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ABSTRACT

Block and Index style products are becoming a staple in the electric procurement
business. This research serves to explore how the contract is priced using a “real –
life” example based on government accounts from the PPL zone in the PJM
Interconnection. Utilizing existing time-series forecasting techniques, the paper
aims to quantify the price of the Block and Index contract, while providing the
necessary background for those not familiar with the electric industry.
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I.

Introduction

As deregulation occurred in Pennsylvania and rate caps came off, over 150 licensed electric
power marketers1 have appeared in the state to date (Pennsylvania Public Utilities Commission
2012). With increased competition, power marketers and energy service companies (ESCOs)2
have continued to search for ways in which they can separate themselves from their competition.
In order to do so, many suppliers have diversified their product offering. Fueled by new energy
management technology, consumers have accumulated more interest in products offering
varying degrees of exposure to day ahead (DA) and real time (RT) electricity markets.
One such innovation is the Block and Index (B&I) product. The B&I contract combines both a
fixed price and floating index price structure, allowing for customers to have exposure to DA or
RT electricity market. Seemingly little literature from academia has explored pricing B&I
products in the electricity industry. The research herein explores how to price the product
through building on an understanding of the power industry and computational derivation.
In particular, the example of a government entity as a buyer of power is examined – the
Pennsylvania Department of General Service (DGS). DGS procures commodities for the
Pennsylvania State Government. In recent years, DGS has taken multiple steps in purchasing and
taking advantage of innovative contract specifications to maximize energy savings for the
commonwealth of Pennsylvania. DGS works closely with the Pennsylvania State Facilities
Engineering Institute (PSFEI), which helps facilitate the procurement of energy commodities,
namely electricity and natural gas.
After interning and consulting with the PSFEI, the author focused this research to customers
within the Pennsylvania – New Jersey – Maryland Interconnect (PJM), interested in learning
about product offerings within the market and more generally how the market operates. The
electricity industry is notorious for being both complex and perplexing. For that reason, each
section begins by providing basic background information related to the contents of the section.
Many references and resources have been included through out the document to help guide the
1

FERC defines a Power Marketer as “Business entities engaged in buying and selling electricity. Power marketers do not usually own
generating or transmission facilities. Power marketers, as opposed to brokers, take ownership of the electricity and are involved in interstate
trade” (FERC 2010).
2
Warkentin defines Energy Service Companies as companies involved in: “Products and Service, Financial Planning and Consultation,
Delivery Options and Efficiencies Management, and Commodities Management.” For purposes of this research, Energy Service Company and
Power Marketer are used interchangeably.
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reader, as he/she requires more information in a specific topic. The overarching goals of this
work are:
(i) To provide an over view of the electricity industry with a focus on PJM energy
markets.
(ii) To describe and explain the structure of the B&I contract.
(iii) To explore how the B&I contract can be priced.
Section II begins by walking the reader through the deregulated electricity market. This section
highlights the relevant aspects of deregulation and the current PJM market. By introducing how
electricity is priced and what types of energy procurement contracts are available, the section
serves as a preliminary foundation for later sections. Section III goes on to describe the
intricacies of the B&I Product, with an emphasis on pricing structure and contract specifications.
Section IV explores the DA PPL zonal price series used in the study and links past electricity
prices to pricing B&I contracts. In this section, econometric time series forecasting techniques
are examined and applied to the problem of pricing B&I contracts. Section V concludes the
paper by interpreting the results of this study and identifying future perspectives.
II.

Deregulated Electricity Markets

The electric industry can be segmented into three divisions: (1) Generation, (2) Transmission,
and (3) Distribution. Figure 1.1 (page 3), depicts this graphically. The generation side of the
industry begins where energy is transformed into electricity. Fuel (oil, coal, natural gas, etc.) is
converted into the form of electric energy and is prepared for transmission throughout the
system. A system is the vast interconnection of electricity components from the making of
electricity to the end customer. The transmission segment of the industry can be seen as the
“middle man.” Transmission companies (TRANSCOs) carry large amounts of power3 through
lines to distribution networks. Distribution in the power industry refers to the network of

3

Understanding definitions is crucial in the electric industry. Power refers to a rate of flow (energy*time), often in units of Mega Watt hours
(MWh) or Kilo Watt hours (kWh). Note that there is a time component to the units. Capacity is a measure of energy (quantity). This can be
thought of as the maximum amount of electric that can be supplied (or consumed) and typically takes units of Mega Watts (MW) or Kilo Watts
(kW) (Mazzer 2007). The typical explanation of these terms is that of a pipe that carries water. In this example, the volume of the pipe (units) can
be seen as the capacity and the actual flow (units/time) of water through the pipe as power.
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equipment that carries electricity to the end-using customer (Casazza 2010). The companies
responsible for distribution are generally referred to as Electric Distribution Companies (EDCs).

Business Segment

Power

Generation
Transmission
Distribution
FIGURE 1.1. THE ELECTRICITY INDUSTRY BY BUSINESS SEGMENT
Source: As outlined by Figure 2-1 in Warkentin (1998).

Deregulation and Regulation refer to the structure of the electric market. A regulated market
combines the three industry segments together forming the vertically integrated utility4. The
utility owns the generation, transmission, and distribution assets.
At the beginning of the electric industry, the later half of the 19th century, competition
flourished (Munson 2005). The problem was that “ruinous competition” 5 ensued. For example,
one neighborhood may have had multiple distribution lines from different companies serving the
same neighborhood, rather than a single line. This extreme type of competition increased costs
for the companies (reducing profitability) and increased costs for the customers. Geographic
natural monopolies were established to eliminate this problem. In doing so, government

4

The Merriam-Webster Dictionary defines a Public Utility as “a business organization (as an electric company) performing a public service
and subject to special governmental regulation” (Merriam Webster 2012). The term utility can refer to two different ideas: (1) A vertically
integrated utility in a regulated market or (2) an EDC in a deregulated market, as discussed in the later portion of this section.
5
For the legislative body, the idea of ruinous completion was not new. Similar arguments were made in the days of the Rail Road. See the
United States v. Trans-Missouri Freight case (Editorial Staff of the National Reporter System 1893) for more information.
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regulation was mandatory to protect consumers from monopolistic pricing6. The energy price
charged to customers by the utility can be determined using a variety of methodologies. One
approach is the rate of return methodology. This methodology utilizes a Public Utilities
Commission (PUC) to set the return on the utility’s assets (rate base) (Viscusi 2000)7. The
presence of a vertically integrated utility and energy prices set by a PUC defines the regulated
market.
A. Deregulation – A Very Brief Overview
Economists and others began observing economic inefficiencies and poorly established
incentives as a result of regulation8. Layers of research, government mandates9, and market
experiences eventually led to a movement to deregulate or “re-structure” the industry in the
United States. Deregulation is viewed as an attempt to fix many of the economic losses caused
by regulation. The overarching goal is to create competition from electric generators and provide
open access to the grid10 (Philipson 2006). Open access requires that utilities, EDCs and
TRANSCOs, grant others the ability to use their transmission and distribution networks (FERC
2011). Unlike the regulated market, each component of the industry (Generation, Transmission,
and Distribution) is a separate entity in the restructured market. The market is termed
“deregulated”, when in reality the transmission and distribution components have been reregulated or restructured. A variety of deregulation models exist. Since the basis of this research
is within PJM, the PJM model is explored.
The PJM Model
PJM was founded in 1927 as an investment pool by utilities (Munson 2005). Today, PJM
operates as both an Independent System Operator (ISO) and Regional Transmission
Organization (RTO)11. The ISO acts as the transmission entity in the deregulated market, which

6
7
8
9

For more information on monopolistic pricing and regulation see Chapter 5 from Dahl.
“Economics of Regulation and Antitrust” by Viscusi and others provides a deep review of rate of return regulation and faults in regulation.
For an overview of the shortcomings of regulation and deregulation see Lave, Apt, and Blumsack (2007).

Along with many other initiatives, FERC Order 2000 created an initiative to deregulate and create Regional Transmission Organizations
(FERC 2010).
10
Mazer (2007) defines the grid as “the network of generation plants and transmission equipment.”
11
For purposes of this introduction, an RTO and ISO can be treated similarly. An RTO has additional responsibilities outside of an ISO (PJM
2012). For more information see “PJM Overview” (PJM 2012).
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is independent and federally regulated (PJM 2012). Independent refers to an ISO being
independent from organizations operating in the ISO. By removing any conflicts of interest
between producers, buyers, and the ISO itself, non-discriminatory access to the grid should
follow. An ISO is primarily responsible for system reliability, system planning, economic
dispatch12, and balancing (PJM 2012). It should be noted that PJM does not directly own any
transmission or generation assets (PJM 2011). For simplicity, the scope of this research will
focus primary on how power is priced and ignore other markets and aspects of PJM as an ISO.
The generation side of the business is the competitive market. PJM operates by receiving bids
from generators. PJM then aggregates the bids in a way that reduces the costs of generation to
the system. In doing so, PJM is able to calculate the price component of electricity based on
demand in the system and the bids from generators. In order to balance supply and demand, PJM
calls on (dispatches) the selected generators to produce power. After a generator is dispatched,
power accesses the transmission network. TRANSCOs make up the network and are regulated
by the Federal Energy Regulatory Commission (FERC). The power is transported through the
transmission network to the distribution segment. After traveling through the distribution lines,
the electricity reaches the end customer. The distribution segment (EDC) remains regulated by
the PUC, which sets pre-defined tariffs13 for sending power over the EDC’s lines.
Wholesale Versus Retail
Adding to the complexity of deregulation, deregulation itself can be spit into two different
segments: Wholesale and Retail. The wholesale component consists of generation companies
(GENCOs) that produce and sell large quantities of power to industrial end users or other large
companies like ESCOs (Philipson 2006). In the introduction of this paper, it was mentioned that
“rate caps” “came off” in Pennsylvania. What this means is that the retail side of the market was
deregulated.
Retail deregulation or “Electric Choice,” operates on a more microeconomic-level. Retail
consumers (smaller business and households) can “shop” for electricity via ESCOs and Power

12

PJM (2012) defines economic dispatch as: “The optimization of the incremental cost of delivered power by allocating generating
requirements among the on-control units with consideration of such factors as incremental generating costs and incremental generating costs and
incremental transmission losses.” As discussed in later sections, economic dispatch serves to answer the questions: How much electricity and at
what price?
13
A tariff is a charge for using distribution equipment and varies according to rate class. The rate class segments customers by the amount of
their usage. For an example of electric tariffs, see Pennsylvania Public Utilities Commission (2012) “Electric Tariffs.”
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Marketers (PM). PMs contract with GENCOs for bulk power and then purchase from the DA or
RT markets to supply power for their customers. As mentioned earlier, PMs provide a variety of
contracts to their customers. One should keep in mind that PMs provide financial contracts for
delivery, which is discussed in later sections.

GENCOs
PJM
Market

EDC

EDC

Customer

Customer

Power
!!!!
Marketer

EDC
Customer

FIGURE 1.2. PUTTING THE DEREGULATED MARKET TOGETHER
Notes: Red dashed lines represent financial flow and black dashed lines represent the physical flow through the deregulated market.

Figure 1.2, above, provides a depiction of deregulation. The red dashed lines represent the
financial paper trail where money exchanges hands; whereas, the black lines represent the
physical flow of power throughout the system. Generators (GENCOs) produce electricity as PJM
dispatches them. The power is then sent through the transmission component of the market
(PJM), arriving at the EDC. The EDC is responsible for the power reaching to end-using
customers as well as billing14.

14

For a useful understanding of electricity bill components, see Studebaker (2009).
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Looking at the Power Marketer (PM) in Figure 1.2 on the previous page, the picture of Retail
Deregulation becomes clear. The PM purchases power in long-term contracts from GENCOs and
from the PJM Markets when necessary. The PM then prices the power according to their
customer’s contract specification. When contracting with a PM, the power component of the
user’s bill is typically sent to the EDC and passed on to the customer.
B. The Price of Energy
The price of power (MWh or KWh) in the wholesale market is explored, ignoring all other
markets in PJM. PJM represents the largest wholesale electricity markets in the world (PJM
2012). GENCOs provide PJM with supply offers, which specify the price and quantity of power
they are willing to supply. PJM uses a system termed “economic dispatch” to determine the
optimal amount of power and the price which clears the market15.
Economic dispatch calls on generators in a way that minimizes the total cost of delivering
power to the entire system. First, the methodology dispatches the lowest cost16 producer of
power. Dispatch refers to calling on a generator to produce a certain amount of power. The
lowest cost generator is dispatched until its capacity limit (production limit) is reached. At this
point, the next lowest cost generator is called to dispatch. This process continues until the total
demand in the system is met. The price is set from the “marginal unit” or last generator serving
the system17. The marginal cost ($/MWh) that clears the market is referred to as the λSYSTEM
(system lambda) or the Marginal System Price (MSP) in PJM. This is outlined in chapter 6
Kirschen (2004) and graphically depicted in Figure 2.1 in Appendix B.
The wholesale market also has a time component. The market is divided into two markets: (1)
The Day Ahead Market and (2) the Real Time Market. The DA market includes hourly clearing
prices for the following day, which are based on next day load forecasts (Lambert 2001). The RT
market clearing price is calculated for every hour of operation, using an average of twelve 5minute clearing prices within each real hour of dispatch (PJM 2011).

15

Clearing the market, effectively means setting supply equal to demand. Demand is typically assumed to be perfectly inelastic in power
markets.
16
How is lowest cost defined? The two measures of concern are Total Cost (TC) and Marginal Cost (MC). TC includes all fixed and variable
costs, where marginal costs represent the cost of producing the marginal unit (next unit). See Appendix C for an example of their relationship.
When choosing the lowest cost, the producer with the lowest bid is referred to. In a perfectly competitive market, this bid is equal to MC.
17
PJM provides a wide series of lectures posted online. For more information on economic dispatch see Appendix C and “PJM 101” (PJM 2
011).
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Locational Marginal Pricing (LMP)
LMP takes into account the network constraints and geographical disparities in the system.
Due to network constraints, the prices at different nodes (connections to the system) can, and
often do, vary. LMP consist of 3 parts: (1) Generation Marginal Cost, (2) the cost of transmission
congestion, and (3) the cost of marginal losses18 (Lambert 2001). The generation marginal cost is
the λSYSTEM discussed previously. It is important to note that if transmission congestion and
marginal losses are equal to zero, the LMP in the entire system is equal (PJM 2011). PJM is
broken into 17 geographic regions, known as zones19. Within each zone, there are a variety of
nodes. Zonal Prices (Zonal LMPs) can be used for financial contract reconciliation, like our later
example of the B&I contract. Zonal Prices are an aggregation of “load-weighted” nodal LMPs
(PJM 2011)20.
When power is transported, some energy is converted to heat. This is known as resistive
heating (von Meier 2006). Thus, so called “line losses” result from the transportation of power.
The cost of marginal losses takes these thermal losses into account. Again due to resistive
heating, the lines carrying the electricity sag as they heat up. The cost of congestion reflects the
fact that transmission lines must observe thermal limits21. For this reason, lines are rated
according to the maximum amount of power they can carry (capacity limits). When these limits
are reached on a line, power must be “re-directed” to observe the limits. “Re-directing” really
means re-dispatching generators in an order that observes congestion constraints despite higher
costs; thereby, placing a cost on congestion22. An example of this is outlined in Appendix C.
C. Product Offerings
Electricity, as a commodity, provides many unique challenges. The facts that electricity cannot
be stored economically and that electricity is governed by physics23 create specific challenges
that must be addressed in the electricity industry. It is important to keep in mind that electricity is
homogeneous and that power contracts with PMs, ESCOs, or GENCOs are really just financial
18
19
20
21
22
23

PJM defines losses as: “The power that is lost as dissipated heat when power flows in transmission lines and transformers” (PJM 2012).
See “Territory Served” (PJM 2012) for a map of zones.
See “ Market Settlements (MS-301)” from PJM 2011 for more information.
For more information on resistive heating and thermal limits, see Chapter 6 of von Meier (2006).
For an overview of the different ways to price congestion, see chapter 10 in Shahidehpour (2002)
For in introduction to the physical properties of electricity, see Chapters 1 and 2 in von Meier (2006).
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instruments. Meaning, when you contract with a supplier, the power that flow to your lamp is
most likely not from the generator you contracted with. Rather, power flows throughout the
system according to the laws of physics.
Many customers have expressed interest in having market exposure for their energy costs
(PSFEI 2012). Rather than paying a constant (fixed) price for generation, some customers
request that their energy bill be reconciled using either the DA or RT market. Market exposure
allows for customers to take advantage of price declines but naturally leaves their bill open to the
upward swings in high demand times or times subject to high congestion. Some retail customers
have curtailment systems build into their facilities. For example, if RT prices reach a certain
level, the building sheds its load (reduces its usages) to minimize energy costs on its final bill24.
The RT market is more volatile than the DA market, since generators can go offline or power
lines can be placed out of service. The DA market, a forward market, proves less volatile;
thereby, encompassing less risk to the purchaser25. Figure 2.2 in Appendix B depicts the
difference in volatility between the DA and RT markets for the PPL zone.
Financial power contracts can be broken into 3 main types: (1) Index Products, (2) Fixed
Products, or (3) a combination of Index and Fixed Products. A pure index product reconciles the
consumer’s energy usage to either the RT or DA market26. Energy costs are the product of the
zonal LMP price and usage. Financial options based on the index are also available to mitigate
the risk of being exposed to the market index. A fixed product maintains the same price
regardless of the facilities usage27. Some contracts include a combination of a fixed price and
price reconciled to an index. As shown in section III, the Block and Index Product is really a
combination of an index and fixed priced product.

24

This is known as demand side response. Buildings that have automated load-shedding capability (dimming lights, control of heating and air
conditioning, etc.) are referred to as Smart Buildings. One example from DGS is the Rachel Carson Building located at 400 Market Street,
Harrisburg, PA.
25
Note that the definition of risk in finance is commonly referred to as variance. For an overview of risk management, see Chapter 10 in
Mazer (2007).
26
Energy markets are segregated by hour. The customer’s energy costs will reflect hourly changes in market conditions, providing significant
variations in price.
27
Note that with a fixed price, the variance in price is 0. With a fixed product, the customer has effectively reduced all price risk to 0. The
question then becomes “At what price?” Since the supplier has taken on all of the price risk, the fixed rate will represent a premium build into the
quoted fixed price.
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III.

Block and Index Products

Block and Index (B&I) products are common in the electric procurement business. The
contract allows for a fixed amount of energy usage over a specified time period for a predetermined fixed price. This contracted energy component is known as the block. Blocks are
traditionally selected monthly for both the on and off peak periods28. Figure 2.3 located in
Appendix B, graphically depicts on and off peak usage for the Pennsylvania Capital Complex.
All usage outside of the block is reconciled using an index (either the DA or RT market). If the
account uses less than the block, the portion of the block not used is sold at the index price.
Figure 1.3, below, depicts this graphically.

G2

Capital Complex Interval Data
Wedesday, August 31, 2011
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FIGURE 1.3. BLOCK AND INDEX EXAMPLE
Source: This data has been collected from the Penn State Facilities Engineering Institute and is available from the Pennsylvania Department of
General Service. The graphic has been generated using R and Microsoft Power Point.

The above image depicts a hypothetical block and index product for one day. The red line
represents the actual building usage. The grey block represents the off peak block, while the
black block represent the on peak block. Note that the facility will be billed at a constant rate for
both blocks, until the usage is greater than the block (blue dashed lines). When usage is greater
than the block, each additional MWh is paid at the index price (either real time or day ahead). If
the block is larger than the usage of the facility, the unused portion of the block is sold at the
index price for that period (yellow dashed lines).
28

The North American Electric Reliability Corporation (NERC) specifies the on peak as weekdays for the hour ending 0800 to the hour
ending 2300. All other times, including all hours on predetermined NERC holidays, are off peak.
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A. Contract Specifications
The B&I contract29 has many typical contractual elements found in other purchase agreements.
The contract itself is really two separate contracts: a contract for the index energy purchase and a
contract for the fixed energy component. The terms and conditions of the contract specify,
amongst other details the: Right of Assignment, Force Majeure, Confidentiality Statement,
Limitation of Liability, Early Termination Clause, Term Specifications, Buyer Obligations, and
the Commercial Terms of the Contract (CTC). The CTC outlines the timeframe, delivery point,
price, and quantity associated with the contract. The contract determines the delivery point of the
energy defined by the zone within the Regional Transmission Organization (RTO) and the
Electric Distribution Company (EDC) providing service to the facility. The delivery period is
specified to include “targeted” starting and ending dates30.
The contract segregates the contracted amount of power (kWh) by month. Typically, the buyer
determines the on-peak block size and off-peak block size; however, the PM or ESCO will
request annual interval data31 from the buyer (Harford 2012). The block price is quoted in terms
of an annual on peak and off peak price. A bundled adder (BA) is included in terms of ¢/kWh.
The BA includes all associated cost to supply the buyer with electricity, except the energy
component. A typical BA includes capacity, transmission, ancillary services, green costs and
administrative costs. The cost of capacity refers to a paid fee to generators for maintaining
adequate power during periods of high demand (Citizens Utility Board 2010). The transmission
cost is the cost associated with transporting electricity from generation source to the delivery
point or EDC (PUC 2012). Ancillary charges are those charged by a balancing authority (PJM).
These charges are outlined by FERC Order 888 and include: Scheduling, Reactive Supply and
Voltage Supply, Regulation and Frequency Response, Energy Imbalance, Operating Spinning
Reserves, and Supplemental Operating Reserve (Sauer 2001). Green costs are costs associated
with renewable energy generation (PPL Electric Utilities Corporation 2009).

29
30
31

A Block and Index contract from PPL Energy Plus, LLC was analyzed.
Targeted refers to flexibility in the initiation and termination dates.

Interval data generally refers to a building’s electric usage broken into 15-minute periods. The PM or ESCO typically requests usage
information for the most current year.
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B. Cost to the End User
The actual usage of an account will vary from the blocked amount of energy. Any usage over
the pre-determined block is billed at the market price, which is usually reconciled using the DA
zonal price. If usage is below the block, the customer is charged for the contracted usage of the
block at the contracted block price, and credited the unused amount of the block at the market
price. The following notation is derived:
!! = Actual Usage

!! = Contracted Price

!! = Contracted Usage

!! = Index Price (DA or RT)

!!"#$%&' = Cost to the customer for a specified product
Equation 1, below, describes the cost to the customer of a pure index product, where all
energy is purchased from the DA market.
(1)

!!"#$!!"#$% = !! ∗ !!

(2)

!!"#$%! = !! ∗ !!

Equation 2, above, describes a contract where both the price and the usage is fixed.
(3)

!!&!!!"#$%&!$ = !! !! + !! !! − !!

Combining these ideas, the B&I contract is described mathematically by equation 3. Note that
if the actual usage is greater than the contracted usage, the cost increases (the customer buys
from the day ahead market). Conversely, if the actual usage is less than the contracted usage, the
cost decreases (the customer sells the contracted energy in the DA market).
C. Pricing the Contract
(4)

!!&!!!"#$%&!$ = !! (!! − !! ) + !! !!

Equation 4 re-arranges the terms from equation 3 using basic algebra. The contractual terms of
the block usage and price differential between the market and contractual term are now
separated. The individual usage outside of the block is of no concern to the supplier in the
pricing of the block, as the supplier passes the index price directly to the customer.
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(5)

!!&!!!"#$%&!$ − !!"#$!!"#$% = Δ!!&!!!"#$%&!$ = !! (!")

Equation 5 removes the indexed purchase aspect from both sides of the equation. The
difference in cost between the B&I contract and the cost of the index (the block) is denoted
Δ!!&!!!"#$%&!$ . The difference between the contracted price and market price is !" .
(6)

-!!" =

!
!"! ! !!"
!

!"

The value of the block with respect to time is formulated by equation 6 and denoted by –!!" .
Applying the integral with respect to time (t) shows the value over the lifetime of contract !"! .
The beginning of the contract period is denoted 0 and ending time for the contract is denoted T .
Accounting for the time value of money, the contract is discounted using the discount factor
! !!" , where r is the discount rate, t is time, and e is the natural number.
(7)

-ΔV = !!

!
(!!
!

− !! )! !!" dt

Substituting the definition of Δ!!&!!!"#$%&!$ from equation 5, equation 7 is derived.
(8)

V=

!
! !!"
! !

− !! !

Since DGS is a government entity and current short-term federal bond yields are low, it can be
assumed that the cost of capital (r) is approximately 0; thereby, removing the discount factor
from the equation 7. The usage of the contract (!! ) is standardized (set equal to 1) and
subsequently dropped; thereby forming equation 8. Equation 8 shows the saving of using a B&I
contract versus purchasing directly form the index.
(9)

V = !! − !!

By diving equation 8 by the duration of the contract (T), equation 9 is derived. The average
market price is denoted by !! . Thus, the savings of the B&I contract is the average price of the
market minus the price of the contract. The price of a B&I contract is a function of the average
market price. A financial option placed on an average price is known as an Asian Option.
Significant academic research has been derived in this area32; however, the B&I is a contract for
delivery, not an option.

32

Asian options give the holder the right but not the obligation, to purchase an asset at its average price over a fixed amount of time (Hull
2009). The name Asian option was derived from Banker’s Trust Tokyo using the option for crude oil in 1987 (Chen 2007). For more information
on Asian options see Hsu 2011, Hambly 2007, and Eydeland 1999.
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Since the ultimate purpose of the B&I contract is to reduce risk exposure (variance in index
prices), one can interpret the price of the contract as a measure of the price of risk. To price the
B&I contract, the energy consumer’s level of risk aversion (risk appetite) most be taken into
account and is denoted ρ . Any time the savings (V in equation 9), is negative, the consumer is
risk averse and willing to pay a premium, similar to that of an issuance premium. Thus the price
that the consumer is willing to pay for the contract is the expectation of the average market price
multiplied by some constant ρ , summarized in equation 10 below.
(10)

!! != ! !!! ! !ρ

ρ represents a market for risk. The risk market, much like any other market, has demand and
supply determents from suppliers of risk and purchasers of risk. Note that if the consumer is risk
neutral (ρ is equal to 1) , the price of the contract is simply the expectation of future market
conditions. For each consumer some maximum ρ* exists, where the consumer would rather
forgo the B&I contract than pay the contractual price.
The Example of the Capital Complex
Since the quantification of risk appetite (ρ) varies according to individual energy consumers, a
level must be defined for each consumer. Revising the example of the Capital Complex, DGS
purchased a B&I contract with an on peak block price of $0.05208/kWh for 2012 (PSFEI 2012).
This contract is for delivery in the PPL zone and is reconciled using the PPL DA price. For the
purposes of example, the following arbitrary assumption is used: the realized average on peak
price for January 2012 ($0.03860/kWh) 33 is DGS’s expectation for all on peak prices over the
year. ρ for this example is computed in equations 11 and 12, below.
(11)
(12)

$".!"#!$
!"#

=

$".!"#$!
!"#

∗ρ

ρ = 1.3492

DGS, in the example, has a ρ of 1.3492 and therefore an acceptable premium for on peak risk
is identified. Assuming this is true and that ρ = 1.3492 = ρ* , any B&I contract for DGS may be
priced. It then holds true that DGS is willing to accept any contracted Price (!! ) less than the

33

This was calculated using PJM’s zonal data. See “Hourly Day Ahead Data.” (PJM 2012) for more information.
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expected average on peak price multiplied by ρ* . Here it is important to note that future
expectations dictate the price of the B&I contract; therefore, the use of a statistical model to
generate such expectations can be incorporated into the pricing the B&I contract.
IV.

Modeling Day Ahead Zonal Electricity Prices

Referring back to the original problem of valuing B&I contracts, it is necessary to look into the
future and make estimations of future prices, specifically average prices. These expectations of
future prices can used to price the contract in combination with a known price tolerance for risk
(ρ*). The foundations of econometric and statistical analysis provide the tools to do so. By
creating a mathematical model, future prices can be forecasted and thereafter a B&I contract
valued. Before a model is selected, pre-defined criteria must be established, which highlight the
primary purpose of the model. In order to obtain expectations of future prices, a novel and
reproducible model must be developed.
For use in industry application, the model must be simple and reproducible. Simple refers to
creating a model that allows someone with a basic understanding of econometrics and statistics
to understand the resulting implications and derivation. In doing so, the user can clearly identify
the limitations and expectations of the model. Reproducibility is clearly important for any
analysis to be utilized. For this reason, open source software (R 2011) and mainstream statistical
software (Stata 2011) were utilized. With overarching goals of simplicity and reproducibility,
regression techniques serve as the primary mode of model building.
Through out this section, regression techniques are utilized to both describe the time series and
later to forecast future prices. Econometric techniques utilize a system of equations to describe
information. The basic ordinary least squares (OLS) model is described in equation 13 below.
(13)

Y = α! + β! !! + ε

Y is the dependent variable, which can be described as a function of X . The constant term is
represented by α!! . β! is the coefficient for X and describes the relationship between Y and X . X
is referred to as the independent variable or regressor. ε represents any error in the model. The
right hand side of the equation can be used to predict Y , known as ! or the estimate of the true
Y . The difference between Y and ! is equal to ε . See Stock (2007) for more basic information
related to econometric modeling.
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A. Describing the Time Series
Since most block and index products are reconciled using the DA market, DA prices were
examined. Using five years of the most recent price activity allowed for a relatively large sample
size and reduced the risk of structural breaks in the data set. Prices from January 1, 2007 through
December 31, 2011 were examined34. Since building usage data and a quoted B&I contract price
were available for the PPL zone, the study examined the PPL zone.
The time series represents over 43,000 hourly observations. Data was collected from the PJMInterconnection official website, available in comma separated value (.CSV) format. Day light
savings hours represented only a small fraction of observations. Consequently, these
observations were removed from the time series for convenience and simplicity. A graphical
representation of the entire series is presented in Appendix B, Figure 2.4.
Preliminary analysis of the time series included testing for unit root35 and seasonality.
Stationary or differencing the series to achieve stationary, is a necessary condition for autoregressive models, as explained in the model selection section. Using the Augmented DickeyFuller Test for unit root, the results fail to accept the null hypothesis (the series has a unit root) in
favor of the alternative hypothesis (the series does not have a unit root) at the 1% level. The test
statistics can be found in Table 1 located in Appendix A.
Electricity prices are known to be subject to seasonality. Figures 2.4 – 2.6 represent this
graphically in Appendix B. The series typically shows price spikes in the winter and summer
months when demand is highest in the system. Seasonal binary variables are used as a regression
technique to describe seasonality within a series36. A binary variable is sometimes referred to as
a “dummy variable,” which consists of only ones and zeros.
The binary variable uses Boolean logic to describe the dependent variable. Seasonal binary
variables are equal to 1 (TRUE) if the observation in the time series is in the season expressed by
the variable. Equation 14 (page 17) outlines the example of using quarterly dummy variables.
The representative matrix is displayed in equation 15 (page 17).

34

It is important to note that PJM began including a break out of line losses and congestion starting June of 2007. This is inclusive of data for
both the RT and DA markets.
35
Stating a time series has a unit root is synonymous to stating that the time series is non-stationary. Stock (2007) defines non-stationarity as
a process that is time dependent.
36
See Abeysinghe (1994) and Hylleberg (1993) for discussion on using seasonal dummies in econometric models.
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(14)

Y = α! + β! !! +!β! !! +!β! !! + ε

(15)

!!"#$%&$!!
!!
1 0 0
!
!!!! = !"#$%&$!! = ! 0 1 0
!!!! !!"#$%&$!!
0 0 1

Notice, even though there are four quarters in one year, only three binary variables are used.
Say X1 , X2 , and X3 correspond to quarters 1, 2, and 3, respectfully, then α! (the constant) holds
the value of the fourth quarter. If four dummies and a constant were included, the model would
exhibit multicollinearity37 due to improper model specification. Note that if X1 = 0, X2 = 0, and
X3 = 0, the only variables left are the constant and error term.
Building on this, the seasonal aspects of the PPL DA time series were examined. Electricity
has a variety of seasonal factors. Three different types of seasonal dummies were created: (1)
monthly binaries, (2) hourly binaries, and (3) an off peak binary. The monthly dummies, denoted
X , range from 1 (January) to 11 (November). Hourly dummies (V) range from 1 (1:00 am) to 23
(11:00 pm). The off-peak dummy (Z) is signaled (=1) during weekends and NERC Holidays.
Combining the binary variables into a model renders equation 16 below, where Y is the hourly
Day Ahead Price. Since the model is specified in $/MWh, one can observe the price differential
for each binary variable, finding the price shift for each month, hour, and off peak time38.
(16)

Y! = β! + β!! !!! + ⋯ + β!!! !!!! ! + α!! !!! + ⋯ + α!"! !!"! + γ! Z! + ε!

The variables were tested using the Wald Test for linear restriction. March and April were
found to be insignificant and subsequently removed from the model. One can interpret this to
mean that these months are statistically insignificant from December (the constant). After
removing the March and April binary variables from the model, the new model was re-estimated
using OLS. These results are displayed in Table 2 of Appendix A. The seasonal dummies
represented about a quarter of the series’ variability and were all significant at the 1% confidence
level.

37
Multicollinearity effectively refers to the problem of having n equations for n+1 variables, producing an unsolvable system of equations.
For more information on multicollinearity in model specification see Section 6.7 of Stock (2007).
38
e.g. The model specifies the price of weekday December power at 2pm as β! + !α!! + ε! .
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B. Model Selection and Specification
Modeling electricity prices creates unique challenges in forecasting. Prices show seasonality, a
tendency to revert to their mean and spikes within the series, attributes associated with the
inability to store power (Simonsen 2004). Econometrics has provided a variety of models, which
can be applied to the problems of predicting load and prices. Methods include: Time Lagged
Feed Forward Networks (TLFN) Neural Networks39, Dynamic Regression models,40 and Autoregressive models. This research focuses on Auto-regressive models41 for both their simplicity
and ease of use. AR univariate models have been evoked primary for short-term (up to 24 hours)
load and price forecasting in academic literature (Taylor 2006).
Auto-regressive and Moving Average Models
Auto-regressive (AR) models play on the fact that previous prices are highly correlated.
Meaning, for example, yesterday’s price is a good projection of today’s price. This is written in
the form of expectations in equation 17 below; where, the expectation of Y at time t is
conditional on previous observations of Y to time t-p .
![!! |!!!!! , !!!! , … , !!!! ]

(17)

Assuming an AR(1) process, the model in equation 18, below, can be derived42; where ! is a
constant term and !! is the error term. Using backward substitution and holding the assumption
that |β1| < 1, Bierens (2005) computes equation 19, located on the following page. Note that α/(1β1) is referred to as the root. If |β1| is equal to 1, than the equation becomes undefined and is said
to be a unit root, causing complications43. Taking the first or second difference will, in many
cases, remove the unit root; thereby allowing for the estimation of the model.
!! = ! + !! !!!! + !!

(18)

39
40
41
42

See Bassi (2006)
See Nogales (2002)
Please note a wide variety of research is available in this area.

In this section, derivation and proofs fall out of the scope of this research. See Bierens (2010) for a lecture series on forecasting and an
overview.
43
The presence of a unit causes not only model specification problems but also negatively effects estimates. When estimating an OLS
regression with a unit root, the t –scores will be inaccurate, rendering hypothesis testing inaccurate.
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!

!! = !!! +

(19)

!

!
!
!!! !!

!!!!

The moving average model of order q is another common model used in time series to describe
a stationary process. The model specifies parameters on the lagged error term (U), where Ut is
white noise (independent and normally distributed). This is traditionally expressed as equation
20, where µ is the mean of the series (![!! ]). The model innovates based on noise in the error
term from previous observations. It is very important to note that an MA process can be rewritten as an infinite order (p = ∞) AR process (Bierens 2010).
!! = ! + !! + !! !!!! + !! !!!! + ⋯ + !! !!!!

(20)
Model Selection

Upon observation of the autocorrelation and partial autocorrelation of the series (Figures 2.7 –
2.8 in Appendix B), it becomes clear that an AR or MA model should perform relatively well for
describing the series. The partial autocorrelation function shows significant lags past 300
observations (hours). This suggests that an infinite order AR process (MA) would create a good
representation of the data. After ruling out an AR in favor of an MA, the order of the MA was
determined as a function of the autocorrelation44. The autocorrelation shows peaks in every 24th
lag (24 hours); therefore, justifying the selection of a MA order q = 24 model.
The choice to also include the significant binary variables from OLS is made to increase the
predictive power of the model. Using an MA (24) alone would result in very poor recursive
forecasts, since the model has a very short memory. Significant binary variables allow the model
to take advantage of the seasonality associated with the series. With limited certainty of
independent variables in the future, one can always be certain of the time in the future. Equation
21, below, describes the model used in this research. β!! − β!!! represent the previous
significant binary variables (notation changed from equation 13) and ϕ! − ϕ!" !characterize the
moving average parameters.
(21)

Y! != β! + β!! !!! + ⋯ + β!!! !!!! ! + ε! + ϕ! ε!!! + ⋯ + ϕ! ε!!! !; where q = 24

44

The order of a MA process can be determined by selecting the peaks in the correlogram (autocorrelation plot). The use of the Akaike,
Schwartz (also known as Bayesian), and Hannan-Quinn information criteria can also be employed for model selection. These estimates are
reported in Appendix B, Table 3.
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The parameters above where estimated using the arima command in Stata. Rather than using
OLS, the estimates are derived using Maximum Likelihood and a Kalman Filter (state-space)
representation of the model45. The estimates are displayed in Tables 4 and 5 (Appendix A). Table
6 of Appendix A represents the estimation statistics for the model. Note that all MA parameters
are significant at the 1% confidence interval and the majority of binary variables are also
significant at the 1% level.
C. Forecasting
Stata was employed for all post-estimation46 results. Figures 1.4 and 1.5 are used to interpret
the accuracy of the model both in terms of their ability to model the series and ability to make
projections.
One Step Ahead Forecast
PPL Day Ahead Hourly Price
December 24, 2011 - December 31, 2011
70

Price ($/MWh)

60

Actual
One Step Ahead Forecast

50
40
30
20

Forecast Error

20
10
Hour of Series

0
-10
-20
43633

43657

43681

43705

43729

43753

43777

43801

43824

Hour of Series (Hours)

FIGURE 1.4. ONE STEP AHEAD FORECAST
Source: This data has been collected from PJM, generated using Stata, and graphically represented via R. Please see references section for more
information
Notes: The forecast error is displayed in the lower chart. The dashed blue lines represent one times the standard forecast error (~0.68 confidence
interval) and the red dashed lines represent about two times the standard forecast error (0.95 confidence interval).

45
46

For more information on how Stata specifies the ARIMA model, see Stata 12 Times Series Reference Manual (StataCorp 2012).

Note that manual forecasts using the parameter estimates will yield different results. Again, Stata employs the Kalman filter to compute
forecasts. See Sanchez (2012) for more information.
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Figure 1.4 on page 20 shows the one step ahead forecast for the last week of the series. The
model describes over 96% of the variance in the time series. The one step ahead forecast is a
good description of the process behind DA prices in the PPL zone. The forecast error for the last
week of the series is less than two times the standard forecast error, with only two spikes above
the upper bound of the 68% confidence interval of the forecast standard error.
Recursive Forecast

Price ($/MWh)
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Forecast Error

PPL Day Ahead Hourly Prices
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November 01, 2011 - December 31, 2011
Actual
Recursive Forecast

Hour of Series

42480

42648

42816

42984

43152

43320

43488

43656

43824

Hour of Series (Hours)

FIGURE 1.5. TWO-MONTH RECURSIVE FORECAST
Source: This data has been collected from PJM, generated using Stata, and graphically represented via R. Please see references section for more
information.
Notes: The forecast error is displayed in the lower chart. The dashed blue lines represent one times the standard forecast error (~0.68 confidence
interval) and the red dashed lines represent about two times the standard forecast error (0.95 confidence interval).

The recursive forecast, depicted above in Figure 1.5, attempts to quantify the long-range
predictive power of the model. The forecast projects two months of prices (November –
December 2011). The predictive power dies soon after the initiation of the recursive forecast.
MA models have a short memory and exhibit mean reversion in longer-range forecasts. In the
middle of the projection, an upward shift is present. This regime change is due to switching of
the constant term of the model. As November closes, all other monthly binaries are zero,
meaning the model uses only the estimate of the constant term for monthly variability. Since the
estimate of the November coefficient is negative, the projection increases as it is consequently
dropped.
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The forecast error presents a similar picture. The majority of latter projections fall outside of
two times the forecast standard error. This suggests the predictive capability of the model may be
very limited in longer-range applications. The prediction of the average price over the two-month
horizon was higher in both standard deviation and expectation as shown by Table 7 in Appendix
A.
D. Implication of the Model
Noting again the shortcomings of the model, future perspective could be aimed at manipulating
the model to predict average hourly prices over long-term periods. Short of this, the model shows
that seasonal effects are significant in the DA markets and that they can be modeled using binary
variables. Unfortunately, the predictive capability of the model is limited. For purposes of
example, the following section uses the model to price an on peak block for the capital complex.
Revisiting the Capital Complex Example
As demonstrated by equations 10 – 12, the value of the block and index contract is a function
of the expectation of the future average market price multiplied by the risk premium metric ρ .
Continuing the example from section III, the predictive model’s results (Table 7, Appendix A)
are used to price a hypothetical on peak block for November and December 2011. Building on
equation 10, equation 22 demonstrates the highest price DGS would be willing to pay for an on
peak block for November and December, assuming the model’s prediction is DGS’s expectation
of future prices.
(22)

!! =

$!".!"#$
!"!

!!!"!

∗ ! !"""!!"! ∗ !1.3492! ≈

$".!"#"$!
!!"!

Using the example above, one can see how such a model can add value to customers or clients.
Providing accurate expectations of average price would provide guidance for pricing the B&I
contract. No forecast will provide certainty in an uncertain world. Nor should any one model be
trusted in decision-making. Models are ultimately used to provide guidance and direction. For
quantitative and qualitative analysis to be useful, the expectations of the analysis must be
appropriately managed.
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V. Conclusion
Besides educating the reader, this research authenticates two conclusions: (1) A B&I contract
can be evaluated based on average zonal prices and (2) Forecasting methods may be used as a
gauge for average prices. In terms of forecasting, this paper shows what previous academic
literature concluded in the past: AR and MA models will result in inadequate long-range
forecasts, which do not contain enough quality to make price projections. This is true even with a
multivariate model that includes seasonal binary variables. The research also enforces the
importance of having accurate forecasting models in business operations and doing so conjures a
variety of questions for the future. Namely, what type of model is the most adequate for longrange price projection?
One possible improvement would be to specify the model using monthly data. Using an
ARMA model that incorporates monthly seasonal effects may provide better long-range
forecasts. As with all models, a trade off exists – removing the details from hourly data and
reducing the number of observations for training the model. Alternatively, a fundamental respecification of the model may be necessary for accurate results.
Seasonal effects are incorporated for predictive power in ARMA models. They serve as
proxies for changes in demand within the system. By utilizing a dynamic regression model, the
expectation of price could be derived conditional on load and the determinants of load. Thus,
future areas of study would include dynamic regression models, which incorporate weather
components. Significant research has been published in this area. Using long-range weather
forecasts47 to make projections of electricity prices may provide better results; however, it should
be noted that weather data is notoriously unmanageable for professionals not accustomed to
meteorology. For this reason, the original hypothesis of using an auto-regressive model was
implemented.
Outside of modeling zonal prices other thoughts in regard to B&I products have arisen. One
such thought may include structuring the B&I as an Asian Option and pursing pricing from this
perspective. Another interesting aspect indirectly raised in this research is how to select block
sizes for accounts. Optimizing the block size according to customers varying degrees of risk

47

For example: the forecasts available form Earth Systems Research Laboratory (NOAA).
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tolerance, would add value to both customers and ESCOs, and at minimum provide guidance in
the selection process.
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APPENDIX A – ESTIMATION RESULTS

TABLE 1— AUGMENTED DICKEY-FULLER TEST FOR UNIT ROOT
Test Statistic

1% Critical Value

5% Critical Value

10% Critical Value

P>|Z| *

-32.171

-3.430

-2.860

-2.570

0.000

Notes: * MacKinnon approximate p-value for Z(t). The null hypothesis is that the series has a unit root. The test fails to accept the null
hypothesis at the 1% level.
Source: Augmented Dickey-Fuller Test for Unit Root as specified by Stata (Stata 2011).

TABLE 2— OLS REGRESSION RESULTS FOR SEASONAL, HOURLY, AND OFF-PEAK BINARY (DUMMY) VARIABLES
Variable
β0 (Constant)
β1 (January Binary)
β2 (February Binary)
β5 (May Binary)
β6 (June Binary)
β7 (July Binary)
β8 (August Binary)
Electric
β9 Generation
(September(%)
Binary)
β10 (October Binary)
β11 (November Binary)
α1 (Hour 1 Binary)
α2 (Hour 2 Binary)
α3 (Hour 3 Binary)
α4 (Hour 4 Binary)
α5 (Hour 5 Binary)
α6 (Hour 6 Binary)
α7 (Hour 7 Binary)
α81 (Hour 1
8 Binary)
1 Binary)
α9(Hour
(Hour
9 Binary)
α10 (Hour 10 Binary)
α11 (Hour 11 Binary)
α12 (Hour 12 Binary)
α13 (Hour 13 Binary)
α14 (Hour 14 Binary)
α15 (Hour 15 Binary)
α16 (Hour 16 Binary)
α17 (Hour 17 Binary)
α18 (Hour 18 Binary)
α19 (Hour 19 Binary)
α20 (Hour 20 Binary)
α21 (Hour 21 Binary)
α22 (Hour 22 Binary)
α23 (Hour 23 Binary)
γ1 (Off peak Binary)

Estimate

Std. Error

t value

Pr(>|t|)

42.9792***
11.9110***
5.7452***
-2.8641***
8.5845***
13.9305***
3.6480***
-4.6763***
-6.5130***
-6.8805***
-2.6810***
-5.6581***
-7.9239***
-8.8988***
-8.0706***
-3.7563***
7.2754***
10.7603***
11.3563***
14.2564***
17.9210***
18.3134***
17.910***
19.1243***
19.2304***
20.3490***
24.0140***
29.6113***
25.6458***
22.8353***
22.7454***
15.6320***
4.8080***
-8.0122***

0.6044
0.4585
0.4752
0.4586
0.4642
0.4585
0.4585
0.4642
0.4585
0.4642
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.8004
0.2522

71.112
25.976
12.090
-6.245
18.494
30.381
7.957
-10.074
-14.205
-14.821
-3.350
-7.069
-9.900
-11.118
-10.083
-4.693
9.090
13.443
14.188
17.811
22.149
22.880
22.390
23.893
24.026
25.423
30.002
36.995
32.041
28.530
28.417
19.530
6.007
-31.766

<2e-16
<2e-16
<2e-16
4.27e-10
<2e-16
<2e-16
1.81e-15
<2e-16
<2e-16
<2e-16
0.00081
1.58e-12
<2e-16
<2e-16
<2e-16
2.70e-06
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
<2e-16
1.91e-09
<2e-16

Notes: The regression generated an R2 value of 0.2542 and a residual standard error (RSE) value of 24.19. The F statistic was
significant at the 1 percent level.
Source: Analyzed using R (2011).
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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TABLE 3— INFORMATION CRITERIA RESULTS
Lags

Akaike Information Criteria

Hannan-Quinn Information Criteria

Schwarz Information Criteria

24

6.37982

6.38345

6.39133

Source: Generated using Stata (2011).

TABLE 4— MA (24) ESTIMATION – INDEPENDENT VARIABLE COEFFICIENT ESTIMATION
Variable
β0 (Constant)
β1 (January Binary)
β2 (February Binary)
β5 (May Binary)
β6 (June Binary)
β7 (July Binary)
β8 (August Binary)
Electric
Generation
(%)
β9 (September
Binary)
β10 (October Binary)
β11 (November Binary)
α1 (Hour 1 Binary)
α2 (Hour 2 Binary)
α3 (Hour 3 Binary)
α4 (Hour 4 Binary)
α5 (Hour 5 Binary)
α6 (Hour 6 Binary)
α7 (Hour 7 Binary)
α81 (Hour 18 Binary)
(Hour
1 Binary)
α
9 Binary)
9 (Hour
α10 (Hour 10 Binary)
α11 (Hour 11 Binary)
α12 (Hour 12 Binary)
α13 (Hour 13 Binary)
α14 (Hour 14 Binary)
α15 (Hour 15 Binary)
α16 (Hour 16 Binary)
α17 (Hour 17 Binary)
α18 (Hour 18 Binary)
α19 (Hour 19 Binary)
α20 (Hour 20 Binary)
α21 (Hour 21 Binary)
α22 (Hour 22 Binary)
α23 (Hour 23 Binary)
γ1 (Off peak Binary)

Estimate

Std. Error

t value

Pr(>|t|)

41.1588***
7.8489***
2.0556*
-1.1329
6.5889***
8.0869***
2.2766
-3.3164**
-5.5238***
-5.3142***
-2.6781***
-5.6532***
-7.9162***
-8.8886***
-8.0589***
-3.7446***
7.2846***
10.7699***
11.3667***
14.2667***
17.7381***
18.3234***
17.9307***
19.1330***
19.2383***
20.3554***
24.0187***
29.6174***
25.6495***
22.8364***
22.7455***
15.6326***
4.8086***
1.1360***

1.0541
1.1149
1.1471
1.5364
1.3945
1.3885
1.5770
1.6860
1.7830
1.4869
0.2168
0.4666
0.6570
0.7841
0.8921
0.9844
1.0465
1.0917
1.1324
1.1413
1.1353
1.1141
1.073
1.0296
0.9483
0.8543
0.7744
0.7297
0.6788
0.6133
0.5411
0.4302
0.2843
0.2078

39.05
7.83
1.79
-.074
4.72
5.82
1.44
-1.97
-3.10
-3.57
-12.35
-12.11
-12.05
-11.34
-9.03
-3.80
6.96
9.87
10.04
12.50
15.62
16.45
16.72
18.58
20.29
23.83
31.02
40.59
37.79
37.24
42.04
36.34
16.92
5.47

<0.0005
<0.0005
0.073
0.461
<0.0005
<0.0005
0.149
0.049
0.002
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005

95% Confidence Interval
39.0928
5.6558
-0.1927
-4.1441
3.8557
5.3655
-0.8142
-6.6209
-9.0185
-8.2247
-3.1031
-6.5678
-9.2039
-10.4255
-9.8073
-5.6739
5.2336
8.6303
9.1472
12.0298
15.5130
16.1397
15.8286
17.1150
17.3796
18.6810
22.5009
28.1872
24.3190
21.6344
21.6849
14.7893
4.2514
0.7286

43.2249
10.0260
4.3038
1.8784
9.3221
10.9094
5.3675
-0.0120
-2.0292
-2.4000
-2.2531
-4.7386
-6.6286
-7.3517
-6.3105
-1.8152
9.3356
12.9096
13.5863
16.5037
19.9633
20.5071
20.0328
21.1508
21.0970
22.0299
25.5364
31.0477
26.9799
24.0384
23.8060
16.4758
5.3657
1.5433

TABLE 5— MA (24) ESTIMATION – MOVING AVERAGE COEFFICIENT ESTIMATIONS
Variable
ϕ1
ϕ2
ϕ3
ϕ4
ϕ5
ϕ6
ϕ7
α18 (Hour 1 Dummy)
ϕ
1 Dummy)
ϕ(Hour
9
ϕ10
ϕ11
ϕ12

Estimate

Std. Error

t value

Pr(>|t|)

1.8450***
2.1704***
2.2006***
2.1599***
2.1477***
2.1858***
2.2120***
2.1206***
1.9219***
1.7510***
1.6910***
1.6125***

0.0068
0.0107
0.0126
0.0136
0.0145
0.0156
0.0170
0.0181
0.0187
0.0189
0.0192
0.0196

270.24
202.39
175.05
159.27
148.13
139.68
130.49
117.29
103.02
92.70
88.11
82.38

<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005

95% Confidence Interval
1.8316
2.1494
2.1759
2.1333
2.1193
2.1552
2.1787
2.0852
1.8853
1.7140
1.6534
1.5742

1.8584
2.1914
2.2252
2.1865
2.1761
2.2165
2.2452
2.1560
1.9584
1.7881
1.7286
1.6509

31

ϕ13
ϕ14
ϕ15
ϕ16
ϕ17
ϕ18
ϕ19
ϕ20
ϕ21
ϕ22
ϕ23
ϕ24

1.4584***
1.2213***
0.9522***
0.7405***
0.5257***
0.2152***
-0.1355***
-0.3660***
-0.4583***
-0.6039***
-1.3264***
-0.3657***

0.0194
0.0189
0.0182
0.0175
0.0168
0.0157
0.0145
0.0131
0.0127
0.0092
0.0100
0.0090

75.18
64.76
52.27
42.42
31.23
13.71
-9.32
-27.90
-36.00
-65.77
-132.83
-40.62

<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005
<0.0005

1.4204
1.1844
0.9165
0.7063
0.4927
0.1844
-0.1641
-0.3917
-0.4832
-0.6219
-1.3460
-0.3834

1.4964
1.2583
0.9879
0.7748
0.5587
0.2459
-0.1070
-0.3403
-0.4333
-0.5859
-1.3068
-0.3481

Notes: Table 4 and Table 5 represent the same model.
Source: Collected from PJM Interconnection (2011) and analyzed using Stata (2011).
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.

TABLE 6— MODEL RESULTS - MA (24) MODEL VIA MAXIMUM LIKELIHOOD ESTIMATION
Logliklihood

σ

Std. Error σ

MSE

!!

!2

Pr(>|χ2|)

- 137757.9

3.4947

0.0153

31.4604

0.9650

0.9649

0.0000

Notes: These results represent the same model from table 4 and 5. σ is the variance of the error term.
Source: Collected from PJM Interconnection (2011) and analyzed using Stata (2011).

TABLE 7— MODEL RESULTS - OBSERVED VALUES VS PREDICTED VALUES FOR NOVEMBER 01, 2011 – DECEMBER 31, 2011
Variable

Observations

Mean

Std. Deviation

Minimum

Maximum

1464
1464

$33.9188/MWh
$49.9317/MWh

7.5571
12.1879

$17.7664/MWh
$25.4592/MWh

$79.7407/MWh
$71.9122/MWh

Actual (On Peak)
Prediction (On Peak)

672
672

$38.2988/MWh
$56.9086/MWh

7.5905
6.5344

$27.5957/MWh
$40.6532/MWh

$79.7407/MWh
$70.7763/MWh

Actual (Off Peak)
Prediction (Off Peak)

792
792

$30.2025/MWh
$44.0119/MWh

5.1602
12.7311

$17.7664/MWh
$25.4592/MWh

$57.1518/MWh
$71.9122/MWh

Actual (All hours)
hours)
Prediction (All Hours)

Notes: The predictions are from the two-month recursive forecast.
Source: Collected from PJM Interconnection (2011) and analyzed using Stata (2011).
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APPENDIX B – SUPPLEMENTAL FIGURES

16

Generator 4

Demand

14

MC ($/MWh)

12
Generator 3

10

Demand = 15 MWh
λ = $6/MWh

8

Generator 2

λ

6
4

Generator 1

2
0
0

5

10

15
Quantity (MW)

20

25

30

FIGURE 2.1. ECONOMIC DISPATCH
Source: This graphic is modeled after Figure 4.5 in Chapter 4 of Mazer (2007) and was generated via Microsoft Excel.
Notes: The above image depicts economic dispatch for 4 generators. The blue line represents the load curve (“supply curve”). Generator 1 can
supply 10 MW at $3/MWh. Generator 2 can supply 10MW at $6/MWh. Generator 3 can supply 5 MW at $10/MWh. Generator 4 can supply 5
MW at $15/MWh. Assuming demand is inelastic and the system calls for 15 MW, the market clearing price (λSYSTEM) is $6/MWh and generator 2
is the marginal unit.
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PPL Zonal Data
July 1, 2010 - July 15, 2010

Load (MW)

Price ($/MWh)

500

Real Time
Day Ahead

400
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0
7000
5000

Hour of Series

3000
30650

30700

30750

30800

30850

30900

30950

31000

Hour of Series (Hours)

FIGURE 2.2. ZONAL LOAD, REAL TIME LMP PRICE, AND DAY AHEAD LMP PRICE – 15 DAY SERIES
Source: This data has been collected from PJM and graphically generated via R. Please see the references section or more information.
Notes: The graphic depicts the difference between the Real Time Price and Day Ahead Price, given the actual zonal load over the time period.
Note that the Real Time Price is more variable than the Day Ahead Price.

Capital Complex Interval Data
Wedesday, August 31, 2011

Building Usage (MW)

15000

13000

11000

On peak Usage
9000
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Usage

Off peak Usage
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1
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9

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Hour of Day

FIGURE 2.3. INTERVAL DATA FOR THE CAPITAL COMPLEX
Source: This data has been collected from the Penn State Facilities Engineering Institute and is publically available from the Pennsylvania
Department of General Service. The graphic has been generated using R. Please see the references section for more information.
Notes: The above image depicts hourly usage for the Capital Complex Building on August 31, 2011. The image defines the off peak and on peak
hourly boundaries. Notice that usage is typically much higher during on peak times (8am – 11pm) and lower in off peak times (11pm – 8am).
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Hourly PPL Day Ahead Price
January 1, 2007 - December 31, 2011

Price ($/MWh)

400
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20000
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40000

Hours

FIGURE 2.4. DAY AHEAD LMP PRICING - ENTIRE SERIES
Source: This data has been collected from PJM and graphically generated via R. Please see the references section for more information.
Notes: The time series consist of five years of hourly pricing for the PPL zone in the PJM Interconnection, representing over 43,000 individual
observations. The above figure depicts the seasonal effects of the time series. Note that there are approximately 8760 hours in a year.

Hourly PPL Day Ahead Price
Week of January 8th, 2007
150

Price ($/MWh)
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FIGURE 2.5. DAY AHEAD LMP PRICING - WEEKLY SERIES
Source: This data has been collected from PJM and graphically generated via R. Please see the references section for more information.
Notes: The time series consist of hourly data for the week of January 8th, 2007. The graphic depicts the difference between weekdays and
weekends.
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Hourly PPL Day Ahead Price
Monday, July 19, 2011
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FIGURE 2.6. DAY AHEAD LMP PRICING - DAILY SERIES
Source: This data has been collected from PJM and graphically generated via R. Please see the references section for more information.

0.4
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ACF

0.8

Notes: The time series consist of hourly data for July19, 2011. The graphic depicts the difference between on peak and of peak hours.

0

50

100 PACF of PPL
150 Day Ahead
200Prices

300

250

300

0.0

0.5

1.0

Lag

-0.5

Partial ACF

250

0

50

100

150

200
Lag

FIGURE 2.7. AUTOCORRELATION FUNCTION (ACF) AND PARTIAL AUTOCORRELATION FUNCTION (PARTIAL ACF)
Source: This data has been collected from PJM and graphically generated via R. Please see references section for more information.
Notes: The functions are plotted in black; whereas, the dashed blue line represents the 95% confidence interval. Notice ACF’s tendency to peak
every 24th hour. The Partial ACF depicts significant signatures beyond 300 lagged observations (300 hours), suggesting that an MA process
(infinite order AR process) may be the best fit.
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FIGURE 2.8. AUTOCORRELATION FUNCTION (ACF) AND PARTIAL AUTOCORRELATION FUNCTION (PARTIAL ACF)
Source: This data has been collected from PJM and graphically generated via R. Please see references section for more information.
Notes: The functions are plotted in black; whereas, the dashed blue line represents the 95% confidence interval. Notice ACF’s tendency to peak
every 24th hour. The Partial ACF depicts significant signatures beyond 300 lagged observations (300 hours), suggesting that an MA process
(infinite order AR process) may be the best fit.
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APPENDIX C – THE COST OF CONGESTION: AN EXAMPLE

Please note the following example follows suit from Chapter 6 in Kirschen (2004) and is a
reproduction of Blumsack (2012). Please see the references section for more details.
Introduction
This example is utilized to provide the reader an example of how congestion can be priced.
The reader is not necessary expected to understand or learn the intricacies of the network, but
rather to observe how generators can be re-dispatched when thermal limits (constraints) are
introduced in a system. Note that all calculations are included at the end of this appendix.
Consider the following electricity network depicted in Figure 3.1 below.

Node 2

Positive Power Flows
F1,2
F1,3
F2,3

G2

R
G1

R
R

Node 1

Load
Node 3

Distribution Factors
D(1,2;G1) = 1/3
D(1,3;G1) = 2/3
D(2,3;G1) = 1/3
D(1,2;G2) = -1/3
D(1,3;G2) = 1/3
D(2,3;G2) = 2/3

FIGURE 3.1. THE TRI-NODAL NETWORK
Notes: The figure above depicts a tri-nodal network, where “G1” and “G2” are generators (source). The “Load” circle is the sink in the
system. “Load” represents the end using customers in the system. The red dashed lines represent the power lines connecting the system. “R”
represents the resistance in the line. Positive power flows are arbitrary picked for the example of this problem.

Each node, or point where a connection to the network is made, represents either a generator
(G) or a customer (Load). In this example there are two generators and one customer. The power
lines are denoted by their connection to a specified node48. F denotes power flow over said line49.
The given distribution factors determine how power is distributed though the network once a
48
49

(1,3) for example, defines the line connection between node 1 and node 3.
For example, F1,3 stands for the flow from node 1 to node 3.
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generator is dispatched – according to the physics governing the system (resistance). This is
denoted by: D(First Node, Second Node; Generator)50.
The total cost of the system, TCSYSTEM , is equal to the total cost of both generators, TC1 and
TC2 . The total cost function for generator 1 and generator 2 are described in equations 1 and 2,
below. Note that G1 refers to the output of generator 1 and G2 refers to the output of generator 2.
(1)

TC1 = 100 + 10(G1) + (G1)2

(2)

TC2 = 50 + 20(G2)+ 1.5(G2)2

The optimal dispatch rate and market-clearing price occur where the marginal cost, MC , of each
generator is equal to one another. The derivative of the total cost function with respect to output
defines marginal cost function. Equations 3 and 4 are the marginal cost functions of generators 1
and 2, respectfully.
(3)

MC1 = 10 + 2(G1)

(4)

MC2 = 20 + 3(G2)

Unconstrained Example

Dispatch Generator #1

Dispatch Generator #2

Flows On Network

Node 2

Node 2

Node 2

G2

G2

G2

G1
Node 1

f1,3 = 41.33 MW

Load

G1

Node 3

Node 1

f1,3 = 12.67 MW

Load

G1

Node 3

Node 1

F1,3 = 54 MW

Load
Node 3

FIGURE 3.2. THE TRI-NODAL NETWORK WITH NO CONSTRAINTS
Notes: The above figure depicts the same tri-nodal network from Figure 3.1. Staring from left to right, the first two pictures depict the output
and power flow for generator 1 and generator 2, respectfully. Combining those two pictures creates the third image on the far right, which shows
the total line flows for the network.

50

D(1,2;G1) stands for the distribution factor on line 1,2 for generator 1.
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The unconstrained system is first examined, meaning thermal line limits are not observed in
the dispatch. The Load, L, for the system is equal to 100 MW. Economic dispatch occurs where
MC1 = MC2 . Solving the economic dispatch reveals that generator 1 will produce 62 MW and
generator 2 will produce 38 MW. The total cost of generation in the system is $7540.00 . Figure
3.2, on page 39, depicts the dispatch and power flows.
Constrained Example

Dispatch Generator #1

Dispatch Generator #2

Flows On Network

Node 2

Node 2

Node 2

G2

G2

G2

G1
Node 1

f1,3 = 23.33 MW

Load

G1

Node 3

Node 1

f1,3 = 21.67 MW

Load

G1

Node 3

Node 1

F1,3 = 45 MW

Load
Node 3

FIGURE 3.3. THE TRI-NODAL NETWORK WITH CONSTRAINTS
Notes: The figure above depicts the same tri-nodal network from figures 1 and 2. Staring from left to right, the first two pictures depict the
output and power flow for generator 1 and generator 2, respectfully. Combining those two pictures creates the third image on the far right, which
shows the total line flows for the network. Note that F1,3 now carries 45 MW, the maximum allowed by the implemented constraints.

Following the previous example, constraints (thermal limits for each line) are now added to the
system. Capacity limits on lines are denoted FMAX. Assuming again that demand is 100 MW, the
following constraints are introduced to the system:
!"#
(i) !!,!
= 45 MW
!"#
(ii) !!,!
= 10 MW
!"#
(iii) !!,!
= 60 MW

Note that F1,3 is at 54 MW using economic dispatch; therefore, the power flow over line 1,3
must be reduced by 9 MW. The generators must be re-dispatched in order to observe the new
constraints placed on the system. This is referred to as “out of merit dispatch.” Figure 3.3, above,
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depicts the re-dispatched system. The solution yields a new total system cost, TC’SYSTEM , of
$9362.50 . This places the implied cost of congestion51 at $1822.50 .
Calculations
Unconstrained Example Calculations
TC1 = 100 + 10(G1) + (G1)2
MC1 = 10 + 2(G1)
TC2 = 50 + 20(G2)+ 1.5(G2)2
MC2 = 20 + 3(G2)
Demand at Node 3 = 100 MWh
Find Economic Dispatch
Solve for (G1, G2), subject to the constraint => L = G1 + G2
L = 100 MWh
100 = G1 + G2
G1 = 100 – G2
G1 = 10 + 2(100 – G2)
G2 = 20 + 3(G2)
10 + 2(100 – G2) = 20 + 3(G2)
10 + 200 – 2G2 = 20+ 3G2
5(G2) = 190
G2 = 38 MW
G1 = 100 – G2
G1 = 100 – 38
G1 = 62 MW
Check that MC1 = MC2
MC1 = 10 + 2G1
MC2 = 20 + 3G2
10 + (2)(62) = 20 + (3)(38)

51
The Cost of Congestion is equal to Total Cost of the System With Out Constraints minus Total Cost of the System With Constraints.
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134 = 134 => check
λSYSTEM = MC1 = MC2 = $134/ MW
Find Total Cost of the System
TCSYSTEM = TC1 +TC2
TCSYSTEM = 50 + 20(G2)+ 1.5(G2)2 + 100 + 10(G1) + (G1)2
TCSYSTEM = 50 + 20(38)+ 1.5(38)2 + 100 + 10(62) + (62)2
TCSYSTEM = $7540.00
Find Total Flow on Each Line
G1 = 62MW ; G2 = 38MW; All consumed at Node 3
F1,2 = f1,2 (G2) + f1,2 (G1)
F1,2 = G2*D(1,2;G2) + G1* D(1,2;G1)
F1,2 = 38MW*-1/3 + 62MW*1/3 = 8 MW
F1,3 = f1,3 (G2) + f1,3 (G1)
F1,3 = G2*D(1,3;G2) + G1* D(1,3;G1)
F1,3 = 38MW*1/3 + 62MW*2/3 = 54 MW
F2,3 = f2,3 (G2) + f2,3 (G1)
F2,3 = G2*D(2,3;G2) + G1* D(2,3;G1)
F2,3 = 38MW*2/3 + 62MW*1/3 = 46 MW
Constrained Example Calculations
Introduce the Following Constraints
F(1,3): FMAX = 45 – OVER CONSTRAINT
F(1,2): FMAX = 10 – OK
F(2,3): FMAX = 60 – OK
Line (2,3) is overbooked by 9 MW.
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Find the Out-Of-Merit Dispatch
Change Flow on Line (1,3) by -9MW
Reduces G1 to relieve line 1,3.
F1,3 must equal 45 MW.
Total Load at Node 3 = 100 MW, therefore flow to on (2,3) = 100 – 45 = 55 MW
Two Equations, two unknowns.
Find G1 for (2,3)
55 = 2/3G2 + 1/3G1
55 = 1/3G1 + 2/3G2 => G1 = 165 – 2G2
Find G2
45 = 1/3G2 + 2/3(165 – 2G2)
45 = 1/3G2 + 110 – 4/3G2
45 = -G2 + 110
G2 = 65
G1 = 100 – G2 = 35
Reduce G1 by 62 – 35 = 27
Increase G2 by 65 – 38 = 27
Find New Total Line Flows
G1 = 35MW ; G2 = 65MW; All consumed at Node 3
F1,2 = f1,2 (G2) + f1,2 (G1)
F1,2 = G2*D(1,2;G2) + G1* D(1,2;G1)
F1,2 = 65MW*-1/3 + 35MW*1/3 = -10 MW
F1,3 = f1,3 (G2) + f1,3 (G1)
F1,3 = G2*D(1,3;G2) + G1* D(1,3;G1)
F1,3 = 65MW*1/3 + 35MW*2/3 = 45 MW
F2,3 = f2,3 (G2) + f2,3 (G1)
F2,3 = G2*D(2,3;G2) + G1* D(2,3;G1)
F2,3 = 65MW*2/3 + 35MW*1/3 = 55 MW
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F(1,3): FMAX = 45 – OK
F(1,2): FMAX =10 – OK
F(2,3) FMAX = 60 – OK
Find the Total System Cost With Constraints
TC’SYSTEM = TC’1 +TC’2
TC’SYSTEM = 50 + 20(G2)+ 1.5(G2)2 + 100 + 10(G1) + (G1)2
TC’SYSTEM = 50 + 20(65)+ 1.5(65)2 + 100 + 10(35) + (35)2
TC’SYSTEM = $9362.50
Find the Cost of Congestion on the System
Cost of Congestion = TC’ (with constraints) – TC (w/o constraints)
Cost of Congestion = $9362.50 – $7540.00 = $1822.50
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APPENDIX D – GRAPH GENERATION CODE (R)

Note: This appendix contains code for graphics appearing in work that were created using R.
#*********Begin Day Ahead Graphics ***********
#Data Import
dataset1<-read.csv(file = "/Users/colinwitman/Desktop/PPL_LMP_DA.csv")
LMPda <-dataset1$LMPda
DateHourly<-dataset1$DateHourly
#Total Series
plot(LMPda,type="l",axes=FALSE,col="red",ann=FALSE)
axis(1,at=c(0,10000,20000,30000,40000), labels=c(0,10000,20000,30000,40000))
axis(2,at=c(0,100,200,300,400), labels=c(0,100,200,300,400),las=2,hadj=0.75)
box()
title(main = "Hourly PPL Day Ahead Price",ylab="Price ($/MWh)",xlab="Hours")
mtext("January 1, 2007 - December 31, 2011",3)
# Single Day
plot(LMPda,xlim=c(39841,39864),ylim=c(0,150),type="l",axes=FALSE,col="red",ann=FALSE)
axis(1,at=c(39841:39864),
labels=c(1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24))
box()
axis(2,at=c(0,25,50,75,100,125,150),labels=c("0","25","50","75","100","125","150"),las=2,hadj
=0.75)
title(main = "Hourly PPL Day Ahead Price",ylab="Price ($/MWh)",xlab="Hour of Day")
mtext("Monday, July 19, 2011", 3)
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# Single Week
plot(LMPda,xlim=c(200,337),ylim=c(0,150),type="l",axes=FALSE,col="red",ann=FALSE)
axis(1,at=c((169+24),(169+48),(169+72),(169+96),(169+96+24),(169+96+48),(169+96+72)),
labels=c("Mon","Tue","Wed","Thu","Fri","Sat","Sun"))
box()
axis(2,at=c(0,25,50,75,100,125,150),labels=c("0","25","50","75","100","125","150"),las=2,hadj
=0.75)
title(main = "Hourly PPL Day Ahead Price",ylab="Price ($/MWh)",xlab="Hour of Day")
mtext("Monday, July 19, 2011", 3)
#*********Begin Autocorrelation and Partial autocorrelation Functions ***********
#ACF/PACF – 336 Lags
par(mfrow=c(2,1))
acf(LMPda,lag.max = 336,main="ACF of PPL Day Ahead Prices")
pacf(LMPda,lag.max = 336,main="PACF of PPL Day Ahead Prices")
#ACF/PACF – 1000 Lags
par(mfrow=c(2,1))
acf(LMPda,lag.max = 1000,main="ACF of PPL Day Ahead Prices")
pacf(LMPda,lag.max = 1000,main="PACF of PPL Day Ahead Prices")
#*********Begin Real Time, Day Ahead, and Load Data ***********
#Data Import
dataset2<-read.csv(file = "/Users/colinwitman/Desktop/PPL_DART2.csv")
LMP<-dataset2$LMP

#RT

LMPda<-dataset2$LMPda

#DA

Load<-dataset2$Load
#Start Graphics
layout(matrix(1:2, ncol = 1), widths = 1, heights = c(2,1.5), respect = FALSE)
par(mar = c(0, 4.1, 4.1, 2.1))
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with(dataset2, plot(LMP,xlim=c(30643,31002),ylim=c(0,500), type = 'l',
axes=FALSE,ann=FALSE, col="red"))
with(dataset2, title(main = "PPL Zonal Data",ylab="Price ($/MWh)",xlab="Hour of Series"))
with(dataset2, lines(LMPda, type="l",col="blue"))
with(dataset2,axis(2,at=c(0,100,200,300,400,500),labels=c(0,100,200,300,400,500),las=2,hadj=0
.75))
with(dataset2,mtext("July 1, 2010 - July 15, 2010", 3))
with(dataset2,legend(30627,520,c("Real Time","Day
Ahead"),lty=c(1,1),lwd=c(1,1),col=c("red","blue")))
with(dataset2,box())
par(mar = c(4.1, 4.1, 0, 2.1))
with(dataset2, plot(Load,xlim=c(30643,31002), type = 'l', ann=FALSE,axes=FALSE))
with(dataset2, title(ylab="Load (MW)",xlab="Hour of Series (Hours)"))
with(dataset2,axis(2,at=c(3000,5000,7000),labels=c(3000,5000,7000),las=2,hadj=0.75))
with(dataset2,axis(1,at=c(30650,30700,30750,30800,30850,30900,30950,31000),
labels=c(30650,30700,30750,30800,30850,30900,30950,31000)))
with(dataset2,box())
#*********Begin Interval Data Graphics ***********
# Building Interval Data
dataset3<-read.csv(file = "/Users/colinwitman/Desktop/BuildingUsage.csv")
CapitalUsage<-dataset3$CapitalUsage
AnnexUsage<-dataset3$AnnexUsage
RachelCarson<-dataset3$RachelCarson
plot(CapitalUsage,xlim=c(5809,5832),ylim=c(7000,15000),type="l",axes=FALSE,col="red",ann
=FALSE)
axis(1,at=c(5809:5832),
labels=c(1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24))
box()
axis(2,at=c(7000,9000,11000,13000,15000),labels=c("7000","9000","11000","13000","15000"),l
as=2,hadj=0.75)
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title(main = "Capital Complex Interval Data",ylab="Building Usage (MW)",xlab="Hour of
Day")
mtext("Wedesday, August 31, 2011", 3)
#*********Begin Forecast Graphics ***********
# Step Ahead Forecast – Data Import
dataset2<-read.csv(file = "/Users/colinwitman/Desktop/OneStepAhead.csv")
LMPda<-dataset2$LMPda
yhat<-dataset2$yhat
residual<-LMPda-yhat
upperBound<-dataset2$upperBound
lowerBound<-dataset2$lowerBound
lowerBound2<- lowerBound/1.96
upperBound2<-upperBound/1.96
# Step Ahead Forecast – Graphic
layout(matrix(1:2, ncol = 1), widths = 1, heights = c(2,1.5), respect = FALSE)
par(mar = c(0, 4.1, 4.1, 2.1))
with(dataset2, plot(LMPda,xlim=c(43633,43817),ylim=c(20,70), type = 'l', xaxt =
'n',ann=FALSE,axes=FALSE, col="red"))
with(dataset2, title(main = "PPL Day Ahead Hourly Prices",ylab="Price ($/MWh)",xlab="Hour
of Series"))
with(dataset2, lines(yhat, type="l",lty=2,col="blue"))
with(dataset2,mtext("December 24, 2011 - December 31, 2011", 3))
with(dataset2,legend(43625,72,c("Actual","One Step Ahead
Forecast"),lty=c(1,2),lwd=c(1,1),col=c("red","blue")))
with(dataset2, box())
with(dataset2,axis(2,at=c(20,30,40,50,60,70),labels=c("20","30","40","50","60","70"),las=2,hadj
=0.75))
par(mar = c(4.1, 4.1, 0, 2.1))
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with(dataset2, plot(residual,xlim=c(43633,43817),ylim=c(-25,25), type = 'l',
ann=FALSE,axes=FALSE))
with(dataset2, lines(upperBound, type="l", lty=2, col="red"))
with(dataset2, lines(lowerBound, type="l", lty=2, col="red"))
with(dataset2, lines(upperBound2, type="l", lty=2, col="blue"))
with(dataset2, lines(lowerBound2, type="l", lty=2, col="blue"))
with(dataset2, box())
with(dataset2,axis(2,at=c(-20,-10,0,10,20),labels=c("-20","-10","0","10","20"),las=2,hadj=0.75))
with(dataset2, title(ylab="Forecast Error",xlab="Hour of Series (Hours)"))
with(dataset2,axis(1,at=c(43633,43657,43681,43705,43729,43753,43777,43801,43824),
labels=c(43633,43657,43681,43705,43729,43753,43777,43801,43824)))
#Recursive Forecast – Data Import
DynamicNovember01_2011<-dataset2$DynamicNovember01_2011
residualNovember01_2011<- LMPda - November01_2011
#Recursive Forecast – Graphic
layout(matrix(1:2, ncol = 1), widths = 1, heights = c(2,1.5), respect = FALSE)
par(mar = c(0, 4.1, 4.1, 2.1))
with(dataset2, plot(LMPda,xlim=c(42361,43773),ylim=c(15,100), type = 'l', xaxt =
'n',ann=FALSE,axes=FALSE, col="red"))
with(dataset2, title(main = "PPL Day Ahead Hourly Prices",ylab="Price ($/MWh)",xlab="Hour
of Series"))
with(dataset2, lines(DynamicNovember01_2011, type="l",lty=2,col="blue"))
with(dataset2,mtext("November 01, 2011 - December 31, 2011", 3))
with(dataset2,legend(42900,105,c("Actual","Recursive
Forecast"),lty=c(1,2),lwd=c(1,1),col=c("red","blue")))
with(dataset2, box())
with(dataset2,axis(2,at=c(20,30,40,50,60,70,80,90,100),labels=c(20,30,40,50,60,70,80,90,100),la
s=2,hadj=0.75))
par(mar = c(4.1, 4.1, 0, 2.1))
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with(dataset2, plot(residualNovember01_2011,xlim=c(42361,43773),ylim=c(-40,30), type = 'l',
ann=FALSE,axes=FALSE))
with(dataset2, lines(upperBound, type="l", lty=2, col="red"))
with(dataset2, lines(lowerBound, type="l", lty=2, col="red"))
with(dataset2, lines(upperBound2, type="l", lty=2, col="blue"))
with(dataset2, lines(lowerBound2, type="l", lty=2, col="blue"))
with(dataset2, box())
with(dataset2,axis(2,at=c(-30,-20,-10,0,10,20),labels=c(-30,-20,-10,0,10,20),las=2,hadj=0.75))
with(dataset2, title(ylab="Forecast Error",xlab="Hour of Series (Hours)"))
with(dataset2,axis(1,at=c(42312,42480,42648,42816,42984,43152,43320,43488,43656,43824),
labels=c(42312,42480,42648,42816,42984,43152,43320,43488,43656,43824)))
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