09317 

R Square 9 AM 0.84184 0.40662 0.85010 0.55944 0.96806 0.817753 
AIC 9 AM 28879  28720  4005.2  
BIC 9 AM 28928  28781  4017.6  

        
MSE 1 PM 498530 2431709 488696 2743548 52326 103877 

RMSE 1 PM 706.066 1559.39 699.068 1656.36 228.74 322 
ME 1 PM 8.1621 -311.82 4.808 -1089.59 2.58 -128.93 

RMSPE 1 PM 706.11 1590.26 699.08 1982.61 228.76 347.13 
MAE 1 PM 523.0093 1304.78 513.15 1333.906 158.69 242.95 

MAPE 1 PM 3.80 11.61 3.72 12.86 1.15 2.15 
MPE 1 PM -0.0014 -0.05203 -0.0015 -0.11166 -0.0001 -0.0124 

R Square 1 PM 0.86727 0.63049 0.8698 0.5831 0.98606 0.98422 
AIC 1 PM 28475  28409  1543.7  
BIC 1 PM 28524  28469  1556.1  

        
MSE 9 PM 447695 2123052 440386 2371750 54992.54 165741.9 

RMSE 9 PM 669.10 1457.06 663.62 1540.05 234.50 407.114 
ME 9 PM 6.0161 78.31 5.316 -149.27 -4.575 -294.85 

RMSPE 9 PM 669.127 1459.17 663.63 1547.27 234.55 502.67 
MAE 9 PM 487.66 1208.009 484.40 1295.66 157.85 335.31 

MAPE 9 PM 3.49 10.01 3.46 10.98 1.15 2.82 
MPE 9 PM -0.0013 -0.0145 -0.00117 -0.0327 -0.00045 -0.02422 

R Square 9 PM 0.87339 0.64401 0.87545 0.6023 0.9844 0.9722 
AIC 9 PM 28282  28229  2767.3  
BIC 9 PM 28332  28289  2779.7  

        
MSE 12 AM 517812 1818696 498485 2223979 97050 816824.8 

RMSE 12 AM 719.59 1348.59 706.035 1491 311.53 903.78 
ME 12 AM 5.4744 622.93 -3.652 948.99 14.194 -739.75 

RMSPE 12 AM 719.612 1485.51 706.044 1767.64 311.85 1167.92 
MAE 12 AM 534.533 1097.79 518.385 1203.88 228.086 758.13 

MAPE 12 AM 4.04 10.29 3.88 10.97 1.75 7.43 
MPE 12 AM -0.00223 0.041602 -0.00229 0.07676 0.000545 -0.0724 

R Square 12 AM 0.87963 0.65646 0.88413 0.579904 0.97744 0.845707 
AIC 12 AM 28558  28441  3064.9  
BIC 12 AM 28608  28501  3077.3  
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Table 6.17 Measures for fit diagnostics for Gas obtained from the residuals of the UCM1, UCM2, 

and the SSM models for the selected hours. 

 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                         

    GAS HOUR UCM1 UCM2 SSM 
  I E I E I E 

MSE 9 AM 620707 3574969 582213 2140949 294963 3600308 
RMSE 9 AM 787.849 1890.75 763.029 1463.19 543.11 1897.45 

ME 9 AM -7.2187 1162.968 2.3793 149.73 -92.0676 1794.36 
RMSPE 9 AM 787.8828 2219.789 763.0329 1470.84 550.85 2611.52 

MAE 9 AM 597.3006 1559.79 575.6519 1223.82 424.261 1794.62 
MAPE 9 AM 5.23 10.38 5.01 8.023 3.58 11.95 
MPE 9 AM 0.00034 0.0767 -0.00067 0.010366 -0.00887 0.11955 

R Square 9 AM 0.96268 0.45942 0.965 0.6762 0.98226 0.45559 
AIC 9 AM 29004  28826  4005.2  
BIC 9 AM 29031  28864  4017.6  

        
MSE 1 PM 531835 2228180 522460 1539522 138470 963751 

RMSE 1 PM 729.27 1492.709 722.81 1240.77 372.11 981.70 
ME 1 PM -8.6788 -478.189 -5.896 430.96 -31.91 895.90 

RMSPE 1 PM 729.3221 1567.43 722.838 1313.48 373.48 1329.05 
MAE 1 PM 537.268 1225.7 528.307 1015.03 295.22 906.08 

MAPE 1 PM 3.79 6.47 3.72 5.81 2.016 5.08 
MPE 1 PM -0.00082 -0.02121 -0.00145 0.01766 -0.0025 0.0503 

R Square 1 PM 0.99059 0.918625 0.99076 0.94377 0.9975 0.9648 
AIC 1 PM 28627  28555  1543.7  
BIC 1 PM 28654  28594  1556.1  

        
MSE 9 PM 487191 1859194 468443 3089504.9 312112 2036991.3 

RMSE 9 PM 697.99 1363.522 684.42 1757.69 558.67 1427.23 
ME 9 PM -5.2515 194.12 -3.548 1339.97 -92.32 1287.63 

RMSPE 9 PM 698.0107 1377.27 684.438 2210.21 566.248 1922.24 
MAE 9 PM 501.14 1132.55 493.26 1448.72 437.116 1291.93 

MAPE 9 PM 3.29 5.98 3.24 7.72 2.97 7.17 
MPE 9 PM -0.00036 0.0147 -0.0012 0.0691 -0.00764 0.07156 

R Square 9 PM 0.990095 0.91789 0.99047 0.86356 0.99365 0.910046 
AIC 9 PM 28444  28344  2767.3  
BIC 9 PM 28471  28383  2779.7  

        
MSE 12 AM 543079 4335679 521057 5393886 192863 2482314 

RMSE 12 AM 736.93 2082 721.843 2322.47 439.162 1575.54 
ME 12 AM -4.9451 -1767.92 3.2641 -2079.14 -65.21 1463.99 

RMSPE 12 AM 736.956 2731.53 721.850 3117.16 443.97 2150.71 
MAE 12 AM 547.723 1810.54 528.09 2085.24 342.11 1464.4 

MAPE 12 AM 5.93 14.26 5.54 16.51 3.64 10.59 
MPE 12 AM 0.000505 -0.1396 -0.00203 -0.1647 -0.00843 0.105864 

R Square 12 AM 0.97792 0.56995 0.978815 0.464989 0.99216 0.753783 
AIC 12 AM 28683  28566  3064.9  
BIC 12 AM 28710  28604  3077.3  
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After comparing the different measures of fit for the competing models we came 

to the conclusion that the bivariate state space model was the best in terms of most 

reasonably and most accurately replicating the actual data generation process for all the 

selected hours for coal and gas. There is a considerable conformance and synchronization 

among the actual and the forecasted values for all the selected hours for coal and gas 

series. The state space model accommodates for the time varying seasonal pattern and 

cyclic pattern present in the series. The added advantage of the state space model is that it 

helps in precisely modeling the trend of the series as a time varying component with an 

added level and a slope feature. So in the state space model all these stylized facts or the 

salient characteristics present in the selected hourly series for coal and gas were modeled 

explicitly and the model results outperform the results from the Box Jenkins ARIMA, 

VAR models. The ARIMA, VAR models were run with suitable first differencing to 

eliminate the trend and seasonal differencing to eradicate any strong seasonal pattern 

present in the series. This way the trend and the weekly seasonality were removed from 

the series in the Box Jenkins ARIMA, VAR models, before fitting the final model. 

6.9 Forecast plots and residual diagnostic plots for gas for hour 9 AM 

In the following section the forecast plots and the residual diagnostics for the 

residuals obtained from the state space model for all the selected hours for coal and gas 

will be discussed and presented for visual inspection and judgement. We can see for the 

presence of auto correlations or cross correlations in the residuals of the selected hourly 

series. To conform to the model assumptions, the residuals should be randomly and 

independently distributed from a normal distribution with mean zero. In other words the 

residuals should be white noise. The ACF, PACF, cross correlation plots, histogram and 

quantile plots will help us in evaluating the model assumptions based upon the residuals 

obtained from the state space model for different selected hours of the day. 
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 Figure 6.17 shows the actual and the forecasted values for gas for the hour 9 AM obtained using the state 
space model for the first six months of the year 2012. 

 

The forecast plot (figure 6.17) shows that the state space model has done a 

suitable job in generating possible forecasts as close as possible to the actual values for 

gas for the selected hour. In the state space model we have included multiple cycle 

components that represent the yearly, half yearly, and the quarterly cycles. Moreover, we 

have also included a weekly seasonal component in the state of the system along with the 

time varying trend component. The trend is represented as a random walk component and 

this model is called the local level model in the literature on structural time series models. 

These components tend to evolve over a period of time and the disturbances govern their 

future evolution or in other words drive these components. Addition of external 

exogenous predictor variables provide more information regarding the growth of the 

series and if required their coefficients can also be set to be time varying. The Kalman 

filtering and smoothing algorithm provides us the smoothed estimates of all these 

components and these components can all be summed up to obtain reliable forecasts of 

the series and to understand the latent underlying structure of the time series. 
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Figure 6.18 shows the trend and correlation analysis plots for the gas residuals obtained using the state 
space model for hour 9 AM for the first six months of year 2012. 

 

                 

Figure 6.19 shows the residual diagnostic plots for the gas residuals obtained using the state space model 
for hour 9 AM for the first six months of year 2012. 

The model had generated forecasts by taking into account the trend component 

which was modeled as a random walk, the weekly deterministic seasonal component, and 
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three deterministic cyclical components representing the yearly, half yearly and quarterly 

cycles.  

Moreover, the correlation plots (figure 6.18) like ACF, PACF support the 

residuals being independent of each other and randomly distributed. The histogram plot 

of the residuals and the quantile plot (figure 6.19) completely support the residuals being 

normally distributed. The complete alignment of the residuals on the line that represents 

the quantiles from a standard normal distribution totally supports this.  

6.10 Forecast plots and residual diagnostic plots for coal for hour 9 AM 

Figure 6.20 shows that the forecast for coal for the selected hour are in a strong 

consonance with the actual values. This shows that the seasonal and cyclical components 

along with the trend component and also the inclusion of suitable explanatory variables 

 

Figure 6.20 shows the actual and the forecasted values for coal for the hour 9 AM obtained using the state 
space model for the first six months of the year 2012. 

capture most of the systematic components present in the data generation process for the 

selected hour for coal.   
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Figure 6.21 shows the trend and correlation analysis plots for the coal residuals obtained using the state 
space model for hour 9 AM for the first six months of year 2012. 

 

                 

Figure 6.22 shows the residual diagnostic plots for the coal residuals obtained using the state space model 
for hour 9 AM for the first six months of year 2012. 
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From the correlation plots (figure 6.21) we can see that the residuals are behaving 

as expected with no major systematic tendencies reflecting in the ACF and the PACF 

plots. The residuals are randomly coming from a normal distribution which is the basic 

Gaussian assumption of the model. The quantile plot and the normality plot (figure 6.22) 

support the residuals being normally distributed. The residuals certainly fall in line with 

the quantiles from a normal distribution with only small deviations especially at the upper 

tail. This means that the residual distribution might be a little more outlier prone at the 

upper end than a normal distribution. 

 

 

Figure 6.23 shows cross correlation analysis plot for the gas and coal residuals obtained using the state 
space model for hour 9 AM for the first six months of year 2012. 

In the cross correlation plot (figure 6.23) we can see that the model has not 

adequately captured the cross correlations of coal with the gas resource as some of the 

cross correlations are significantly different from zero. 
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6.11 Interpretation of parameter estimates for the gas and coal series for hour 9 AM 

Next we examine the paramter estimates obtained from the state space model and 

the results are furnished in table 6.18. In the set of explanatory variables we have the 

components that were suitably selected based upon the need and adequacy. The state 

space model is a local level model with a deterministic seasonal and multiple 

deterministic cycles. The variance of the level component is significantly time varying. 

An increase in the renewable energy penetration into the grid and an increase in the 

electricity demand decrease the amount of power produced from coal at the selected hour. 

However, the power production from coal increases if the nuclear production falls below 

3000 MWHs for this hour. The power production from nuclear above 3000 MWHs is not 

influencing the coal output at this hour. The past lags of gas and coal give information 

about the current power output. An increase in the heating degree days, cooling degree 

days, residential price of electricity lead to a reduction in the power produced from coal. 

Increase in the industrial price of electricity lead to an increase in the power output from 

coal. This shows that the industrial houses are more dependent on the power produced 

from coal. An increase in the residential price for gas leads to an increase in the coal 

power output and an increase in the commercial price of gas leads to a decrease in the 

coal power output. This means that the coal power output is mainly used as a base load 

for the residential sector. An increase in the price of coal and increase in the coal fuel 

consumption usually lead to more coal power output. This means that the demand for 

coal in the region is price inelastic.  

An increase in the renewable energy penetration into the grid decreases the 

amount of power produced from gas at the selected hour. This is more so since at this 

morning hour there is on average a greater amount of wind energy fed to the grid. 

Increase in the total electric demand leads to an increase in the power output from gas. 

This shows that gas power production is quite demand elastic. Varying amounts of 

nuclear power penetration affect the power output from gas in a major way. The 

parameter estimates for nuclear indicator variables show that the affect of changing 

nuclear power penetration into the grid has a more strong effect on gas as compared to 

coal. This is more so since coal is a base load generator and gas is a peak load generator.   
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Table 6.18 Estimates of the regression parameters for Gas and Coal for hour 9 AM 

Response Variable Regression 

Variable 

Estimate Approx 

Std Error 

t Value Approx 

Pr > |t| 

coa ren -0.01857 0.0064952 -2.86 0.0042 
coa tot -0.00922 0.0031714 -2.91 0.0036 
coa n1 0.14437 0.03955 3.65 0.0003 
coa n2 0.00932 0.02714 0.34 0.7314 
coa n3 -0.03305 0.02501 -1.32 0.1864 
coa coa2 0.00108 0.00002480 43.54 <.0001 
coa coa3 -0.00029645 0.00003499 -8.47 <.0001 
coa coa4 0.00003689 0.00004134 0.89 0.3721 
coa coa5 0.00000612 0.00004977 0.12 0.9021 
coa coa6 -0.00007491 0.00005249 -1.43 0.1535 
coa coa7 -0.00004552 0.00005157 -0.88 0.3774 
coa coa8 0.00019892 0.00002916 6.82 <.0001 
coa cos1 -0.08919 0.05068 -1.76 0.0784 
coa sin1 -0.03012 0.02268 -1.33 0.1841 
coa cos2 0.17999 0.02457 7.33 <.0001 
coa sin2 -0.02447 0.01794 -1.36 0.1725 
coa cos3 -0.06433 0.01208 -5.33 <.0001 
coa sin3 -0.02601 0.01195 -2.18 0.0295 
coa hdd -0.00047266 0.0001674 -2.82 0.0047 
coa cdd -0.00066578 0.0002726 -2.44 0.0146 
coa pelecr -0.00313 0.0008482 -3.68 0.0002 
coa pelecc -0.00048059 0.0012417 -0.39 0.6987 
coa peleci 0.00199 0.0008223 2.42 0.0157 
coa pgasr 0.00194 0.0006632 2.93 0.0034 
coa pgasc -0.00328 0.0014743 -2.22 0.0262 
coa pgasi -0.00054268 0.0007420 -0.73 0.4645 
coa fgas 0.00000399 5.93314E-6 0.67 0.5012 
coa pcoal 0.04358 0.0062644 6.96 <.0001 
coa fcoal 0.00002405 4.43195E-6 5.43 <.0001 
gas ren -0.21731 0.01097 -19.82 <.0001 
gas tot 0.20076 0.0094193 21.31 <.0001 
gas n1 0.52454 0.05892 8.90 <.0001 
gas n2 0.35495 0.04120 8.62 <.0001 
gas n3 0.07130 0.03604 1.98 0.0479 
gas cos1 -0.16123 0.07327 -2.20 0.0278 
gas sin1 0.00930 0.03298 0.28 0.7781 
gas cos2 0.02126 0.03635 0.58 0.5586 
gas sin2 0.04297 0.02568 1.67 0.0942 
gas cos3 -0.09646 0.01756 -5.49 <.0001 
gas sin3 -0.00977 0.01708 -0.57 0.5673 
gas gas4 0.00112 0.00003067 36.38 <.0001 
gas gas5 -0.00060785 0.00004002 -15.19 <.0001 
gas gas6 0.00007838 0.00005265 1.49 0.1366 
gas gas7 -0.00001067 0.00007433 -0.14 0.8859 
gas gas8 0.00002270 0.00008305 0.27 0.7845 
gas gas9 0.00004827 0.00007508 0.64 0.5203 
gas gas10 0.00014045 0.00003738 3.76 0.0002 
gas hdd 0.00041000 0.0002408 1.70 0.0886 
gas cdd 0.00161 0.0003941 4.09 <.0001 
gas pelecr 0.00239 0.0012014 1.99 0.0464 
gas pelecc -0.00267 0.0017781 -1.50 0.1326 
gas peleci 0.00051966 0.0011760 0.44 0.6586 
gas pgasr -0.00384 0.0009330 -4.12 <.0001 
gas pgasc 0.01223 0.0020973 5.83 <.0001 
gas pgasi -0.00324 0.0010576 -3.06 0.0022 
gas fgas -9.78554E-7 8.46477E-6 -0.12 0.9080 
gas pcoal -0.04480 0.0090841 -4.93 <.0001 
gas fcoal -0.00004501 6.37106E-6 -7.07 <.0001 
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There is a visible effect of the deterministic season and the multiple cycles. An 

increase in the heating degree days and the cooling degree days lead to an increase in the 

power output from gas. This shows the non linear effect of temperature on the power 

output from both coal and gas. An increase in the residential price of electricity leads to 

an increase in the power output from gas. This means that gas is more apt at 

compensating for the sudden changes in residential demand for electric power. An 

increase in the residential and industrial price of gas lead to a decrease in the power 

output from gas whereas an increase in the commercial price for gas leads to an increase 

in the power output from gas.  This means that the commercial sector is more dependent 

on gas as compared to the industrial and the residential sectors which seem more 

dependent on the power produced from coal. An increase in the price of coal and the coal 

fuel consumption lead to a decrease in the power output from gas. This means that for 

some sectors the power demands are more heavily met by the coal resource as compared 

to the gas resource.  

6.12 Forecast plots and residual diagnostic plots for gas for hour 1PM 

In this section we examine the power evolution pattern of gas for hour 1 PM using the 

state space time series model also called the simultaneous equation time series model. 

There is a high level of concordance between the forecasted values and the actual values 

for the hour 1 PM. Visual inspection of the forecast plot reveals the fact that the model 

has done a remarkable job in capturing the various underlying components present in the 

series for gas and coal at the hour 1 PM.  
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Figure 6.24 shows the actual and the forecasted values for gas for the hour 1 PM obtained using the state 
space model for the first six months of the year 2012. 

 

 

Figure 6.25 shows the trend and correlation analysis plots for the gas residuals obtained using the state 
space model for hour 1 PM for the first six months of year 2012. 
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Figure 6.26 shows the normality diagnostics plots for the gas residuals obtained using the state space model 
for hour 1 PM for the first six months of year 2012. 

The correlation plots like ACF and the PACF plots based on the model residuals 

for gas at the hour 1 PM, show that the model has reasonably accounted for all the 

systematic components present in the series. The plots show that there is not much 

significant autocorrelation left in the residuals. Moreover, the histogram plot and the 

quantile plot indicate a strong conformance to normality as is reflected in figure 6.26. 

6.13 Forecast plots and residual diagnostic plots for coal for hour 1PM 

In figure 6.27 we can see that the state space model has yielded very accurate and 

reliable forecasts for the hour 1 PM for the selected period of first six months of 2012 for 

coal. The predicted values for coal are superimposing the actuals at most of the data 

points. The trend, cyclical, and the seasonal components embedded in the series seem to 

have been captured quite adequately by the model. The unobserved components tend to 

represent the salient aspects or the main characteristics of the series. These stylized facts 

of the series are represented as time varying and evolving stochastic processes in a state 

space model. The addition of other external exogenous variables provide more relevant 

information about the factors that affect the long term evolution of the series and all these 

are included quite appropriately in a state space model. 
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Figure 6.27 shows the actual and the forecasted values for coal for the hour 1 PM obtained using the state 
space model for the first six months of the year 2012. 

  

Figure 6.28 shows the trend and correlation analysis plots for the coal residuals obtained using the state 
space model for hour 1 PM for the first six months of year 2012. 

The ACF and the PACF plots show that the residuals have almost no systematic 

component left within them.  
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Figure 6.29 shows the normality diagnostics plots for the coal residuals obtained using the state space 
model for hour 1 PM for the first six months of year 2012. 

We can see from the plots that almost none of the correlation is significantly 

different from zero in either the ACF or the PACF plots. Hence there is no 

autocorrelation or serial correlation left in the model residuals.  

 

Figure 6.30 shows the cross correlation plots for the gas and coal residuals obtained using the state space 
model for hour 1 PM for the first six months of year 2012. 

The histogram plot and the quantile plot indicate a little less conformance with 

normality as is evident from the visual inspection of the plots in figure 6.29. This 

departure from normality is a violation of model assumption but the deviations are still 
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acceptable within reasonable limits. The residuals exhibit no cross correlation with the 

corresponding gas residuals in the bivariate state space model. This means that the model 

components, the lagged values, and the set of explanatory variables have captured the 

evolutionary behavior reasonably well for both coal and gas for the selected hour 1 PM. 

The cross-correlations of gas with coal have also been captured quite suitably. The cross 

correlation plots show hardly any correlation in the past two week’s period being any 

significantly different from zero. The normality of the model residuals is quite visible in 

the histogram plot and the quantile plot.   

6.14 Interpretation of parameter estimates for the gas and coal series for hour 1 PM 

In this section we examine and interpret the parameter estimates obtained from 

the bivariate state space model for gas and coal for the hour 1 PM (afternoon hour). The 

renewable penetration is not affecting the coal at this hour. An increase in the total 

electric demand does increase the coal power output at this hour. The nuclear penetration 

has no effect for this hour of 1 PM. The power produced at the same hour on the previous 

days of the week has an influence on the coal output at this hour. Most of the 

deterministic cycles are significant. The model could not detect any significant effect of 

temperature on this hour for coal. An increase in the industrial price of electricity leads to 

a decrease in the power output from coal. This means that industrial sector is really 

dependent on the power produced from coal for this hour.  An increase in the price of gas 

used for residential electricity consumption leads to an increase in the power output from 

coal. This means that coal and gas are substitutes in terms of fulfilling the residential 

electricity demand. With an increase in the price of coal and the fuel consumption of coal 

there is an increase in the power output from coal. This means that coal output is inelastic 

to changes in price for this 1 PM hour. With an increase in fuel consumption of gas there 

is a decrease in the power output from coal. This makes sense since we have already 

found that in most situations coal and gas power outputs are substitutes.  Since gas is a 

peak load generator, therefore a greater penetration of renewable for this hour leads to a 

decrease in the power output from gas. This means that demand fluctuates quickly or 

more rapidly during this hour and gas is more economical and efficient when it comes to 

adjusting quickly to the changes in the supply and demand for electric power.   
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Table 6.19 Estimates of the regression parameters for Gas and Coal for hour 1 PM 

Response Variable Regression 

Variable 

Estimate Approx 

Std Error 

t Value Approx 

Pr > |t| 

coa ren -0.00581 0.0039729 -1.46 0.1435 
coa tot 0.00531 0.0016532 3.21 0.0013 
coa n1 0.00467 0.02669 0.17 0.8611 
coa n2 -0.00979 0.01814 -0.54 0.5893 
coa n3 0.00922 0.01676 0.55 0.5820 
coa coa2 0.00124 0.00002405 51.61 <.0001 
coa coa3 -0.00027125 0.00003746 -7.24 <.0001 
coa coa4 0.00006765 0.00003401 1.99 0.0467 
coa coa5 -0.00011632 0.00002911 -4.00 <.0001 
coa coa6 0.00009278 0.00002349 3.95 <.0001 
coa coa7 -0.00006749 0.00001531 -4.41 <.0001 
coa cos1 -0.08622 0.03480 -2.48 0.0132 
coa sin1 -0.03309 0.01548 -2.14 0.0325 
coa cos2 -0.06295 0.01665 -3.78 0.0002 
coa sin2 -0.02138 0.01206 -1.77 0.0763 
coa cos3 -0.00926 0.0081321 -1.14 0.2550 
coa sin3 -0.00438 0.0080137 -0.55 0.5844 
coa hdd 0.00007465 0.0001118 0.67 0.5043 
coa cdd -0.00023256 0.0001855 -1.25 0.2099 
coa pelecr 0.00022588 0.0005681 0.40 0.6909 
coa pelecc -0.00014787 0.0008283 -0.18 0.8583 
coa peleci -0.00149 0.0005487 -2.72 0.0066 
coa pgasr 0.00144 0.0004473 3.21 0.0013 
coa pgasc -0.00050697 0.0009964 -0.51 0.6109 
coa pgasi -0.00031758 0.0004965 -0.64 0.5224 
coa fgas -0.00001349 3.97041E-6 -3.40 0.0007 
coa pcoal 0.01824 0.0042511 4.29 <.0001 
coa fcoal 0.00002428 2.95473E-6 8.22 <.0001 
gas ren -0.11439 0.0093321 -12.26 <.0001 
gas tot 0.16903 0.0080462 21.01 <.0001 
gas n1 0.34533 0.04662 7.41 <.0001 
gas n2 0.26478 0.03219 8.23 <.0001 
gas n3 0.10068 0.02748 3.66 0.0002 
gas cos1 0.07379 0.05758 1.28 0.2000 
gas sin1 0.03532 0.02562 1.38 0.1680 
gas cos2 -0.17410 0.02682 -6.49 <.0001 
gas sin2 0.00104 0.01956 0.05 0.9577 
gas cos3 -0.00003168 0.01316 -0.00 0.9981 
gas sin3 0.01749 0.01307 1.34 0.1810 
gas gas4 0.00141 0.00001970 71.71 <.0001 
gas gas5 -0.00057561 0.00001492 -38.57 <.0001 
gas hdd 0.00016852 0.0001836 0.92 0.3588 
gas cdd 0.00143 0.0003009 4.76 <.0001 
gas pelecr 0.00114 0.0009269 1.23 0.2187 
gas pelecc 0.00174 0.0013552 1.28 0.1998 
gas peleci -0.00091241 0.0008960 -1.02 0.3085 
gas pgasr -0.00213 0.0007252 -2.94 0.0033 
gas pgasc 0.00544 0.0016131 3.37 0.0007 
gas pgasi -0.00121 0.0008070 -1.50 0.1336 
gas fgas -0.00000479 6.48454E-6 -0.74 0.4599 
gas pcoal -0.04219 0.0068921 -6.12 <.0001 
gas fcoal -0.00003478 4.72882E-6 -7.35 <.0001 
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Increase in electricity demand leads to an increase in the output from gas. Any 

changes in the nuclear power penetration strongly affect the power output pattern from 

gas for this hour. Almost all the parameter estimates for the nuclear indicator variables 

are highly significant for this hour. This also means that nuclear is a strong contributor to 

fulfilling electricity demand at this hour. Increase in the cooling degree days increase the 

power output from gas at this hour. The power output from gas is completely unaffected 

by the price of either the residential, commercial, or the industrial electricity. An increase 

in the price of gas for residential power consumption decreases the power output from 

gas. This seems so since there is a substitute for gas namely coal which can compensate 

for the electricity demand during the high price times. However an increase in the price 

of gas for commercial power production increases the power output from gas. This means 

that gas is favored over coal or any other resource when it comes to fulfilling the 

electricity demands of the commercial sector. It however comes as a surprise in the end 

that an increase in the price of coal leads to a decrease in the gas power output. An 

increase in the coal fuel consumption leads to decrease in the power output from gas. 

6.15 Forecast plots and residual diagnostic plots for gas for hour 9 PM 

In this section, we investigate visually and graphically the forecast for gas for the 

late evening hour 9 PM obtained using the state space time series model. In addition we 

will do the residual diagnostics which will involve checking the model residuals to be 

independent random outcomes that are normally distributed. From the figure 6.31 we can 

see that the predicted values have a considerable overlap with the actual value for the 

hour 9 PM. This shows that the simultaneous equation time series model has done a 

satisfactory job of tracing the actual data generation process for this 9 PM hour. 
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Figure 6.31 shows the actual and the forecasted values for gas for the hour 9 PM obtained using the state 
space model for the first six months of the year 2012. 

  

Figure 6.32 shows the trend and correlation analysis plots for the gas residuals obtained using the state 
space model for hour 9 PM for the first six months of year 2012. 

The ACF plot (figure 6.32) is showing presence of some seasonality in the 

residuals which is not a very healthy sign and even the PACF plot is showing some 
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significant partial autocorrelations still remaining. However, the IACF plot shows the 

residuals behaving in a normal and as expected way. 

 

Figure 6.33 shows the normality diagnostic plots for the gas residuals obtained using the state space model 
for hour 9 PM for the first six months of year 2012. 

The assumption of normality seems really satisfied and fulfilled as is evident from 

the histogram plot and the quantile plot of the residuals in figure 6.33. There is strong 

allignment of the model residuals with the quantiles from the normal distribution. 

6.16 Forecast plots and residual diagnostic plots for coal for hour 1PM 

As was the case for gas, the forecast for coal for hour 9 PM seem to be reasonably 

accurate in predicting the actual values quite precisely as it appear in figure 6.34.  We can 

see some systematic components prevailing in the residual ACF and the PACF plots 

(figure 6.35), but the IACF plot shows the residuals to be behaving in a normal way. The 

correlations still remaining in the ACF and the PACF plots are really small and their 

validity and significance can always be reasoned and argued. The normality diagnostics 

of the model residuals in figure 6.38 show significant departure from normality as is 

evident from the histogram plot and the quantile plot for coal for hour 9 PM. 
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Figure 6.34 shows the actual and the forecasted values for coal for the hour 9 PM obtained using the state 
space model for the first six months of the year 2012. 

 

Figure 6.35 shows the trend and correlation analysis plots for the coal residuals obtained using the state 
space model for hour 9 PM for the first six months of year 2012 

These marked deviations could be due to some systematic tendencies still left in 

the model residuals, as were visible in the ACF and the PACF plots. Such deviations 
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could be due to some factors or variables that have been missed from the domain 

information that governs the power output from coal at the hour 9 pm. 

 

Figure 6.36 shows the trend and correlation analysis plots for the coal residuals obtained using the state 
space model for hour 9 PM for the first six months of year 2012. 

 

Figure 6.37 shows the cross correlation analysis plots for the gas and coal residuals obtained using the state 
space model for hour 9 PM for the first six months of year 2012. 
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The model seems to have done a remarkable job in capturing the cross 

correlations between the gas and the coal resource for the hour 9 PM as evident from 

figure 6.39. We can say so since none of the cross correlations up to lag 14 appear to be 

significantly different from zero. Over all, the model seems to have fared pretty well in 

capturing the true underlying structure of the time series along with all its salient features 

and main aspects. 

6.17 Interpretation of parameter estimates for the gas and coal series for hour 9 PM 

Next we come to the interpretation of parameter estimates for the explanatory 

variables obtained from the state space model for hour 9 PM (late evening hour). Since 

this is the night time so some of the variables will have a different effect especially those 

which have a more meaningful interpretation during the day hours or during the time of 

the day when there is more activity and the temperature is high because of sunlight. An 

increase in the renewable energy penetration decreases the share of coal in power mix. 

This makes sense since renewable power production is high during the early morning 

hours and the late evening and mid night hours. Moreover, in planned situations coal is 

always a more economical resource to compensate for the deficiencies in wind power. 

With increase in total electric demand the coal power output increases for this hour. The 

heating degree days are significant for this hour. This means that there will be a greater 

effect on coal power output at this hour due to the temperature changes, especially in the 

winter season. This also means that coal power output is mainly used for space heating 

during winters. Even the past values of coal power output affect the output at the recent 

hour. Most of the cyclical and the seasonal components are also significant in explaining 

the changes in power output from coal. Increase in commercial price for electricity 

decreases the power output from coal for the hour 9 PM.  This means that coal basically 

compensates the electric demand for the commercial sector for hour 9 PM and it is 

sensitive to the price of electricity at that hour. An increase in the price of coal and the 

coal fuel consumption leads to an increase in the power output from coal.   
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Table 6.20 Estimates of the regression parameters for Gas and Coal for hour 9 PM 

Response 

Variable 

Regression 

Variable 

Estimate Approx 

Std Error 

t Value Approx 

Pr > |t| 

coa ren -0.01679 0.0040016 -4.20 <.0001 
coa tot 0.00334 0.0015134 2.21 0.0273 
coa n1 -0.00171 0.02638 -0.06 0.9484 
coa n2 -0.02981 0.01824 -1.63 0.1023 
coa n3 -0.02044 0.01672 -1.22 0.2214 
coa coa2 0.00114 0.00002459 46.17 <.0001 
coa coa3 -0.00035518 0.00003733 -9.51 <.0001 
coa coa4 0.00024741 0.00003982 6.21 <.0001 
coa coa5 -0.00013297 0.00004292 -3.10 0.0019 
coa coa6 -0.00000387 0.00004579 -0.08 0.9326 
coa coa7 -0.00000929 0.00004515 -0.21 0.8371 
coa coa8 0.00007543 0.00002724 2.77 0.0056 
coa cos1 -0.10538 0.03485 -3.02 0.0025 
coa sin1 0.06709 0.01554 4.32 <.0001 
coa cos2 -0.07936 0.01710 -4.64 <.0001 
coa sin2 -0.02886 0.01205 -2.40 0.0166 
coa cos3 0.02867 0.0082086 3.49 0.0005 
coa sin3 -0.00527 0.0080556 -0.65 0.5130 
coa hdd 0.00038824 0.0001136 3.42 0.0006 
coa cdd 0.00007232 0.0001859 0.39 0.6972 
coa pelecr 0.00072752 0.0005696 1.28 0.2015 
coa pelecc -0.00166 0.0008333 -1.99 0.0461 
coa peleci 0.00064737 0.0005457 1.19 0.2355 
coa pgasr 0.00024642 0.0004508 0.55 0.5847 
coa pgasc 0.00099041 0.0009925 1.00 0.3183 
coa pgasi -0.00166 0.0004957 -3.35 0.0008 
coa fgas -0.00000699 4.0157E-6 -1.74 0.0815 
coa pcoal 0.01746 0.0043103 4.05 <.0001 
coa fcoal 0.00001490 2.94247E-6 5.07 <.0001 
gas ren -0.24737 0.01283 -19.29 <.0001 
gas tot 0.23812 0.01118 21.29 <.0001 
gas n1 0.76566 0.06289 12.17 <.0001 
gas n2 0.42809 0.04414 9.70 <.0001 
gas n3 0.22420 0.03753 5.97 <.0001 
gas cos1 -0.26877 0.08150 -3.30 0.0010 
gas sin1 0.34705 0.03450 10.06 <.0001 
gas cos2 -0.62670 0.03918 -16.00 <.0001 
gas sin2 0.00366 0.02763 0.13 0.8947 
gas cos3 0.01477 0.01887 0.78 0.4338 
gas sin3 -0.00884 0.01833 -0.48 0.6298 
gas gas4 0.00086329 0.00002698 31.99 <.0001 
gas gas5 -0.00025685 0.00004558 -5.63 <.0001 
gas gas6 0.00039450 0.00005459 7.23 <.0001 
gas gas7 -0.00039599 0.00006331 -6.26 <.0001 
gas gas8 0.00006032 0.00007056 0.85 0.3926 
gas gas9 -0.00022520 0.00006713 -3.35 0.0008 
gas gas10 0.00029201 0.00003461 8.44 <.0001 
gas hdd 0.00164 0.0002537 6.48 <.0001 
gas cdd 0.00116 0.0004138 2.80 0.0052 
gas pelecr 0.00707 0.0012665 5.58 <.0001 
gas pelecc -0.00726 0.0018875 -3.84 0.0001 
gas peleci 0.00112 0.0012245 0.91 0.3620 
gas pgasr -0.00417 0.0009934 -4.20 <.0001 
gas pgasc 0.01132 0.0022139 5.11 <.0001 
gas pgasi -0.00129 0.0011151 -1.15 0.2488 
gas fgas 0.00002940 8.85827E-6 3.32 0.0009 
gas pcoal -0.06963 0.0095054 -7.33 <.0001 
gas fcoal -0.00004465 6.47486E-6 -6.90 <.0001 
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Increase in the price of gas used for industrial electric production leads to a 

decrease in the power output from coal for hour 9 PM. This means that industrial 

electricity demand is mainly fulfilled by gas. Increase in the fuel consumption of gas 

leads to a decrease in the power output from coal. An increase in the renewable power 

production at hour 9 PM leads to a decrease in the power output from gas. Increase in the 

total electric demand during hour 9 PM leads to an increase in the power output from gas. 

The effect of changes in the nuclear power production is really strong on the gas resource 

for the hour 9 PM for almost all the levels and leads to an increase in the gas power 

output. However the effect is the strongest when the nuclear share falls below 3000 

MWHs. Most of the cyclical and seasonal coefficients are highly significant and so are 

the lagged values of gas for the same week. Both the heating degree days and the cooling 

degree days are highly significant and lead to an increase in the power output from gas. 

Increase in the residential price of electricity and the commercial price of electricity leads 

to an increase and a decrease respectively in the power output from gas. This means that 

gas is also a main source of electricity for the residential sector. Increase in the price of 

gas used for generating electricity for the residential and commercial sectors leads to a 

decrease and increase respectively in the power output from gas. This means commercial 

sector relies more on gas resource for electricity needs. An increase in the price of coal 

and coal fuel consumption decreases the power output from gas.  

6.18 Forecast plots and residual diagnostic plots for gas for hour 12 AM 

We can see from the figure 6.40 that the model has done a good job in forecasting 

future values for gas for the hour 12 AM for the first six months of 2012. From the ACF 

and the PACF plots of the residuals of the model (figure 6.41) we can see that most of the 

systematic components present in the series have been captured by the model. There are 

few spikes in the ACF and the PACF plots which are quite apparent and indicate some 

minimal systematic tendencies still pervasive in the residuals for the model of hour 12 

AM. However, the ICAF plot suggests that the residuals have no more correlation left 

among each other. 



Texas Tech University, Kushal Bhalla, May 2013 

168 

 

Figure 6.38 shows the actual and the forecasted values for gas for the hour 12 AM obtained using the state 
space model for the first six months of the year 2012. 

 

Figure 6.39 shows the trend and correlation analysis plots for the gas residuals obtained using the state 
space model for hour 12 AM for the first six months of year 2012. 

Over all the residuals seem to behave as per the assumptions of the model with 

slight discrepancies. The normality of the residuals of gas can be checked from the 

histogram with superimposed normal and kernel plots and also from the quantile plot 
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shown in figure 6.42. The model residuals seem not deviating from normality in any 

significant way. 

 

Figure 6.40 shows the normality diagnostic plots for the gas residuals obtained using the state space model 
for hour 12 AM for the first six months of year 2012. 

6.19 Forecast plots and residual diagnostic plots for coal for hour 12 AM 

The forecasts for coal appear quite satisfactory. There is a significant overlap 

between most of the actual and the forecasted values as can be seen in figure 6.43.  

 

Figure 6.41 shows the actual and the forecasted values for coal for the hour 12 AM obtained using the state 
space model for the first six months of the year 2012. 
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The model seems to have captured all correlations in the explanatory part of the 

model, since the residual ACF and the PACF plots indicate no correlation between the 

lagged values being significantly different from zero as can be seen in figure 6.44. 

 

Figure 6.42 shows the trend and correlation analysis plots for the coal residuals obtained using the state 
space model for hour 12 AM for the first six months of year 2012. 

Therefore the residuals are behaving as per the model assumptions of 

independence, homoscedasticity, and randomness.  

 

Figure 6.43 shows the normality diagnostic plots for the coal residuals obtained using the state space model 
for hour 12 AM for the first six months of year 2012. 
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The histogram and the quantile plots of the residuals indicate no significant 

departures from normality. In the quantile plot we can see the residuals aligning pretty 

systematically for the most part with the quantiles of the standard normal distribution as 

is evident in figure 6.45. We can conclude that the assumption of model residuals being 

Gaussian has been adhered to in almost all the state space models for all the hours which 

really strengthen the case for the state space model being a superior model in comparison 

to other competing models. 

 

Figure 6.44 shows the cross correlation analysis plots for the coal and gas residuals obtained using the state 
space model for hour 12 AM for the first six months of year 2012. 

The cross correlation plot of the residuals (figure 6.46) of coal and gas for hour 12 

AM (midnight hour) show that there aren’t any significant cross correlations left in the 

bivariate state space model for coal and gas. We can see in the cross correlation plots that 

for almost all the lags the cross correlation is not significantly different from zero. 

6.20 Interpretation of parameter estimates for the gas and coal series for hour 12 

AM 

In this section we try to interpret the parameter estimates (table 6.21) for the 

various explanatory variables obtained for the midnight hour 12 AM using the state space 

model for the response variables coal and gas.   
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Table 6.21 Estimates of the regression parameters for Gas and Coal for hour 12 AM 

Response 

Variable 

Regression 

Variable 

Estimate Approx 

Std Error 

t Value Approx 

Pr > |t| 

coa ren -0.09038 0.0056136 -16.10 <.0001 
coa tot 0.05335 0.0025216 21.16 <.0001 
coa n1 0.16144 0.03534 4.57 <.0001 
coa n2 0.08443 0.02422 3.49 0.0005 
coa n3 -0.01962 0.02261 -0.87 0.3855 
coa coa2 0.00129 0.00002519 51.24 <.0001 
coa coa3 -0.00028397 0.00004238 -6.70 <.0001 
coa coa4 -0.00013667 0.00004957 -2.76 0.0058 
coa coa5 0.00004808 0.00004771 1.01 0.3135 
coa coa6 -5.08932E-7 0.00004558 -0.01 0.9911 
coa coa7 0.00001411 0.00002524 0.56 0.5760 
coa cos1 0.15447 0.04633 3.33 0.0009 
coa sin1 0.05145 0.02071 2.48 0.0130 
coa cos2 -0.02763 0.02319 -1.19 0.2334 
coa sin2 -0.07919 0.01620 -4.89 <.0001 
coa cos3 0.01994 0.01094 1.82 0.0682 
coa sin3 -0.01279 0.01064 -1.20 0.2291 
coa hdd -0.00062137 0.0001505 -4.13 <.0001 
coa cdd -0.00020496 0.0002459 -0.83 0.4045 
coa pelecr -0.00062499 0.0007585 -0.82 0.4099 
coa pelecc -0.00227 0.0011064 -2.05 0.0402 
coa peleci 0.00095720 0.0007264 1.32 0.1876 
coa pgasr -0.00070473 0.0006009 -1.17 0.2409 
coa pgasc 0.00190 0.0013197 1.44 0.1495 
coa pgasi 0.00019361 0.0006614 0.29 0.7697 
coa fgas -0.00000413 5.33982E-6 -0.77 0.4392 
coa pcoal 0.01698 0.0058029 2.93 0.0034 
coa fcoal 0.00001740 3.97696E-6 4.37 <.0001 
gas ren -0.08272 0.01074 -7.70 <.0001 
gas tot 0.10800 0.0096029 11.25 <.0001 
gas n1 0.29530 0.05328 5.54 <.0001 
gas n2 0.20907 0.03701 5.65 <.0001 
gas n3 0.10784 0.03208 3.36 0.0008 
gas cos1 0.23785 0.06478 3.67 0.0002 
gas sin1 0.00816 0.02877 0.28 0.7766 
gas cos2 0.02759 0.03182 0.87 0.3858 
gas sin2 0.15207 0.02246 6.77 <.0001 
gas cos3 -0.06603 0.01537 -4.30 <.0001 
gas sin3 0.04232 0.01501 2.82 0.0048 
gas gas4 0.00124 0.00002243 55.28 <.0001 
gas gas5 -0.00042721 0.00001815 -23.54 <.0001 
gas hdd 0.00081983 0.0002124 3.86 0.0001 
gas cdd 0.00035770 0.0003486 1.03 0.3049 
gas pelecr 0.00291 0.0010659 2.73 0.0064 
gas pelecc 0.00555 0.0015553 3.57 0.0004 
gas peleci -0.00480 0.0010235 -4.69 <.0001 
gas pgasr 0.00029613 0.0008440 0.35 0.7257 
gas pgasc -0.00009374 0.0018533 -0.05 0.9597 
gas pgasi 0.00023510 0.0009324 0.25 0.8009 
gas fgas 9.708605E-7 7.48657E-6 0.13 0.8968 
gas pcoal -0.05269 0.0081117 -6.50 <.0001 
gas fcoal -0.00002792 5.5873E-6 -5.00 <.0001 
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At this hour the pattern of electric consumption will be different among the 

residential, commercial and the industrial sectors as is true for the previous hours.   At the 

stated hour the power output from coal is influenced by the penetration level of 

renewable and also by the total electric demand. An increase in the renewable penetration 

decreases the power output from coal where as an increase in the electricity demand 

increases the power output from coal. Falling of the nuclear power production below 

4000 and further below 3000 MWHs influences the power output from coal at this 

midnight hour. Heating degree days have a strong effect on the power output from coal at 

this hour. This means that the output is more influenced during the winter season for this 

midnight hour. Commercial price of electricity affects the coal power output at this hour. 

An increase in the price leads to a decrease in the power output. This means that the 

commercial sector relies on the coal power output at this hour and is elastic to changes in 

electricity price. Both, the price of coal and the coal fuel consumption affect the coal 

power output. The production of electric power from coal increases with increase in price 

of coal. This could be since coal is an important power constituent in the power mix and 

there is need of coal power to maintain the spinning reserves for renewable and 

furthermore, currently better quality of coal is used to produce power which is much 

expensive than the conventional coal but at the same time leads to more amount of 

electric power output. This new coal produces less harmful emissions in comparison to 

the conventional coal. There is a decrease in the power output from gas with an increased 

renewable energy penetration into the grid. This phenomenon is pervasive in almost all 

the hours previously analyzed. This definitely sends a signal that greater renewable 

energy penetration into the electric grid is reducing the power produced from both coal 

and gas. But we cannot jump to a conclusion straight away since the penetration level as 

if now is too small to gauge for any long run changes in the power system. 

Moreover, the need for spinning reserves for the time being is limited but will 

increase considerably with greater penetration of renewables into the electric grid. Gas 

power production increases with increase in demand for electricity for this hour as it was 

for all the previous hours also. The nuclear power production and its swaying production 

pattern have a strong influence on the gas power production at this hour. The effect on 
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gas power production is strongest when the nuclear power production falls to a level in 

between 3000 and 4000 MWHs. This stands a little different for coal where the effect is 

strongest for a fall below 3000 MWHs. Over all we have seen that gas is more strongly 

affected by a decline in nuclear power production as compared to coal. An increase in the 

heating degree days increases the power production from gas. The residential, 

commercial and the industrial price of electricity have a strong effect on the gas power 

output at this midnight hour. This means that the power output from gas at this hour is 

highly elastic to changes in the electricity price. The increase of the residential and the 

commercial electricity price increases the gas power production whereas an increase in 

the industrial price of electricity decreases the gas power output. This means that gas is a 

cheap power source for the residential and the commercial sector but an expensive source 

for the industrial sector. It appeared quite strange for this hour, that the price of gas either 

for residential, commercial or industrial does not affect the power output from gas in any 

significant way. This means that the power output from gas is inelastic to changes in the 

price of gas at this hour. An increase in the price of coal decreases the power output from 

gas. Similarly an increase in the coal fuel consumption decreases the gas electric power 

output.  

This analysis provided us useful insights into the structure of various series for 

different hours. Moreover, we were able to understand and estimate the effect of various 

factors on the power production pattern for coal and gas. This information can be helpful 

to run the power production system in en efficient, cost effective and a reliable way. The 

inter linkages between the various fuel types and their variation for the different sectors 

of the economy whether it be commercial, residential or industrial can help in running 

sound and effective power supply systems and can be used for future planning and 

expansion of power plants.   
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CHAPTER 7 

SUMMARY AND CONCLUSIONS 

Environmental concerns have been raised loudly on various international 

platforms throughout the world. Various efforts have been undertaken by the 

governments of the various countries both at the state level as well as at the 

federal/national level to design and implement ways of reducing carbon emissions that 

are deteriorating the environment. Electricity markets have come under more scrutiny 

than ever before given the large amount of carbon emissions that are generated from the 

burning of the fossil fuels to generate electricity. Under the recurring international 

pressures to safeguard the environmental quality, various countries are redesigning the 

electricity markets in terms of formulating new ways and measures that would promote 

generation of electricity from renewable resources that do not pollute the environment. 

In US, the federal government provides subsidies and various tax and investment 

credits to companies that invest in setting up renewable sources of energy like, solar 

plants, wind farms etc. Even the respective state governments in US are supporting 

companies, independent investors, firms, and consumers that either generate their own 

green electricity or help in the promotion of renewable energy technologies.   

In the state of Texas wind energy is taking the front seat in terms of emerging as 

the biggest sole contributor of renewable energy into the electric grid followed by solar, 

biomass, geothermal etc. Such greater reliance and penetration of renewable sources of 

energy into the electric grid is transforming the outlook and the entire landscape of the 

electricity markets. There are changes which are coming persistently in the generation 

fuel mix and the new design and structure has new emerging inter relationships between 

the various resources. In this study we have made an effort to investigate these new 

regional energy dynamics. 

The greater penetration of renewable energy into the electric grid is changing the 

share of fossil fuel sources in the already existing fuel mix. In this study we have tried to 

understand and examine the structure of all the evolving sources of electricity production 
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and estimate their new emerging inter relationships. We have tried to study the behavior 

of individual series and the series in combination with each other. We had with us the 

time series data of the amount of electricity production from coal, gas, renewable, hydro, 

and nuclear on an hourly basis from 2007 till June 2012. Using various time series 

analysis techniques and procedures we have tried to understand the latent structure of the 

various time series. Traditional time series analysis techniques have been explicitly 

compared to the more recent Harvey’s structural time series models.  

The analysis was undertaken in two different ways. In the initial phase we tried to 

model the intraday pattern of the various series both at the univariate as well as the 

multivariate level. This daily load profile was varying for each day of the week and for 

different times of the year. This modeling involved recognizing various seasonal and 

cyclical components present in the series that were adequately representing the dynamics 

of all the series. Among the three competing models comprising of ARIMA, VAR, and 

the unobserved components time series model, the ARIMA procedure gave us the most 

reliable and accurate forecasts. We had created a suitable design matrix that would 

capture most of the seasonal and cyclical variation by including various seasonal fixed 

effects and interaction effects using the help of dummy variables for different classes of 

variables that represented the day of the week, hour of the day, month of the year, day of 

the month effect and their interaction effects etc. The UCM model used the spline 

seasonal for the weekly seasonality and also the trend component was modeled along 

with the half yearly and the quarterly cycles. The trend component comprised of the level 

and slope components and all these components were modeled explicitly. However the 

results obtained from the ARIMA model were most satisfactory. Most of the lagged 

values for gas, coal, and renewable, along with the external exogenous variables 

comprising of a set of explanatory variables and the nuclear indicator variables help in 

explaining the power production pattern from gas. The drop in the nuclear power 

production strongly affects the pattern of power production from gas. We can say so 

since all nuclear indicator variables are highly significant. Any drop in the power 

production from the set production potential of nuclear has a striking effect on the gas 

power production. Moreover various external factors like price of coal, commercial and 
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residential price of gas, total electric demand also effect the power production from gas 

as can be judged from the parameters estimates being highly significant. We can see that 

the industrial price of gas does not affect the power production and it’s quite surprising to 

see non-significant effect of temperature. The total electric demand and the fuel 

consumption of coal are related with the amount of power produced from coal. The 

industrial electricity price and the fuel consumption of gas also affect the coal power 

production in a significant way. We can see that as the industrial price of electricity goes 

up the coal power production goes down and as the gas fuel consumption increases the 

coal power production goes down. This information can help us better understand the 

electric power production system and the working domain in a better way and make 

smart decisions about the power production in the future. Another interesting thing is that 

the nuclear drop in power production affects the coal power production at all times and at 

varying levels. Coal production increases quite considerably when the nuclear power 

production goes below a mark of 3000 MWHs. Then there is a stronger effect for a drop 

below 4000 MWHs than for a drop below 5000 MWHs. 

In the second phase we modeled different hours of the day separately to get rid of 

the intraday pattern which was not giving very reliable results. We separately modeled 

the morning hour, afternoon hour, the late evening hour and the midnight hour since these 

were the hours of the day where we could notice maximum change in both the nuclear as 

well as the renewable energy share in the generation fuel mix. It became more necessary 

to trace the evolution pattern of coal and gas resources for these hours. Such an analysis 

helped us in evaluating the effect of changes in various sources of power generation on 

each other more accurately and intricately. In this phase we tested various competing 

models among which we had ARIMA, VAR and both univariate and multivariate 

structural time series models. The bivariate state space model also known as the 

seemingly unrelated time series equation model or the unobserved components time 

series model gave us the most reliable and accurate forecasts for the all the selected hours 

of the day. We were able to understand and interpret the dynamics of the power evolution 

among the various resources for the selected hours.  
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During the morning hours, a greater renewable energy penetration leads to more 

displacement of gas power production than coal power production. A fall in nuclear 

power production leads to more demand of power from gas power plants as compared to 

gas. Temperature also has a stronger effect on gas generator. Any increase or decrease in 

temperature at this hour leads to more gas power production. Further during the noon 

hours, any change in renewable power production strongly affects the gas power 

production. However, at this hour there is no effect of renewable power production on 

coal. This means that gas is a more apt replacement for renewable power, especially 

because of its smaller ramping constraints. Even drop in nuclear power production leads 

to increase in the gas power production. Further during the late evening hours there is a 

strong effect on gas power production of any change in temperature, nuclear power 

production and the renewable energy penetration. Renewable has a strong potential of 

displacing gas power production at this hour. From most of the previous hours it is quite 

evident that there is more displacement of gas with renewable energy penetration than 

coal. Coal being the base load generator is not affected much with changes in the 

renewable power production or with changes in the temperature.  

It appears quite noticeable that at the late midnight hour there is a strong 

replacement of coal with the wind power. At this hour any increase in renewable energy 

penetration strongly displaces coal power production. There is greater decrease in the 

power production from coal than from gas for this midnight hour. From this scenario we 

can figure out that gas generators adjust more quickly to the changes in renewable power 

production, nuclear power production and temperature changes during the day time, 

whereas coal strongly replaces renewable during the midnight hours. Heating degree days 

have an effect on coal power production which is different for the evening hour and for 

the mid night hour. A drop in temperature during the evening hours lead to increase in 

coal power production, however a drop in temperature during the mid-night hour leads to 

a decrease in coal power production. This pattern of substitution and replacement among 

the power production from different sources at different hours depending on renewable 

energy penetration, nuclear power shifts and temperature changes shall be of great 
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relevance to the utilities and independent system operators in terms of scheduling 

unconstrained electric power transmission on a grid. 

An increase in the residential and industrial price of gas lead to a decrease in the 

power output from gas whereas an increase in the commercial price for gas leads to an 

increase in the power output from gas for the hour 9 AM.  This means that the 

commercial sector is more dependent on gas as compared to the industrial and the 

residential sectors which seem more dependent on the power produced from coal  for the 

hour 9 AM. 

For hour 1 PM we can see that an increase in the industrial price of electricity 

leads to a decrease in the power output from coal. This means that industrial sector is 

really dependent on the power produced from coal for this hour.  An increase in the price 

of gas used for residential electricity consumption leads to an increase in the power 

output from coal. This means that coal and gas are substitutes in terms of fulfilling the 

residential electricity demand. With an increase in the price of coal and the fuel 

consumption of coal there is an increase in the power output from coal. This means that 

coal output is inelastic to changes in price for this 1 PM hour. 

Most of the cyclical and the seasonal components are also significant in 

explaining the changes in power output from coal. Increase in commercial price for 

electricity decreases the power output from coal for the hour 9 PM. This means that coal 

basically compensates the electric demand for the commercial sector for hour 9 PM and it 

sensitive to the price of electricity at that hour. An increase in the price of coal and the 

coal fuel consumption leads to an increase in the power output from coal. Increase in the 

price of gas used for industrial electric production leads to a decrease in the power output 

from coal for hour 9 PM. This means that industrial electricity demand is mainly fulfilled 

by gas. Increase in the fuel consumption of gas leads to a decrease in the power output 

from coal. 

At the hour 12 AM the power output from coal is influenced by the penetration 

level of renewable and also by the total electric demand. An increase in the renewable 

penetration decreases the power output from coal where as an increase in the electricity 
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demand increases the power output from coal. Falling of the nuclear power production 

below 4000 and further below 3000 MWHs influences the power output from coal at this 

midnight hour. Heating degree days have a strong effect on the power output from coal at 

this hour. This means that the output is more influenced during the winter season for this 

midnight hour. Commercial price of electricity affects the coal power output at this hour. 

An increase in the price leads to a decrease in the power output. This means that the 

commercial sector relies on the coal power output at this hour and is elastic to changes in 

electricity price. 
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