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Abstract

In a competitive electricity market, ancillary services, such as operating reserves and regu-

lation service, are also traded, in addition to electric energy. The focus of the present thesis

is on analyzing and modelling the prices of operating reserves and regulation services in

competitive electricity markets.

Characteristics of the prices of reserves and regulation services in the Ontario, New

York and ERCOT electricity markets are studied. More specifically, price variability, price

jumps, long-range correlation, and non-linearity of the prices are analyzed using the avail-

able measures in the literature. The studied characteristics of operating reserve and reg-

ulation prices are also compared with those of energy prices. The findings show that the

studied reserve and regulation prices feature extreme volatility, more frequent jumps and

spikes, different peak price occurrence time, and lower predictability, compared to the en-

ergy prices.

To account for the distinguishing characteristics listed above, stochastic approaches for

modelling the dynamics of operating reserve and regulation prices are investigated in the

studied markets. Such descriptive stochastic models are necessary for risk management

and derivative pricing of these commodities. Mean reverting jump-diffusion (MRJD) and

Markov regime-switching (MRS) models with various specifications are analyzed. The

performances of the two classes of models have been compared using various statistical

measures.
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Chapter 1

Introduction

1.1 Overview

Since the late 1990s, reform and restructuring of the electric power industry has been taking

place in several countries around the globe. While electric energy is the dominant commod-

ity in electricity markets, ancillary services are also traded in electricity markets. Ancil-

lary services are required for the reliable and secure operation of electric power systems.

Despite variations in the detailed definitions across markets, ancillary services include op-

erating reserves, frequency regulation, reactive power for voltage support, and black start

capability [1].

Market mechanisms and auctions for procuring ancillary services vary based on the

nature of the service [2]. In general, services for which the requirements do not vary

by operating conditions, or only a limited number of market players are eligible to pro-

vide them, are traded based on long-term contracts. Black start capability service is an

example of this type of service, and is procured in a competitive manner in competitive

electricity markets, such as the Electric Reliability Council of Texas (ERCOT) market and

Ontario’s market. On the other hand, those services, whose requirements change with op-

erational conditions and many eligible suppliers may offer them, tend to be procured based

on short-term auctions. In particular, operating reserves and frequency regulation service

are usually procured competitively for each planning interval. For example, in Ontario’s

electricity market, three different classes of operating reserves are competitively procured

by the system operator for each five-minute operation interval [3, 4].

Selling operating reserves and regulation services provides market players with busi-
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ness opportunities. Although the market volume for operating reserves and regulation is

significantly smaller compared to that of electric energy, the profit gain for generation com-

panies from these services can sometimes be comparable to that of electric energy [5]. This

is particularly true for marginal and near marginal units for which the production costs and

the revenue from selling energy are close.

The demand for operating reserves is traditionally driven by credible scenarios of forced

generation and transmission line outages. Similarly, the demand for frequency regulation

control depends mainly on unpredictable instantaneous variations of the electric load. The

traditional suppliers of these services are flexible generation units, and in some limited

cases, interruptible industrial loads (e.g., in the Ontario market [3]). However, with the

growing integration of significant amounts of renewable energy generation resources into

the grid, especially wind power, the grid faces another source of uncertainty, i.e., variability

of supply. Thus, to accommodate this variable energy generation whose output is not com-

pletely predictable, the demand for operating reserves and regulation services is expected

to grow [6, 7]. Moreover, the emerging smart grid paradigm is expected to further facili-

tate the provision of operating reserve and regulation services by non-traditional suppliers

(e.g., distributed load entities) [8, 9]. Hence, with the increased activity in both the supply

and demand sides of operating reserves and frequency regulation markets, modelling and

analyzing the prices of these services in electricity markets is necessary.

With the increased importance of the ancillary services such as operating reserves and

regulation services, an insight into the characteristics and variations of ancillary service

prices is valuable for market players, as it provides a useful tool for risk management and

derivative pricing. In this thesis, the characteristics of the reserve and regulation prices

are extensively investigated in three North American electricity markets: the Ontario, New

York, and Texas electricity markets. Stochastic models have been tested and a new model

has been proposed for modelling these prices.
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1.2 Background review

1.2.1 Significance of reserve and regulation service markets

Supplying energy, operating reserves and regulation services are the main sources of rev-

enue for generation companies. Thus, several researches have focused on maximizing

generation companies’ total profit from selling energy, operating reserves and regulation

services [10–14]. In addition, the advent of “smart grid” initiatives is expected to in-

troduce new suppliers for reserve services (e.g., provision of reserves by electric vehi-

cles) [8, 9, 15–17]. Also, large-scale integration of variable resources (e.g., wind) into the

electric power systems may require more reserve and regulation services to ensure system

security [6, 7, 18, 19].

1.2.1.1 Selling operating reserves and regulation services in competitive markets

Ancillary services are procured competitively, in conjunction with energy, in many electric-

ity markets. Trading these services in the market provides the system operator another level

of economic efficiency and technical flexibility. Several bidding and scheduling schemes

have been proposed in the literature for generation companies to maximize profits in joint

energy and ancillary services markets. For example, in [10], optimal allocation of the

capacity of an electric energy supplier in the energy, reserve, and regulation markets is in-

vestigated. In [11], the self-scheduling problem of a power producer is formulated in order

to maximize its total profit gained from supplying both the energy and reserve markets. A

risk-constrained unit commitment model is proposed and solved in [12] for strategic bid-

ding and self-scheduling of a generation company that participates in energy and reserves

markets. In [13], a self-scheduling problem is developed for a generation company in order

to maximize the profit of selling energy and reserve services while minimizing the total

emissions. An optimal bidding framework in a pay-as-bid reserve auction is developed

in [14]. As the future behavior of prices in electricity markets is not known in advance,
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the cited studies have employed various models to generate future price scenarios for en-

ergy and reserves and regulation services. Despite the variations in the types of models

used, these studies have not distinguished between the characteristics of energy and re-

serve prices. However, as the demand for reserves and regulation services grows, more

accurate models that properly describe the characteristics of reserve and regulation prices

will be needed in order to optimize operation planning and investments.

1.2.1.2 The growing markets for operating reserves and regulation services

In recent years, the share of renewable energy resources, particularly wind, in electricity

production has been growing at a significant rate [20]. Given the variable nature of wind

power, several studies have focused on how reserve and regulation requirements of a sys-

tem would change as a result of large-scale wind power integration. For example, in [6] it

was demonstrated that, in an estimated future scenario, by integrating 10,000 MW of wind

power into the Ontario system which has a peak system total demand of 26,000 MW, the

required 10-minute operating reserve and regulation service were increased by about 51%

and 11%, respectively. The increase of reserve requirements due to wind power integration

for several regions, such as United Kingdom, Germany, and the Nordic region in Europe,

and California and Minnesota in the United States, is summarized in [7]. According to [7],

with a wind power penetration of 10% of the gross demand, the increases of reserve re-

quirements may be as high as 15% of the installed wind capacity. Observe that depending

on the characteristics of power systems, the extra reserve requirements as a result of wind

integration may significantly vary. For instance, [7] reports that wind power integration has

a minimal impact on reserve requirements in the New York market. However, in general,

reserve requirements are likely to grow with large-scale wind power integration. Any in-

crease in the demand for reserves and regulation services has an inevitable impact on the

corresponding prices. Studies have also shown that wind power integration affects electric-
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ity market prices and system long-term reliability [21, 22].

On the supply-side of the reserves and regulation services, new opportunities are emerg-

ing within the context of smart electricity grids. For example, in [8], provision of operating

reserves and regulation services by a fleet of Plug-in Hybrid Electric Vehicles (PHEVs)

is investigated. In [15], supplying the peak power, spinning reserve and regulation ser-

vice by electric vehicles is discussed, and the economics of such a practice are examined

within the context of competitive electricity markets. Provision of spinning reserves using

PHEVs to deal with the intermittency of wind generation is explored in [9]. Expansion of

generation resources in the United States over the next 50 years is studied in [16], where

PHEVs are considered as a provider of operating reserves required for balancing off wind

variations. In [17], a PHEV aggregation model is proposed in order to provide regulation

services and determine the optimal charging pattern of each vehicle. Obviously, the prices

of reserves and regulation services play a critical role in the economic feasibility of using

new technologies as providers of these services.

1.2.2 Characteristics of electric energy prices

The main characteristics of electric energy prices in various markets have been previously

analyzed in the literature. For example, the variability of energy prices was quantified in

terms of historical volatility and price velocity indices in [23–25]. As a popular measure

of the variability of time series in finance, a historical volatility index was computed and

studied in [23] for the electric energy prices in the Nordic market. Significantly higher

volatilities were found for electricity market prices compared to those of other markets,

such as stock markets. Price velocity indices were proposed in [24] as an alternative mea-

sure of the variability of energy prices. While price volatility focuses on variability of

the variance of price fluctuations, price velocity quantifies the changes of the prices them-

selves. In [25], both the historical volatility and price velocity indices were employed and
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extended to different time scales to investigate the variability of the energy prices in the

Ontario electricity market. It was reported in [25] that the variability of Ontario electric-

ity prices was the highest compared to its neighbouring markets. In addition, jumps and

spikes [26–28], mean-reversion and long-range correlation [28, 29], and non-linearity of

energy prices [29] have been studied in the literature.

While the characteristics of energy prices have been widely addressed in several studies,

the literature on analyzing reserve prices is limited. In [30], statistical characteristics of

daily energy and reserve prices in the German electricity market were studied. It was found

in this paper the reserve prices in the German market don’t follow normal distribution and

have regime-switching property.

1.2.3 Modelling prices in competitive electricity market

Modelling energy prices in competitive electricity markets have been widely investigated

in the past decade, with various models proposed and compared [26, 28, 31–43]. Most

of the existing studies decompose electricity prices into two components, a deterministic

component and a stochastic component. The deterministic component usually represents

the long-term trend and seasonality, while the stochastic component represents the stochas-

tic fluctuations [31]. The stochastic component requires an appropriate model to capture

the main characteristics of the electricity price stochastic dynamics, which include mean-

reversion, spikes, and non-constant volatility.

Starting from the basic mean-reverting process, which is also called the Ornstein-

Uhlenbeck process [32], various specifications have been proposed to capture the above

characteristics of energy prices. The simple mean-reverting process is usually not sufficient

to represent dynamics in the energy prices, because mean-reversion rate and volatility are

assumed to be constant in this model. This assumption is not valid when jumps and spikes

occur, which widely exist in electric energy price. Depending on how mean-reversion rate
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and volatility variations are modelled, there are other models that have been most popular

for electric energy prices.

The mean-reverting jump-diffusion (MRJD) model is an extension of the Ornstein-

Uhlenbeck model by adding a separate jump component [26,33,35]. The jump component

is represented by a Poisson process which generate the the occurrence of jumps or spikes,

and a probability distribution which models the size of the jumps. Log-Normal distribution

is more appropriate than Gaussian distribution for jump size, as it has fatter right tail which

is consistent with the distribution of jumps [44].

The MRJD models are capable of capturing jumps and spikes, but one deficiency is that

jumps can result in a much biased mean-reversion rate. When price return from spikes to

the normal price state they need a very large mean-reverting rate, which will cause a biased

estimate of this parameter. In [33], a potential function was used to enable varying mean-

reversion rate. Another solution is to make the jump process independent of the normal

price process [26, 36].

One deficiency of MRJD models with independent jumps is lack of capability to gen-

erate consecutive jumps or spikes, a phenomenon which has been frequently observed in

electricity market prices. As an alternative, regime-switching models, which are able to

deal with this problem, have been proposed and have achieved successful applications.

Regime-switching models represent the prices by multiple regimes, and prices can transit

between regimes. Depending on the transition law, regime-switching models can be further

classified into Markov regime-switching models (MRS) and Threshold regime-switching

models (TRS). The MRS models have been found to better fit the objective of price mod-

elling, and are the most popular models utilized for energy price modelling in recent years.

A three-regime model has been proposed in [34] in which, the jump behaviors are mod-

elled by one jump-up regime and one jump-down regime, and the normal state of the price

is modelled by another regime. The research in [37] has utilized this three-regime model
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for the energy price in the Australian market. This three-regime model assumes the spikes

are not consecutive, i.e., a spike will jump back to the normal price in the next time inter-

val after it occurs. However, this assumption is not always correct, as shown in [45]. A

three-regime model that allows consecutive spikes is used in [40] and has shown better ac-

curacy than the restricted three-regime model in [34]. Several two-regime MRS models are

used in [26,38,39] that represent the price by one normal regime and one independent spike

regime. The normal regime of the above two-regime and three-regime MRS models are rep-

resented by a mean-revering process. The spike regime is modelled by Gaussian [34, 37]

or Log-Normal [26, 39] distributions. The Pareto distribution is proposed to model the

spike regime in [46], but it does not outperform the models with Log-Normal or Gaussian

distributions. The work in [47] has proposed a two-regime model that employs a shifted

Log-Normal distribution for the spike regime to avoid that the spike regime captures drops

in price process. This model is later extended to a three-regime base-spike-drop model by

adding a regime to capture the drops [41]. Both two-regime and three-regime models have

been discussed in [38, 40, 41] and compared, concluding that performance highly depends

on the price data under study.

On the other hand, the TRS model has been proposed in [48] which identifies regime

transitions by pre-specified thresholds. In [38], MRS and TRS models have both been

applied to energy prices and compared. The numerical results showed that the MRS out-

performs the TRS model in modelling energy price. However, the TRS model has shown

better performance than the MRS model in forecasting energy prices [49].

Other models have also been proposed and applied to electric energy prices. For ex-

ample, another popular class of models that has been applied to electric energy prices is

the generalized autoregressive conditional heteroskedasticity (GARCH) model. GARCH

models allow time-varying variance and were studied and compared with other models

in [38, 42]. As discussed in [38], GARCH models assume that variance changes in the
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prices are moderate. However, this may not be the case in electricity reserve prices where

frequent extreme jumps are observed. The research in [43] proposed a spectral model built

in frequency domain. While most existing studies have focused on daily prices, there are

some studies on hourly prices. In [35], several models, including MRJD and GARCH

models, are applied to hourly energy prices from California. Most of the existing work

built models for log-prices, but [39] has shown that modelling actual prices can sometimes

achieve a better fit.

Exogenous variables have been introduced to increase the accuracy of modelling energy

prices. In [50], regime-switching models are developed and exogenous variables, such

as demand and generation capacity margin, are used to represent the prices under each

regime. A three-regime model with one base regime and two spike regimes is used for the

most volatile period of price. The work in [51] employed demand and weather variables

in the regime-switching model for energy prices in Queensland. However, the demand

of reserve and regulation services is dictated by the system operation conditions, and the

system operation data are not always available to the public. Therefore, this thesis focuses

on the stochastic models that only rely on the price itself, and thus the exogenous variables

are not considered. However, the models applied in this thesis are flexible to be extended

to include exogenous variables.

In summary, the MJRD model with independent jumps and the MRS model are the two

that tend to capture the frequent sudden jumps or spikes in price series. Therefore, these

models are selected as candidates for reserve and regulation prices in the studied markets.

In [30], statistical characteristics of daily energy and reserve prices in the German elec-

tricity market were studied and non-normality and regime-switching properties were re-

ported for reserve prices. An Autoregressive-moving-average (ARMA) model was used

and extended in the way that the error term was modelled. Various models were tested for

the error term, including the regime-switching scheme.

9



1.3 Motivation and Objectives

1.3.1 Characteristics of prices in competitive electricity market

Characteristics of energy prices in competitive electricity markets have been widely ex-

plored [23–25, 27–29], and several price forecasting models have been proposed [52, 53].

However, the existing literature on analysis of reserve prices is limited [30]. One of the ob-

jectives of this thesis is to analyze the characteristics of hourly prices of operating reserves

and regulation services. More specifically, operating reserve and regulation prices are an-

alyzed for their variability, price jumps and extreme prices, non-linearity and long-range

correlations. Furthermore, characteristics of the operating reserve and regulation prices are

compared with those of the hourly energy prices in the respective markets, where possible.

Electricity markets of Ontario, New York and Texas are used as test markets. The analysis

is aimed at:

1. Revealing the distributional characteristics and patterns of the reserve and

regulation prices in three North American electricity markets.

2. Providing a quantitative insight and evaluation of statistical characteristics

of the studied prices, including variability, jumps/spikes, and long-range

correlation for the studied prices.

3. Presenting a comparative analysis of the studied prices among the subject

markets.

The findings of this part of the thesis (Chapter 3) provide insights into the characteristics

of the reserve and regulation prices, which are useful for operation and planning activities

in a competitive electricity market.
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1.3.2 Stochastic models for reserve and regulation prices

Although the modelling of energy prices has been widely studied, the existing literature that

focused on modelling reserve prices is limited [30,54]. The other objective of this thesis is

to investigate the effectiveness of MRJD and MRS approaches in modelling daily average

and hourly prices of operating reserves and regulation service in competitive electricity

markets. These two classes of approaches have shown promising results of modelling

electricity energy prices. Specifically, this part of the thesis (Chapter 4 and Chapter 5) aims

at:

1. Exploring the applicability of some of the most established stochastic mod-

els in capturing the characteristics of reserve and regulation prices in typical

North American electricity markets.

2. Providing a comparative analysis on the effectiveness of stochastic models

for the energy prices and for reserve and regulation prices.

Such price models are important for pricing derivatives and risk management in practi-

cal reserve and regulation markets. Note that such models are descriptive and may not be

suitable for short-term hour-to-hour prediction.

The characteristics and models studied in this thesis can provide useful information to

both the system operator and market participants to better understand, and estimate future

behaviour of, the reserve and regulation prices in the electricity market and make strategy

to hedge the financial risks.

1.4 Outlines of the thesis

• Chapter 2 - This chapter provides a mathematic background review of the

main methods, algorithms, and models applied in this thesis. More specifi-
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cally, the methods and indices used for statistical analysis of the prices are

introduced. The processes of modelling the deterministic and stochastic

components of the price time series are also demonstrated. Two classes

of models for the stochastic component, being the mean-revering jump-

diffusion (MRJD) and Markov regime-switching (MRS) models, are intro-

duced in this chapter.

• Chapter 3 - The statistical characteristics of the reserve and regulation

prices are studied by descriptive statistics, patterns, variability, jumps and

spikes, and long-range correlation. The differences between energy prices

and reserve and regulation prices, with respect to these measures, are ana-

lyzed, and origins of these differences are discussed.

• Chapter 4 - Dynamics of the daily averages of the studied prices are mod-

elled in this chapter. Three stochastic models, i.e., one MRJD model and

two MRS models, have been selected based on the characteristics of the

studied reserve and regulation prices. The three candidates of models are

applied to the studied prices, and their performances are evaluated and com-

pared.

• Chapter 5 - This chapter is dedicated to modelling price dynamics for

hourly reserve and regulation prices. Several MRS models are selected

and tested for the prices. In addition to the tradition that the price mod-

els are built for log prices, modelling the original prices before logarithmic

transformation has also been explored. A new model has been proposed to

capture the distinguishing features in the hourly reserve price.

• Chapter 6 - The main contributions of this thesis are summarized in this

chapter.
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Chapter 2

Background Review

2.1 Introduction

In this chapter, measures, algorithms, methods, and models applied in this thesis are re-

viewed. The measures to evaluate the statistical characteristics are first introduced in Sec-

tion 2.2. Variability indices, the jump identification algorithm, and the long-range correla-

tion analysis method are introduced in this section and are applied to the studied prices in

Chapter 3. The price modelling procedures are introduced in Section 2.3. The decomposi-

tion of deterministic and stochastic components from the price time series is introduced in

detail in this section. The stochastic models that are applied to the reserve and regulation

prices in this thesis are presented in Section 2.4. Calibration techniques for these models

are also presented in this section, and are used in Chapter 4 and Chapter 5 to estimate the

parameters of the stochastic models.

2.2 Measures for statistical characteristics

In this thesis, statistical characteristics including variability, jumps and spikes, and long-

range correlation are investigated to distinguish the reserve and regulation prices from en-

ergy prices. The measures, indices and analysis methods are introduced in this section.

2.2.1 Variability

Historical volatility index and price velocity are two major classes of indices to quantify

variability. The calculation of these indices are introduced below.
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2.2.1.1 Historical volatility index

To study the variability of a given time series, historical volatility is a popular measure in

the finance literature [55, 56], and hence, it has been applied to electricity market prices

[23, 25]. Historical volatility index is calculated as the standard deviation of the price

returns with a given lag [55, 56]. The price returns, being relative price changes, can be

taken in logarithmic or arithmetic form of a time series. Let xt be the price at time t. The

logarithmic return is computed as:

rlt = ln xt − lnxt−l (2.1)

And the arithmetic return is

Rlt = [xt − xt−l]/xt−l (2.2)

l in the above equations (2.1) and (2.2) is the time lag (e.g., l = 24 represents daily

price returns for hourly prices). The total length of the price time series is divided into N

windows, each with a length T . Then the standard deviation of xt in window n is calculated

as:

σl,T (n) =

√∑n×T
t=(n−1)×T+1(Rl(t)−Rl,T (n))2

T − 1
(2.3)

where Rl,T (n)) is the average of the the price return in the current window n. The historical

volatility index (HVI) is calculated as the average of the standard deviations in (2.3) over

all windows, i.e.,

HV I =
1

N

N∑
n=1

σl,T (n) (2.4)

2.2.1.2 Price velocity index

Another class of indices used in this thesis is the price velocity, which was proposed in [24]

to investigate the variability in energy prices from 14 electricity markets and extended in

[25] to study the variability of energy price in Ontario’s and its neighboring markets. Price

velocity measures the ratio of average price changes with respect to the overall average or

daily average of the price.
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To compute price velocity, first, the changes in prices are calculated as δlt = |xt−xt−l|.

Two price velocity indices are usually used, namely, daily velocity based on daily averages

(DVDA) and daily velocity based on overall averages (DVOA) [24]. In this thesis, only the

DVDA index is presented because the results of the two indices were found to be consistent

for the studied prices. The DVDA index is defined as [24]:

DVDA(k)
l =

δ
(k)

lt

x(k)
(2.5)

where, δ
(k)

lt is the daily average of δlt for day k, and l is the time lag, i.e., 1, 24 and 168

hours to study intra-day, inter-day, and inter-week price velocities as in [25]. The values of

DVDA(k)
l are averaged over all days in the studied period, and are denoted by DVDAl.

2.2.2 Price jump identification

The occurrences of jumps are identified by a jump filtering algorithm following [26, 36].

For a price time series xt of length n, The jumps are first identified as the price changes

that exceed a threshold, defined as:

∆xt = xt − xt−1 > ∆xt + α× STD(∆xt) (2.6)

where, ∆x(t) is the price change at time t with t = 2, 3, ..., n; ∆x(t) is the average of

all price changes, and it is usually close to zero for electricity price; and, STD(∆xt) is

the standard deviation of all price changes ∆xt. The typical values of α include 2.5 and

3 [26, 36], and 3 is picked here. Any ∆xt that is greater than the threshold ∆xt + α ×

STD(∆xt) is identified as a price jump. The identified jumps are replaced by the threshold

to remove the jumps from the price series. The filtering process based on (2.6) is repeated

until no more jumps are detected as in [33, 36]. The purpose of repeating the filtering is

to avoid situations where a few super extreme price changes raise the threshold to a high

level. Only the upward jumps are identified here which usually lead to the extremely high

prices.
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The number of identified price jumps are then divided by the sample size of the corre-

sponding price process to obtain the frequency of jump occurrence, i.e., fjump.

2.2.3 Detrended fluctuation analysis

Detrended fluctuation analysis (DFA) has been utilized in finding long-range correlation

and identifying mean reversion in electricity prices [28, 29]. Compared to other methods

such as the R/S method [28], DFA performs better in exploring intrinsic dynamics in non-

stationary time series [29,57]. DFA calculates the generalized Hurst scaling exponent Hp,q

to represent the fractal characteristic, where p is the order of polynomial fit, and q is the

order of norm taken during the calculation of Hp,q. The procedures of DFA are briefly

introduced below. More details can be found in [29, 57, 58].

1. The time series x of length N is first integrated as yt =
∑t

i=1 |xi − x̄|,

t = 1, ..., N , where x̄ is the average of the time series x.

2. The integrated time series y is divided into windows with a window length

m. For the jth window, the sub-series is written as yj(m, t), and the time

scale of each window is τ = m∆t where ∆t is the sampling period.

3. The local trend in each window is obtained by calculating the polynomial

fit of order p for each sub-series yj(m, t), denoted as ypolyj (m, t). The poly-

nomial fit is subtracted from yj(m, t) in each window to get the detrended

time series in each window as dj(m, t) = yj(m, t) − ypolyj (m, t) for win-

dow j. dj(m, t) represents the fluctuation component of yj(m, t) after being

detrended in window j with window length m.

4. When the detrending step is done for every window, the fluctuation function
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is computed as the q-norm of the detrended fluctuation sequence d(m, t):

Fp,q(m) = (
1

M

∑
j=1

M |dj(m, t)|q)1/q (2.7)

Since τ = m∆t, Fp,q is a function of τ as well, and thus can be written as

Fp,q(τ).

5. If the power-law scaling behavior can be observed as Fp,q(m) ∼ τHp,q , then

the Hp,q is called the generalized Hurst-scaling exponent. Thus, the Hp,q is

computed as the slope of the logarithmic Fp,q(m) versus logarithmic m.

A Hp,q value of less than 0.5 indicates there is a negative auto-correlation in x, while

a Hp,q value of between 0.5 and 1.5 indicates positive auto-correlation, and Hp,q = 0.5

corresponds to a random walk [57].

2.3 Modelling prices in electricity market

The general form of the proposed models for electric energy prices in the literature (e.g.,

[26, 38, 40]) is:

Xt = d(t) + St (2.8)

Xt is the price process of interest, being the observations of the price from a historical

period. d(t) is the predictable deterministic component, which is a function of time t. The

deterministic component usually contains a seasonality component and a linear trend. st

is the stochastic component which represents the non-predictive price dynamics. A large

number of research works have focused on building models for the stochastic component.

2.3.1 Modelling the deterministic component

As stated above, the price process is first decomposed into a deterministic component and

a stochastic component. The identification of deterministic component is introduced in this
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section and the modelling of stochastic component will be introduced in the next section.

The deterministic component usually contains a linear trend that represents long-term

price evolution, and a seasonality component that represents the periodical fluctuations in

the prices.

For electric energy prices, the model of the deterministic component can be written as

follows:

d(t) = SE(t) + kt+ b (2.9)

On the right side of (2.9), the first component is the seasonality, and the rest is the linear

trend.

Seasonality is a property that the price fluctuates following periodic cycles. Seasonality

has been widely observed in electric energy prices, and usually consists of daily, weekly,

and annual cycles. One popular method to model the annual seasonality component is to

represent it by sinusoidal function. For daily prices, the sinusoidal function can be written

as:

SEannual = Msin(
2π

365
t+ ϕ) (2.10)

M is the amplitude of the annual component, and the number 365 defines the period is

one year. When modelling hourly prices, the number 365 will change to 8760, which is the

number of hours in a calendar year.

The daily and weekly seasonality identifications in this thesis employ a moving average

technique following [26, 28]. Take the weekly seasonality as an example, for a daily time

series xt, the moving average is calculated first:

mat =
1

7

3∑
i=−3

xt−i (2.11)

Then the deviation between xt and mat is calculated, and the average of the deviations is

calculated for each entry of the seasonality cycle. For a weekly seasonality, the average is

calculated for each of the seven days of a week. Denote the deviation average of day j is
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daj , then the weekly seasonality component of day j is calculated as:

SEj
week = daj −

1

7

7∑
i=1

daj (2.12)

After this calculation is repeated for each of the seven days, the weekly seasonality vector

is obtained.

2.3.2 Modelling the stochastic component

The stochastic component of a price time series is the essential part for applications in

risk management and derivative pricing. A large number of stochastic models have been

proposed and examined for energy prices in electricity markets. Several of them have been

reported to perform better than others with respect to modelling the main characteristics of

energy prices, such as mean-reversion and spikes, and are thus selected as candidates for

modelling reserve and regulation prices. These stochastic models are introduced in detail

in the next section.

2.4 Stochastic component modelling

As discussed above, the price time series is first decomposed to deterministic and stochas-

tic components. The stochastic models are then applied to the stochastic component to

describe the price dynamics. Logarithmic transformation is usually taken on the stochastic

component first before the stochastic models are applied. However, there are a few papers

that have directly modelled the original stochastic component [39, 41]. In the following

context, St denotes the stochastic component to be modelled, while it can be either original

price or log price.

The basic Ornstein-Uhlenbeck mean-reverting process which is used in [32] to model

energy price in electricity markets and can be presented as follows:

dSt = β(µ− St−1)dt+ σdWt (2.13)
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where, the St is the stochastic component of the log price. In this model, the first component

on the right hand side drives the price to go back to its long-term average level µ when the

price departs from it. The mean-reversion rate β determines how fast the price will go

back to µ. Wt in the second component is a standard Brownian motion, which accounts for

random moves in the price process. σ is volatility, which determines the size of the random

walk.

The basic Ornstein-Uhlenbeck process is able to represent the mean-reversion property

that has been widely observed in electricity prices. However, the existence of pronounced

spikes or jumps, which is another characteristic of electric energy, reserve, and regulation

prices, is not well covered. Since the parameters in (2.13) are constant over time, price

spikes would bring distortions to the mean, volatility and mean-reversion rate [59]. These

biased parameters may not appropriately represent the characteristics of non-spike prices.

Thus, in the recent literature [26, 38, 41], this mean-reverting process is used to model the

normal state of prices, i.e., the state that prices evolve relatively smoothly without jumps.

Since reserve and regulation prices have more frequent spikes and more extreme prices

compared to energy prices [54], an appropriate solution to incorporate jumps in the model

is a critical requirement. The MRJD and MRS models are good candidates in this sense,

which have been previously applied to energy prices. The MRJD model adds a sepa-

rate jump component for jumps and spikes, while the MRS model recognizes independent

states/regimes in the price process and utilizes different processes to represent the regimes.

The MRJD and MRS models [28] are introduced in the following subsections, and are

applied to the studied reserve and regulation prices in this thesis.
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2.4.1 MRJD model

The MRJD model models the jumps in prices as a separate component added to the normal

price process, as:

dSt = β(µ− St−1)dt+ σdWt + Jtdqt (2.14)

where the last component in (2.14) is the jump component. The rest portion of the right

side in (2.14) is a mean-reverting process defined in (2.13), which is used to represent

the normal price process. qt in the jump component is a Poisson process with intensity

λ which accounts for the occurrence of jumps. Jt determines the size of the jump, and

is usually modelled by probability distribution that has a right tail, such as a Log-Normal

distribution [26, 44], i.e., ln J ∼ N(µj, σj). The mean of the Log-Normal distribution is

calculated as exp(µj + σ2
j/2).

MRJD models treat the jumps/spikes as a separate component; this allows for sudden

jumps appearing in the process. Furthermore, the impact of jumps on the normal process’s

parameters is reduced. This is because the jump component has its own parameters to

model the large size and dispersion of the jumps. However, in daily electricity prices, the

price spikes usually only last for very short periods, and will jump back to normal level after

that. In this case, when the price jumps from a spike size back to normal, a strong driving

force is needed to make such a big drop in price. The driving force has to be provided

by the mean-reversion parameter β. Thus, the jump back from a spike tends to need an

excessive mean-reversion rate, and hence, will drive the parameters β higher than required

by the normal price process. As a result, the estimated mean-reversion rate tends to be not

suitable to represent the price dynamics in non-spiky periods, i.e. the mean-reversion rate

will be shifted up by jumps. One solution to the shifted mean-reversion rate is to have a

jump component that is independent of the mean-reverting process, i.e., the normal price

process. This model is introduced next.
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2.4.1.1 MRJD model with independent jump component

As discussed above, a MRJD model with an independent jump component is immune to

the problem that the mean-reversion rate is shifted by the jumps. Such models have been

proposed and applied to electricity energy prices in [26, 33]. Having an independent jump

component is equivalent to forcing the price to jump back to the normal price level imme-

diately after it occurs, and thus relieves the need of a high mean-reversion rate to drive the

force back to normal.

2.4.1.2 Calibration of MRJD model

To calibrate the MRJD model with independent jump component, the jumps and normal

price process are calibrated separately. The first step is to separate the jumps from the

normal prices by the filtering algorithm presented in Section 2.2.2.

The filtered jumps in the first step is then fit by a Log-Normal distribution to calculate

the µ and σ of the jump size random variable J . The frequency of the Poisson process,

denoted as λ, is calculated as the frequency that jumps occurred in the price process. If m

jumps occurred in N observations, the frequency is:

λ =
m

N
(2.15)

After removing the jumps, the mean-reverting portion of the model in (2.14), i.e., the por-

tion that equals to the mean-reverting model (2.13), is then calibrated to fit the normal price

process by maximum-likelihood estimation (MLE).

The log-likelihood function of the MRJD model will be a combination of the log-

likelihood functions of the normal process and the jump component. The log-likelihood

function of the normal process is the same as in (2.13), while the log-likelihood function

of the jump component is calculated based on the probability density function of the distri-

bution used for the jump size.

The derivation of the likelihood function of the mean-reverting process is introduced
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next. The mean-reverting portion of the stochastic differential equation in (2.14), i.e., the

equation (2.13), can be discretized with step size 1, and it becomes:

St − St−1 = β(µ− St−1) + σdWt (2.16)

Then the first component on the right hand side of the equation is moved to the left side,

and for simplicity in presentation, consider the following notation:

et = St − St−1 − β(µ− St−1) (2.17)

then (2.16) becomes:

et = σdWt (2.18)

Since Wt follows a standard normal distribution, et follows a normal distribution N(0, σ).

The likelihood function at time t is calculated as the probability density function of the

normal distribution, as follows:

Lmr,t(θ) = f(et;σ) =
1√
2πσ

exp[−(
e2t
2σ2

)] (2.19)

where, θ is the set of parameters. For the mean-reverting model θ = {β, µ, σ}. Thus, the

likelihood function of the entire data set St, t=1,2,...,T, is:

Lmr =
T∏
t=1

Lmr,t (2.20)

The log-likelihood function is as follows:

LogLmr(θ) =
T∑
t=1

ln f(et; σ) (2.21)

=
T∑
t=1

−1

2
e2t − lnσ − 1

2
ln 2π (2.22)

Since the jump component is independent of the normal process, the log-likelihood

function of the MRJD model is the summation of the log-likelihood functions of the normal

process and the jump component, as follows:

LogLMRJD = LogLmr + LogLj (2.23)
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where, LogLj is the log-likelihood depending on the distribution used to model the jump

size. LogLj is calculated as the summation of the probability density functions of all jumps

identified by the filtering algorithm.

2.4.2 MRS model

The Markov regime-switching (MRS) model recognizes that there are multiple regimes or

states in the price process. This class of models have been used for modelling electric en-

ergy prices since a multi-regime behavior has been observed in those prices. For example,

when an outage of generator or major transmission line occurs, the price tends to jump up

to a much higher level. These models are also applied to the reserve and regulation prices

in this thesis because multi-regime dynamics have been found in these prices as well.

The MRS uses a latent variable R to represent the regime that the price currently resides

in. For a MRS model that has n regimes, R = 1, 2, ..., n. Since the increased number

of regimes would require a higher computation burden, the two-regime and three-regime

models are most popular in electricity price modelling.

Both the two-regime and three-regime specifications of MRS models tend to categorize

the prices into a base regime and one or two excited regimes. The base regime captures the

normal prices with moderate fluctuations, while the excited regimes model the prices that

are obviously away from normal level. The base regime usually captures most observations

in the price process. The two-regime models represent prices by a base regime and a

jump/spike regime, while the three-regime models add a drop regime.

Transition between regimes are modelled by a Markov chain. The price may transfer

from one regime to another at any time with a transition probability. The transition proba-

bility is a conditional probability depending on the regime in which the process currently

resides. A transition probability matrix contains transition probabilities; an example of
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transition probability matrix for a 2-state Markov chain is as follows:

P =

p11 p12

p21 p22

 (2.24)

Each row corresponds to the current regime and each column corresponds to the regime

after one time interval. For daily prices, the column corresponds to the regime of the price

of next day. Assuming the two regimes are labeled by 0 and 1, if the current regime is 0,

the probability of staying at this regime is p11 and the probability of transferring to regime

1 is p12. Similarly, if the current regime is 1, the probability of staying at the current regime

is p22 and transferring to regime 0 is p21. Since the probabilities in a row i represent all

possible transition from regime i, the summation of these probabilities equal to one, i.e.,∑
j pij = 1.

The MRS model applied in this thesis deploys a mean-reverting process as in (2.13) for

base regime. For the spike regime the Log-Normal distribution and Gaussian distribution

are tested. These specifications have been applied in the literature [28] and reported to be

suitable for energy prices. An example of two-regime MRS model is presented in (2.25)

with a base regime and a spike regime. The base regime is modelled by a mean-reverting

process, and the spike regime is represented by a Log-Normal distribution.

Base Regime: dSt = βb(µb − St−1)dt+ σbdWt (2.25a)

Spike Regime: ln(St) ∼ N(µs, σs) (2.25b)

The MRS class of models have been reported to have better fit than MRJD models for

energy prices in most comparisons [26,38,40]. However, for some energy prices, the MRJD

models can have comparable performance as the MRS models, such as for the prices in the

Nordic Pool and Austria markets in [40]. Therefore, in this thesis, both these two classes of

models are tested, each with various specifications. The performance of the various models

are compared to find the more appropriate model for the reserve and regulation prices.
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2.4.2.1 MRS two-regime model with shifted spike

The MRS two-regime model in (2.25) has a deficiency that its spike regime may capture

not only positive spikes but also drops in prices. This deficiency can distort the parameters

of the spike regime and the transition probabilities, and thus result in misleading model

parameters. This model has the deficiency because the optimization of log-likelihood func-

tion tend to assign any prices that seem not to belong to the base regime to the spike regime.

Since sometimes the drops are also significantly far way from normal prices, they may be

assigned to the spike regime.

A MRS model with shifted spikes was proposed in [47] to solve this problem. The

shifted spike regime applies a threshold of spike identification, denoted as TS, to avoid

the spike regime capturing any price under the threshold. The MRS two-regime base-spike

model with shifted spike regime is presented as follows:

Base Regime: dSt = βb(µb − St−1)dt+ σbdWt (2.26a)

Spike Regime: ln(St − TS) ∼ N(µs, σs) (2.26b)

It should noted that although a threshold is applied, the spikes are still identified through

optimizing log-likelihood function. The prices above the threshold TS are not necessarily

captured by the spike regime. TS is set as the median of the price process to be modelled.

Therefore, any price under the median of St won’t be identified as spikes. The mean of the

spike regime implied by the model is the summation of TS and the mean of the Log-Normal

distribution, i.e., TS + exp(µs + σ2
s/2).

2.4.2.2 MRS three-regime model with shifted spike and shifted drop

The MRS two-regime base-spike model with shifted spikes have solved the problem that

drops are identified as spikes. However, the drops are assigned to the base regime, which

will distort the base regime parameters. In [41], a three regime model is proposed to sepa-

rately model the prices significantly lower than the normal prices by a drop regime. Similar
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to the shifted Log-Normal distribution used for the spike regime, the drop regime also em-

ploys a threshold TD to avoid mis-capturing of drops. Only prices that are below TD

can be identified as a drop. This MRS three-regime base-spike-drop model is presented as

follows:

Base Regime: dSt = βb(µb − St−1)dt+ σbdWt (2.27a)

Spike Regime: ln(St − TS) ∼ N(µs, σs) (2.27b)

Spike Regime: ln(TD − St) ∼ N(µs, σs) (2.27c)

Similar to the shifted spike regime, the threshold of drops TD is set as median of the price

to be modelled. As presented in Section 2.4.2.1, the mean of the spike regime implied by

the model is TS + exp(µs + σ2
s/2), and similarly the mean of the drop regime is TD −

exp(µd + σ2
d/2).

2.4.2.3 Calibration of MRS model with expectation-maximization (EM) method

The MRS models are usually calibrated with the expectation-maximization (EM) method,

which has been presented in detail in [38, 60–62]. There two steps in this method, the

expectation step and maximization step. In the first step, the expectation of the likeli-

hood function is calculated as weighted average of all regimes. In the latter step, the MLE

method is implemented to estimate the new set of parameters that maximizes the expecta-

tion calculated in the first step. The detailed procedures of the two steps of the EM method,

i.e., the expectation step and the maximization step, are introduced next for a time series

time series xt with length T , i.e., t = 1, 2, ..., T .

1. Expectation step

In the expectation step, the likelihood function is calculated as expected

value of likelihood functions of all regimes. Probabilities of residing in each
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regime are used to calculate the expected value. This calculation uses prior

and posterior probabilities and the log-likelihood function of each regime.

The prior probability at time point t is the probability before accounting for

the observation at the current time point t. And the posterior probability is

the probability that has taken account of the observation at time t.

Take a two-regime model as an example, regime parameter r = 1, 2. Denote

the prior probabilities at time t as ξpriorjt and the posterior probabilities at

time t as ξpostjt , where j = 1, 2. The prior probability can be calculated from

the posterior probability at the last time point, t− 1, by:

ξpriorjt =
2∑

i=1

ξposti,t−1pij (2.28)

where i = 1, 2 is the regime at the previous time point t− 1.

The posterior probability of a price being at regime j at time t, given the

set of observations up to time t, denoted as Ωt, and the set of parameters,

denoted as θ, is:

ξpostjt = Pr(rt = j)|Ωt; θ) (2.29)

Note that
∑

j sjt = 1. In the case of 2 regimes, the summation of ξ1t and ξ2t

is one.

The posterior probability ξ is calculated from the prior probability and the

probability density function f(xt|st = j,Ωt; θ) defined by the the specifica-

tion of the model, as follows:

ξpostjt =
ξpriorjt f(yt|st = j,Ωt; θ)

ξprior1t f(xt|rt = 1,Ωt; θ) + ξprior2t f(xt|rt = 2,Ωt; θ)
(2.30)

The posterior probabilities ξpostjt at time t are calculated based on the ob-

servations up to the time t, Ωt. After the ξpostjt is calculated for all time
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points up to length T , the posterior probability can be calculated based

on the entire set of observations, i.e, ΩT , through a backward iteration for

t = T − 1, T − 2, ...1:

ξTjt =
2∑

i=1

ξpostjt ξTi,t+1pji

ξpriori,t+1

(2.31)

The ξTjt is then used as the probability that xt is at regime j at time t to

evaluate the expectation of the likelihood function of the MRS model.

For the two-regime model with a mean-reverting process for base regime

(regime 1) and a Log-Normal distribution for the spike regime (regime 2) as

defined in equations (2.25), the density functions of the two regimes used in

(2.30) are as follows:

f(yt|rt = 1,Ωt; θ) =
1√
2πσb

exp[−(xt − xt−1 − α(µb − xt−1))
2

2σ2
b

] (2.32)

f(xt|rt = 2,Ωt; θ) = exp{ 1√
2πσs

exp[−(TS − xt − µs)
2

2σ2
s

]} (2.33)

The density function of the shifted Log-Normal distribution is calculated

similarly. The probability of being in a spike regime is set to zero for the

prices under the threshold TS, and the probability of being in a drop regime

is set to zero for the prices above the threshold TD.

2. Maximization step and iteration

In the maximization step, the parameter set θ are estimated by maximiz-

ing the expectation of log-likelihood is calculated in the expectation step.

The estimated parameters will be applied to the next expectation step to get

an updated expectation of log-likelihood, and then maximization is imple-

mented again. The two steps are iteratively implemented until the criteria of

convergence is achieved.
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2.4.2.4 Steady state probability of the regimes

The unconditional probability of being in one regime, which is the steady-state probabil-

ity of the Markov chain, can be computed using the transition probabilities.For a Markov

process with r states/regimes, the steady state probability can be calculated as follows [63]:

q ∗ P = q (2.34)

where, P is the transition probability matrix which is a r× r matrix. q is a r×1 row vector

of steady state probabilities. The equation (2.34) can be solved together with the property

of matrix P that the summation of each row equals to 1.

For a two-regime model, the unconditional probability of being in regime 1 is:

Prob(1) =
(1− p22)

2− p11 − p22
(2.35)

and the unconditional probability of being in regime 2 is:

Prob(2) =
(1− p11)

2− p11 − p22
(2.36)

2.5 Summary

In this chapter, the background material on primary methods, algorithms, and models were

introduced in detail. Following the structure of this thesis, the methods studying the statis-

tical characteristics were introduced. The calculation of two variability indices, historical

volatility index and price velocity, were presented. The two classes of indices focus on

different aspects of the fluctuation in time series, and thus are both applied to study the

variability of reserve and regulation prices in Chapter 3.

The modelling of price dynamics decomposes the price time series into a determinis-

tic component and a stochastic component. The procedures of this decomposition were

presented in Section 2.3. After the deterministic component is removed from the prices,
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which comprises seasonality and a long-term evolution trend, the stochastic component is

the main focus of price dynamics modelling.

Two popular classes of stochastic models used to study the price dynamics, the mean-

reverting jump-diffusion and Markov regime-switching models, were presented in Section

2.4.1 and 2.4.2, respectively. The specific models in these two classes are selected based

on the characteristics of prices in electricity markets. Both the two classes of models are

capable of capturing the mean-reverting and jumps or spikes in the price processes, which

have been widely observed in electricity energy prices. The two classes of models are

applied to the reserve and regulation prices in this thesis to find the more appropriate model

for these prices.

The two classes of models have similarities but are also different in nature. The MRJD

model represents the jumps as a separate component. As MRS model has a latent regime/state

variable R, the MLE method cannot be directly applied. An expectation-maximization

(EM) method is used to estimate model parameters including the transition probabilities be-

tween regimes. In the expectation step, the likelihood function is calculated as the expected

value considering the probability of being in a regime and the corresponding conditional

density function. In the maximization step, the MLE is applied to estimate an updated set of

parameters. The expectation and maximization steps are conducted iteratively to calibrate

the model and estimate the parameters.

In addition, calculation of the steady state probability of a Markov chain was presented

in Section 2.4.2.4. The steady state probability is an important indicator of the performance

of the MRS model to identify excited regimes, such as spikes or drops. The calculation of

steady state probability will be applied in Chapter 4 and Chapter 5.

The models introduced in this chapter, i.e., the MRJD model with independent jump

component, the two-regime MRS model with shifted spike regime, and the three-regime

MRS model with shifted spike and drop regimes, are applied to the studied prices in this
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thesis.
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Chapter 3

Statistical Characteristics of the Reserve and Regulation Prices

in the Electricity Market 1

3.1 Introduction

The focus of this chapter is on analyzing the statistical characteristics of prices of operating

reserves and regulation services in competitive electricity markets.

As reviewed in Chapter 1, statistical characteristics of energy prices in competitive elec-

tricity markets have been extensively studied in existing literature [23–25, 27–29]. How-

ever, not much attention has been paid to reserve and regulation prices. Characteristics of

these prices are key to understanding the reserve and regulation markets. In this chapter,

statistical characteristics of hourly reserve and regulation prices are explored for the elec-

tricity markets of Ontario, New York and Texas. Characteristics studied include descriptive

statistics, price pattern, variability, price jumps and extreme prices, non-linearity and long-

range correlations. The statistical characteristics of operating reserve and regulation prices

in the Ontario and New York markets are compared with those of the energy prices in the

respective markets.

The rest of this chapter is organized as follows. In Section 3.2, the studied markets and

data are introduced. Descriptive statistics and the patterns of the studied data are analyzed

in Section 3.3. In Section 3.4, characteristics of reserve and regulation prices, including

variability, jumps and spikes, and long-range correlation are analyzed in detail and com-

pared to those of the energy prices. Finally, a summary of the work and its main findings

are provided in Section 3.5.

1Findings of this chapter have been published in Energy Policy [54].
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3.2 The studied data

In this chapter, the available prices of energy, reserves and regulation services in the On-

tario real-time market, the New York day-ahead market, and the day-ahead ancillary service

market in Texas are studied and compared. The markets and prices are selected with con-

sideration of the availability of information and the diversity of market structure. In the rest

of this section, an introduction to the three markets and the studied data is given.

3.2.1 The Ontario market

Ontario’s competitive electricity market opened on May 1, 2002. The Ontario market is

a single-settlement real-time market where energy and operating reserves are jointly auc-

tioned and prices are determined for each 5-minute operating interval. The energy/reserve

co-optimization market program dispatches energy and reserve offers to minimize the total

cost of supplying the demand. Since a generator can be scheduled to either produce energy

or provide reserve, the optimization process was designed to find the most economical way

to dispatch the offers. In particular, this process is explained for Ontario market in [4]. The

hourly averages of 5-minute prices are used for most market settlements in Ontario.

Three classes of operating reserves are traded in Ontario’s electricity market, namely,

10-minute spinning, 10-minute non-spinning, and 30-minute operating reserves. The total

operating reserve requirement is defined as the largest capacity loss during a single con-

tingency plus half of the capacity loss in the second largest single contingency. The total

10-minute reserve requirement is the capacity loss of the largest single contingency, and the

10-minute spinning reserve requirement is no less than 25% of the total 10-minute reserve

requirement.

The hourly prices of operating reserves in the Ontario market are studied in the period

of May 1, 2002 to December 31, 2007. The Hourly Ontario Energy Prices (HOEPs) for the
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same period are also studied for comparison purposes. The prices for the 10-minute spin-

ning reserve, 10-minute non-spinning reserve and 30-minute operating reserve are denoted

as ONR10s, ONR10n and ONR30, respectively.

Over the period of May, 2002 to December, 2007, the historical mean and maximum

requirements for Ontario are as follows: 238.4 MW, and 450 MW, respectively, for the

10-minute spinning reserve; 683.9 MW and 1,570 MW, respectively, for the 10-minute

non-spinning reserve; and, 472.9 MW and 855 MW, respectively, for the 30-minute non-

spinning reserve. The administrative lower and upper price limits of the Ontario electricity

market are -$2,000/MWh and $2,000/MWh, for both energy and reserves [3]. Currently

there is no market for regulation service in Ontario.

The total generation capacity in the Ontario market was around 30,000 MW at the

end of the studied period, i.e., year 2007. About 37.2% of the capacity came from nu-

clear power, 25.6% from hydro and other renewable resources, and 37.2% from thermal

resources including coal, gas and oil, [4]. The peak load was 27,375 MW for the studied

period.

3.2.2 The New York market

In the New York electricity market, operating reserves and frequency regulation service

are procured in day-ahead and real-time [64]. However, the reserves are procured through

a competitive market only in day-ahead. In real-time, the reserves are procured based on

occasional needs. In addition, most of the energy demand is procured through the day-

ahead market. Hence, only day-ahead prices are considered in this study.

The three classes of operating reserves are defined in the New York market similar to

those of Ontario’s market. The reserve requirements in the New York market are deter-

mined based on the capacity loss of the largest contingency, with details given in [65].

There are three reserve regions in the New York market, namely, East, West, and Long
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Island regions. Locational requirements and prices are determined for each class of re-

serve in each region. Regulation service requirement is not locational, and suppliers are

responsible for both regulation up and down services in the whole market. In the New York

day-ahead market, energy, regulation and operating reserves are co-optimized to meet the

corresponding demands at the lowest cost.

The historical prices in the New York market are analyzed in the period of February

5, 2005 to December 31, 2008. Based on our analysis, the historical prices for the East

and West reserve regions behaved effectively the same. Thus, results are presented only

for the East region. The 10-minute spinning reserve, 10-minute non-spinning reserve and

30-minute reserve prices are denoted as NYR10s, NYR10n, NYR30 respectively, while

the regulation price is denoted as NYReg. The energy prices in the New York day-ahead

market are also studied for comparison purpose. Several locational zonal energy prices are

analyzed and their statistical characteristics are effectively the same when compared to the

reserve and regulation prices. Hence, only the results for the price of Zone 6 are presented,

i.e., the Hudson Valley area in the east of the New York state, as a representative price. This

price is denoted as LBMP6.

The total generation capacity in the New York market was around 38,000 MW in 2008,

with thermal resources making about 70% of the total capacity. About 14% of the total

capacity was nuclear and the rest were hydro, wind and other resources [64]. The peak

load in the New York market was 33,939 MW.

3.2.3 ERCOT market

The ERCOT operates the electricity market in Texas, United States. In the ERCOT market,

most energy demand is satisfied by bilateral contracts and only less than 10% of energy

demand is procured in the spot market [66]. Reserve and regulation services are scheduled

in a day-ahead market. Compared to New York where the market is cleared for an entire
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day, the day-ahead ERCOT market is cleared for each single hour. In the ERCOT market,

energy and reserves are procured separately, as opposed to the joint market optimization in

Ontario and New York. In this chapter, the regulation and operating reserve prices from the

ERCOT day-ahead ancillary service market are studied.

The operating reserves in the ERCOT day-ahead ancillary service market consist of

responsive reserve and non-spinning reserve. The responsive reserve is similar to the 10-

minute spinning reserves in the Ontario and New York markets, and it is required to be

available in a few minutes. The non-spinning reserve needs to be available within 30 min-

utes when they are called. In normal conditions, the requirement for the responsive reserve

is set at 2,300 MW to recover the capacity loss of failures of the two largest units. This re-

quirement can be increased by up to 500 MW according to the system operating conditions.

Regulation service in this market consists of regulation up and regulation down services.

The level of required regulation services in the past determines the requirements of

regulation services. The amount of non-spinning reserve service plus the average regulation

up amount need to be larger than 95% of the uncertainties observed in the load forecast

accuracy evaluation. Uncertainty of wind power generation was added to this requirement

in November, 2008 [66]. The required amount of regulation services were determined for

blocks of several hours before year 2007; however, it is determined on an hourly basis after

2007.

In the ERCOT day-ahead ancillary service market, the responsive reserve and regula-

tion up are cleared together because they both provide quick responding ramp-up capacity.

The non-spinning reserve and regulation down are cleared simply based on the lowest-

priced available offers that can meet the corresponding requirements.

The non-spinning reserve price is non-zero only when this reserve is procured. Until

November 2008, the non-spinning reserve was procured in less than 25% of hours. How-

ever, this has increased to all hours since then [66]. Due to the large amount of zero prices,
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the non-spinning reserve price was not included in this study.

In the following sections, prices of responsive reserve, regulation up and regulation

down are denoted by ERCOTRR, ERCOTRU and ERCOTRD, respectively. The studied

prices are for the period of January 1, 2005 to December 31, 2009.

In the ERCOT market, the installed capacity of generation in 2009 was around 84,000

MW where more than 80% were gas- and coal-fired. Nuclear, wind, hydro, biomass, and

other resources made the rest of the installed generation portfolio [66]. The peak load was

63,453 MW in the studied period.

3.3 Descriptive statistics and patterns of the studied data

To illustrate and understand the statistical characteristics of the studied prices, in this sec-

tion the basic descriptive statistics are calculated for these prices. Differences in these

statistics are observed between energy prices and the reserve and regulation prices, as well

as among the markets. Fluctuation patterns in the studied prices are also investigated and

the origins of the patterns are discussed.

3.3.1 Descriptive statistics

In this subsection, a set of descriptive statistics are calculated for the studied prices. More

specifically, mean, standard deviation (STD), median, mode, max, skewness, and kurtosis

are calculated for the energy, reserve and regulation prices in the studied markets. These

statistics are shown in Table 3.1. The Ontario prices are in Canadian dollars, and the prices

in the New York and ERCOT markets are in US dollars, but both dollars are represented as

‘$’ for simplicity in presentation.

The descriptive statistics show substantial differences among the studied prices. Ob-

serve that the reserve and regulation prices are generally much lower than the energy prices,
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Table 3.1: Descriptive statistics of prices in the studied markets ($/MWh)
Mean STD Median Mode Max Skewness Kurtosis

HOEP 53.18 33.48 44.54 13.72 1028.40 5.09 76.72
ONR10s 4.87 10.94 3.17 0.20 660.01 25.64 1148.6
ONR10n 2.81 10.11 0.28 0.20 646.36 25.51 1173.7
ONR30 2.53 8.50 0.26 0.20 478.50 22.17 911.42
LBMP6 75.17 28.98 70.87 65.00 430.74 1.69 10.18
NYR10s 8.27 8.82 7.00 7.00 171.27 2.39 14.84
NYR10n 2.55 3.08 2.93 0.25 171.27 16.17 626.68
NYR30 0.79 1.11 0.50 0.50 36.74 6.09 123.02
NYReg 52.03 25.08 45.00 43.00 300.00 3.25 26.21

ERCOTRR 15.84 22.70 10.24 5.00 2000.02 35.20 2765.95
ERCOTRU 15.87 17.45 10.69 5.00 500.03 5.77 84.70
ERCOTRD 12.52 16.47 9.00 3.00 700.00 15.65 475.89

while the regulation and spinning reserves have higher prices than the non-spinning ones.

The difference in price levels reflects the different costs of providing these products and

services. The energy prices must reflect the production cost and thus they are high. The

generally lower reserve prices are due to the fact that they are the payments for the capacity,

and the costs of providing these capacity are much lower than producing energy. The cost

of provision of spinning reserve is higher than the non-spinning reserve because genera-

tors may need to be activated or started up to be ready to provide these services [3], and

this applies to regulation services as well. Moreover, the regulation service providers need

to frequently change their operating positions, which can incur extra cost, and generators

may be operating at a less efficient and less economical state when providing regulation

and spinning reserve [66]. These extra costs will finally be reflected in their prices. Also

observe that the reserve and regulation prices are more dispersive according to the high-

order moments and the mode, median, and maximum. The substantially greater dispersion

indicates more frequent and extreme values in these prices, forming a distribution with a

longer right tail. The dispersion issues will be considered in detail in Section 3.4.
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Obvious differences can also be observed between the markets. First, the Ontario mar-

ket features the lowest energy and two reserve prices among the three markets, after the

currency conversion. By converting the Ontario prices from Canadian dollar to US dollar

based on annual exchange rates, the mean of the HOEP, ONR10s, ONR10n, ONR30 are

42.53, 3.77, 2.15, 1.95 US$/MWh, respectively. Observe that the first three are lower than

the corresponding prices in the other two studied markets. This is partly due to the larger

share of nuclear and hydro generation in Ontario’s installed capacity [3]. Second, the reg-

ulation price in the New York market is greater than the regulation prices in the ERCOT

market. The regulation service in the New York market includes both up and down services

and thus has higher prices. Moreover, providing capacity for ramping up and down services

simultaneously puts extra limits on the regulation suppliers when they set their operating

points, which can be reflected in higher regulation prices [67]. Third, the responsive re-

serve price in the ERCOT market is much higher than the prices of 10-minute reserves in

the other two markets. The differences between the characteristics of reserve price in the

ERCOT and those of the other two markets arise from the differences in market design

and structure for ERCOT. For example, unlike the other two markets, most of the energy

demand in the ERCOT market is procured by bilateral contracts, and only a small portion

of the demand is procured from the pool. Furthermore, the ancillary service market in ER-

COT is a day-ahead market, and is separate from the energy market. However, in the New

York and Ontario markets, the energy and reserve markets are dispatched jointly. In addi-

tion, as discussed in Section 3.2.3, ERCOT market is dispatched by minimizing the cost of

operation over of each single hour, rather than all hours of the dispatch day. In general, this

results in a less efficient scheduling and may result in a higher price level [66].

In order to analyze of the correlation between the statistical characteristics of the stud-

ied prices and load levels, the hourly prices are grouped with respect to their corresponding

load levels, and the descriptive statistics are calculated for the groups. There is more than
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one possible way to break the data into different load categories. One way is to define a

number of load thresholds and categorize hourly load values according to the thresholds.

For example, by defining two load thresholds L1 and L2, three load categories can be de-

fined. If the load is less than L1 at a certain hour, that hour is classified as low demand hour.

If the load is between L1 and L2, the corresponding hours fall into the intermediate load

level. Finally, if the loads at certain hours are more than L2, those hours are categorized as

high demand hours. The drawback of this approach in the context of my analysis is that the

continuity of the categorized load values may not be maintained. Another approach is to

break the 24 hours of each day into a number of categories. For example, one may define

certain hours of a day as low load level, some as intermediate load level and some as high

demand hours. This approach is popular among utilities (e.g., [68–70]) and has the advan-

tage of maintaining continuity of the categorized load time series. Thus this approach is

selected here. The 24 hours of each day are divided into three 8-hour categories, as follows.

The average load level for each of the 24 hours of the day is first calculated (e.g., for 10

a.m., the average is calculated over all loads at hour 10 a.m. for the entire study period).

The 24 average loads are then sorted in ascending order. The first eight hours feature the

lowest average loads, and are marked as low-load hours. The next 8 hours are marked as

intermediate-load hours, and the remaining eight hours with the highest average loads are

marked high-load hours. The 8 hours in each category identified by the above method are

not necessarily consecutive hours of the day. For each day, the average of prices are calcu-

lated for the eight low-load hours, the eight intermediate-load hours and the eight high-load

hours. Thus, each hourly price time series is converted into three new daily time series for

the average prices of low-, intermediate- and high-load hours.

For each of the three time series, the descriptive statistics are calculated. Only the

results for the Ontario market are presented in Table 3.2 for brevity; the results for the

other two markets showed similar characteristics. The descriptive statistics from Table 3.2
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Table 3.2: Descriptive statistics of prices with respect to load levels in the Ontario market
($/MWh)

Low Intermediate High Low Intermediate High
Price HOEP ONR10s
Mean 36.3000 57.7545 65.4718 3.2298 4.6677 6.7204
Std 14.9387 24.4170 29.0337 1.6588 6.9059 7.2149

Median 34.0813 53.0150 60.0288 3.2963 3.1875 4.9513
Mode 38.5950 79.0188 91.6175 3.9300 0.2000 0.2000
Max 185.9225 301.9175 357.4800 17.0200 156.9950 81.323

Skewness 2.6913 2.3999 2.7363 1.0865 10.0072 3.0541
Kurtosis 18.6757 14.6647 18.1426 8.9387 170.9546 19.2605

Price ONR10n ONR30
Mean 0.4537 2.8280 5.1382 0.4475 2.5759 4.5600
Std 0.6094 6.2925 6.9274 0.6008 4.9880 6.1081

Median 0.2000 0.7563 2.6975 0.2000 0.7038 2.5238
Mode 0.2000 0.2000 0.2000 0.2000 0.2000 0.2000
Max 7.6963 148.3775 74.9563 7.5113 108.9788 74.3438

Skewness 4.8243 10.7736 3.0366 4.8505 7.7751 3.3287
Kurtosis 35.1674 199.0021 18.0586 35.2954 124.2492 22.9796

show that the reserve prices are affected by the energy demand. All the reserve prices

tend to have higher mean and dispersion when the load level increases. This trend holds

in the other two markets as well. It is worth noting that the maximal reserve prices of the

intermediate load group are higher than those of the high load group. This indicates that

the reserve prices are not solely driven by the high demand for energy. More discussion on

this issue is presented in Section 3.4.2.2. On the other hand, it can be observed that for the

low-load hours, the maximal price is still much lower than those of the intermediate- and

high-load hours. This implies that energy demand still affects the reserve prices.

Another observation is that, the skewness and kurtosis of the intermediate-load hours

are higher than that of the high-load hours. This is because the high-load hours feature

a high mean and thus, the extremely high prices have less impact on the overall price

distribution.
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It is also obvious that for any load level, the reserve and regulation prices still feature

lower mean and higher dispersion, compared to energy prices, which are consistent with

the statistics in Table 3.1.

3.3.2 Patterns of the studied prices

Sample plots of the reserves, regulation and energy prices for a typical one-week period

are shown in Figure 3.1. For the Ontario and New York prices, the data are for January

15-21, 2007, and for ERCOT prices the data are for the week of August 11-17, 2008. The

displayed prices represent the typical patterns in the studied prices.

From Figure 3.1, differences can be observed in the patterns of the reserve and regula-

tion prices compared to the energy price. Generally speaking, all the studied reserve and

regulation prices feature more frequent and substantial jumps. One important observation

is that the reserve and regulation prices in the Ontario and New York markets tend to stay at

low and nearly constant values for a few hours or longer before they burst into high levels.

The ERCOTRR is smoother, but the fluctuation is still obviously larger than the energy

prices in the other two markets.

Observe that similar to energy prices, the reserve and regulation prices are also deter-

mined by the supply and demand of reserve and regulation services. The main factors in

the supply and demand characteristics that may contribute to this special pattern. First,

the demand for reserve services usually remains constant until some step changes occur.

The step changes result from the changes in system operation condition. Although the

reserve requirements, i.e., reserve demands, vary in different markets, generally they are

determined by the capacity of largest generation units or capacity loss in the most severe

contingency events. Demand defined in this way is different in nature from the energy

demand. The energy demand corresponds to the consumption of energy and continuously

varies all the time. In contrast, the largest generation unit and most severe contingency usu-
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Figure 3.1: Price plots in typical one week window
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ally remain the same until some non-frequent events occur, for example, planned or forced

capacity reduction of generation units and transmission lines. The constant parts in the

reserve demand can therefore explain the flat parts in reserve price plots. When the reserve

requirements are revised due to the events mentioned above or the manual adjustment by

the market operator, they usually change in a discrete way, thus leading the reserve price to

exhibit sudden jumps.

Second, the demand for reserve and regulation services is much less than the energy

demand. Thus, the change of a scheduled supply offer in the joint optimization procedure

can have a large impact on the supply curve for reserve regulation, while it has a lesser

impact on the energy supply curve.

Third, the supplies available in the reserve and regulation markets are affected by the

energy market as well. The reserve and regulation suppliers would consider the opportu-

nity cost when they bid. For example, when the energy price is expected to be high, the

generation suppliers tend to participate in the energy market and raise their bid of reserve

and regulation prices. The impact from the energy market implies that the energy demand

can also affect the reserve prices, as shown in Table 3.2. This partly explains the existence

of seasonality in the reserve and regulation prices. In fact, the seasonality of the reserve and

regulation prices have been checked by the Power Spectral Density (PSD) method [28,71].

The results for the Ontario 30-minute reserve price is presented in Figure 3.2 as an example.

The highest peak occurs around the frequency of 0.042 which corresponds to a period of 24

hours, representing the daily seasonality. There are peaks around the frequencies of 0.083

and 0.125 which are 2 and 3 times of the daily frequency which is 0.042. Another peak

appears around frequency of 0.006 which corresponds to the period of 168 hours, i.e., the

weekly seasonality. In addition, the peaks close to zero correspond to the annual seasonal-

ity. The PSD analysis shows that the reserve and regulation prices also have daily, weekly,

and annual seasonality which have previously been reported for energy prices [28, 31, 44].
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Figure 3.2: Power Spectral Density of the Ontario 30-minute operating reserve price

3.4 Characteristics of Reserve and Regulation Prices

Characteristics of the reserve and regulation prices are investigated in detail in this section.

Variability, price jumps and extreme prices, long-range correlation and non-linearity prop-

erties are discussed. Comparisons with energy price behavior are made where possible.

3.4.1 Variability

Hour-by-hour electricity market price variability is mainly driven by the load level and

the bid price of the marginal generator at each hour. Variability of electricity prices has

been measured by historical volatility and price velocity indices [23–25]. Electricity prices

have been reported to have higher variability than the prices in other markets such as,

stock market prices [23]. Thus, high variability is a distinguishable characteristic of energy
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prices. In this subsection, the variability in reserve and regulation prices are specifically

studied.

3.4.1.1 Relative Variation Index

As discussed in Chapter 2, historical volatility index (HVI) is calculated from price returns.

However, the standard definition of the price returns cannot be directly used in this study

because of the existence of zero prices. In the studied period, there are 83 zero prices

out of 49,704 observations in the ONR30, 11 zero prices out of 34,224 observations in

the NYR10s and NYR10n, and 1,082 zeros in the NYR30 price. Although not a very

large portion of the entire price process, the zero prices cannot be simply removed from

the sample because they are a part of the price processes. However, the zero prices limit

the effective and reliable deployment of the traditional volatility index, which is computed

based on the price returns.

To overcome this problem, the formula to compute the arithmetic return (2.2) is revised

by replacing the dominator with the daily average. The revised return is called relative

variation, and can be calculated as follows:

RVl(t) =
x(t)− x(t− l)

x(k)
(3.1)

where, x(k) represents the daily average of hourly prices for day k. The relative variation

calculates price changes with respect to the mean price in a day, while price return calcu-

lates price changes with respect to the price of a single hour. Thus, they both represent

the variation in price with respect to its own level. Following the computation of historical

volatility, in the next step the revised variation index is calculated based on the standard

deviation of RVl(t). The revised form of the HVI is named Relative Variation Index (RVI).

RVI is calculated as explained below. The standard deviation of RV over a time window is
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firstly calculated as:

σl,T (n) =

√∑n×T
t=(n−1)×T+1(RVl(t)−RV l,T (n))2

T − 1
(3.2)

where, σl,T (n) is the standard deviation of RV in the nth time window based on two param-

eters, i.e., the time lag l and the time window length T . RV l,T (n) is the average of RV (t, l)

in window n. The standard deviations σl,T (n), whose average is the RVIl, are calculated

for windows of T hours. The index RVIl basically follows the definition of the HVI, but

based on relative variation which is a revised form of price return, both of which represent

variability of prices.

Following the work in [23, 25], window length T = 24 is chosen for the present study.

In [25], the historical volatility index has been extended with different values of l. The

three cases l=1, 24, 168 used in [25] corresponds to intraday, inter-day, and inter-week

volatilities, respectively. These three cases are also chosen for RVI. The numerical results

are given later in this section.

3.4.1.2 Comparison of variability

The two classes of variability indices, i.e., the RVI proposed above and price velocity indi-

cies intorduced in Chapter 2, focus on different aspects of the variability. The price velocity

indices represent the relative absolute changes in prices with respect to the average price,

while the RVI represents the variation of the relative price changes. Both of these two

classes of variability indices are presented in this study in order to draw a more reliable

conclusion. Observe that standard deviation of prices quantify the variations of price over

a long period of time. However, price velocity indices quantify relative price fluctuations,

and the RVI quantifies the standard deviation of relative price fluctuations.

The RVI and price velocity index DVDA are calculated for the studied prices. The

values of the indices are shown in Table 3.3 compared between the energy prices and the

reserve and regulation prices in the rest of this section. In the two price velocity indices
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DVDA and DVOA, only the DVDA index is presented here because the results of the two

indices were found to be consistent for the studied prices.

Table 3.3: Variability of the prices in the studied markets
RVIl DVDAl

l 1 24 168 1 24 168
HOEP 0.2812 0.3828 0.4059 0.1778 0.3036 0.3760

ONR10s 1.0441 1.5473 1.9003 0.5058 0.8369 1.1005
ONR10n 1.3980 3.3923 3.8706 0.5566 1.3233 1.6341
ONR30 1.3844 3.2595 3.9201 0.5527 1.2858 1.6552
LBMP6 0.1083 0.0837 0.0967 0.0780 0.0995 0.1614
NYR10s 0.5051 0.4982 0.5813 0.2775 0.3509 0.4279
NYR10n 0.6264 0.5830 0.7424 0.3555 0.3555 0.5027
NYR30 0.5705 0.7062 0.8358 0.4327 0.4327 0.5608
NYReg 0.2498 0.2491 0.2655 0.1191 0.1458 0.1664

ERCOTRR 0.5190 0. 5062 0.6715 0.3236 0.3679 0.5517
ERCOTRU 0.6017 0.4386 0.6263 0.3750 0.2971 0.4703
ERCOTRD 0.5991 0.3956 0.5374 0.3593 0.2528 0.3944

Significantly greater variability can be observed in the reserve and regulation prices

compared to the energy prices in each of the Ontario and New York markets. This observa-

tion is consistent according to the two employed variability indices and all three time scales.

The higher levels of these indices indicate that both the relative price changes and the vari-

ation of relative price changes are higher for the reserve and regulation prices compared to

energy prices. Note that volatility of the Ontario energy prices are previously reported to be

highest among the other North American electricity market prices [25]. However, the stud-

ied reserve and regulation prices are, in general, significantly more volatile/variable than

the Ontario energy prices. Another comparison has been made between the price velocity

indices in Table 3.3 and the ones calculated in [24] for energy prices in fourteen electricity

markets. It can also be observed that the variability of all the studied reserve and regulation

prices expect NYReg is significantly higher.
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Note that the relatively frequent jumps along with the generally lower prices, compared

to the energy price, which can be observed in Table 3.1 and Figure 3.1, result in the higher

variability indices. In most of the days, a period of flat prices is usually followed by a

jump. This results in sharp changes in price variations and subsequently larger RVI values.

As discussed in Section 3.3.1, the relatively lower prices for the reserve and regulation

services are because of the lower cost of providing these services. Also, as discussed in

Section 3.3.2, the frequent jumps in the reserve and regulation prices are partly caused by

the step-changing nature of the demand for these services.

In [30], the daily tertiary reserve prices in the German market showed lower volatility

than the energy price. The large difference arises from the different market designs. Note

that hourly prices are studied in this chapter. Hourly uniform clearing prices are determined

based on the highest scheduled bid. On the other hand, the German tertiary reserve market

is a pay-as-bid market where suppliers are not paid by a uniform clearing price. The tertiary

reserve offers were cleared in blocks of hours and the price of each block is the weighted

average of all cleared offers. The daily tertiary reserve prices studied in [30] is the sum

of all block prices of a day [72]. The difference between the results of [30] and those

presented in this chapter may also attribute to the variation of generation resource used to

provide the tertiary reserve in the German market, compared to those markets studied here.

Comparing among the three markets, the Ontario market features the highest variability

level in energy and reserve prices. One reason contributing to this higher variability level

in the Ontario market originates from the market mechanism. As introduced in Section

3.2, the Ontario market is a single-settlement real-time market, and thus, only real-time

prices are available. For New York market, the reserves are procured through a competitive

market only in day-ahead, and in the ERCOT market, there is only a day-ahead market

for the studied reserve and regulation prices. Hence in these two markets, only day-ahead

prices are studied. The higher price variability in the Ontario market, compared to the
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day-ahead New York and ERCOT markets, is a direct result of the real-time scheduling in

Ontario [25].

The variability of prices corresponding to the three load levels, i.e., low, intermediate

and high, are also studied here. The methodology of converting the hourly prices into the

average daily prices is presented in detail in Section 3.3.1.

For each of the three time series, the variability is calculated. Only the results of RVI for

the Ontario market have been presented in Table 3.4, but the price velocity and variability

indices for the other two markets are also discussed. The values of time lag l in (3.1) and

(3.2) for this case are l = 1 and l = 7 correspond to daily and weekly price variations.

The general observation is that all the variability indices are lower for the low-load

hours compared to the other two load levels. For reserve prices, the intermediate-load

hours generally feature higher variability than the high-load groups. The reason is that the

intermediate-load group has a lower mean and extreme prices start to take place in this

group; thus, the relative price changes can be high. In all the markets it can be observed

that the reserve and regulation prices still feature higher variability compared to energy

prices, in each load level.

Table 3.4: RVI of the prices with respect to load levels in the Ontario market
Low Intermediate High Low Intermediate High

Price HOEP ONR10s
l=1 0.2424 0.3089 0.3176 0.3419 0.9318 0.8677
l=7 0.2825 0.3279 0.3509 0.3915 1.0032 0.9318

Price ONR10n ONR30
l=1 0.4085 1.2336 1.0157 0.4139 1.1192 1.0220
l=7 0.4993 1.3088 1.0836 0.4985 1.1857 1.1075
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3.4.1.3 Clustering of variability

Clustering of variability is a characteristic that the variability is greater during certain hours

of the day than the other hours. This characteristic is explored in this section for the studied

prices following the approach in [23, 25]. The clustered high levels of variability was

observed by a sensitivity study of the variability index HVI with respect to the hour of the

day in [23, 25]. Following Section 3.4.1.1, the revised form of HVI, i.e., the RVI index, is

used for the variability sensitivity study. First, price time series x is divided into 24 sub-

series, each sub-series xi containing the prices of hour i. The relative variation is calculated

for each sub-series xi as in (3.1). Here, the lag parameter l = 1 is picked to calculate the

relative variation between adjacent days. The standard deviation of relative variabilities for

each sub-series is then calculated based on (3.2) for seven-day time windows. The RVI

values for each hour are plotted in Figure 3.3.

From Figure 3.3, clustering property has been shown in the variability of all the studied

prices, but with different patterns. For all the energy and reserve prices in the three markets

plus the regulation up price in the ERCOT market, the RVI values are relatively high from

early morning until late evening. These hours are mainly the on-peak hours featuring high

energy demand and price. In these on-peak hours, the availability of generators to provide

ramping-up capacity is reduced because of the high energy demand. Operating reserves

and the regulation up service, both of which supply ramping-up capacity, also feature high

prices in these hours as a result of less available supplies for the ramping-up capacity and

higher opportunity cost of supplying this kind of capacity. Day to day price changes in

these high-price hours may vary a lot because the market clearing point is pushed toward

the steep part of the supply stack curve by the higher demand in these hours. In such case,

the RVI tends to be high because it is defined as the standard deviation of price changes.

The regulation down price in the ERCOT market, ERCOTRD, has relatively high vari-

ability from the midnight until early morning and relatively low variability in the other
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Figure 3.3: Volatility of hour-of-the-day in the studied markets
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hours. The reason is the lower available supply of this service in these hours. The en-

ergy demand is generally less from midnight until early morning. The low energy demand

requires less on-line generation capacity and thus the available ramping-down capacity is

lower than the on-peak hours [66]. In addition, during those hours, only baseload units are

normally available. Those units, however, are not well suited for providing fast ramping

services. Similar to the discussion in the previous paragraph on the high ramping-up ca-

pacity price and variability, the tight supply condition of the ramping-down capacity results

in high regulation down price with high variability. The regulation service in the New York

market accounts for both regulation up and down services. Thus, its price has a peak in the

morning hours as well as another peak in the late afternoon and early evening hours, which

are basically the ramping hours.

All the reserve and regulation prices appear to have a more pronounced variation in

their variability compared to the energy prices. This is generally due to their lower price

levels and higher sensitivity to changes in the market.

3.4.2 Jumps and extreme prices

A well-known characteristic of energy price is the sudden and extreme price changes in the

short time. The values of skewness and kurtosis in Table. 3.1 show that distributions of the

reserve and regulation prices tend to have longer right tail than the energy prices, implying

that more extreme prices exist in the reserve and regulation price processes, and the magni-

tude of the extreme prices are farther away from the mean of these prices. The existence of

price jumps and spikes has been recognized as a result of the limited storability and demand

elasticity in power systems [27]. The extreme price changes and the consequent high prices

is a very important issue in energy price modelling and forecasting literature [26], [73,74],

and is the main source of inaccuracy of price models.

In this subsection, focuses are specifically put on two aspects of jumps. First, the fre-
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Table 3.5: Price jump frequency for the studied prices
Price fjump Price fjump Price fjump

HOEP 0.0168 LBMP6 0.0129 ERCOTRR 0.0165
ONR10s 0.0251 NYR10s 0.0212 ERCOTRU 0.0182
ONR10n 0.0291 NYR10n 0.0155 ERCOTRD 0.0222
ONR30 0.0289 NYR30 0.0245

NYReg 0.0256

quency of the price jumps are studied, second, it will be shown extreme prices for reserve

and regulation do not necessarily coincide with high energy prices.

3.4.2.1 Price jumps

The jumps in prices are identified by the jump filtering algorithm introduced in Section

2.2.2. The jump frequencies are then calculated as the ratio between the number of jumps

and number of observations in the price process, i.e., the length of the price time series.

The jump frequencies of the studied prices are shown in Table 3.5.

From Table 3.5, the reserve and regulation prices tend to have more frequent jumps

compared to energy prices in the Ontario and New York market, while in the ERCOT

market the jump frequencies are lower but still significant. As analyzed in Section 3.3.2,

the reserve requirements tend to have step changes and result in jumps in reserve prices.

Furthermore, the discrete variation in reserve requirement may be relatively large when

the system operating condition changes. For example, on September 7, 2003, the total

operating reserve requirement in the Ontario market increased from 1,580MW to 2,350MW

[3]. This increase was a result of an outage of a transmission line. During the outage, two

nuclear units were connected to the system by a single transmission line, which increased

the capacity loss of the largest single contingency and therefore the reserve requirement

increased. Significant changes in reserve requirement, i.e. reserve demand, can therefore

cause high reserve prices and form price jumps.
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It is noticed that in each case the frequency is much higher than 0.0015, which is the

probability of being outside the confidence interval of three standard deviations for obser-

vations drawn from a Normal distribution. This observation implies that the price changes

of all the studied prices have a heavy right tail, while the reserve and regulation prices

generally have a heavier right tail compared to the energy prices.

3.4.2.2 Occurrence of extreme prices

The objective of this section is to check if the extreme prices occur simultaneously in

energy, reserve and regulation prices. In this study, extreme prices are defined as rarely

occurred extremely high prices. Since the extreme prices do not tend to last for long time,

they usually appear as price spikes. The ERCOT market is not included because its energy

price is not studied in this work.

In the Ontario market, the threshold to detect extreme abnormal prices in the energy

price is $200/MWh in Canadian dollars. However, in the studied period, only 207 out of

49704 hours are extreme price hours, which is only 0.42% of the data. To better illus-

trate the characteristic of the occurrence of extreme prices, the threshold of identifying

extreme prices is set to the 98% percentile of the studied prices. That being said, the high-

est 2% of prices are recognized as extreme prices in each studied price time series. For the

prices studied in the Ontario market, the thresholds are at $141.23, $28.16, $27, and $24.72

CAD for HOEP, ONR10s, ONR10n, and ONR30, which are 266.6%, 587.2%, 960.1%, and

977.1% of their corresponding mean values, respectively.

The occurrence of extreme values in the studied prices are determined and compared

for the Ontario and New York markets. It was found that, the occurrence time of extreme

prices in the energy price and reserve prices are significantly different. The HOEP shared

no more than 19% occurrence time with the reserve prices. The three types of reserve

prices share more than 70% occurrence time with each other, that is, in 70% of the hours
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where there is an extreme price in one reserve price, prices also suffer extreme values in the

other two classes of reserves. In the New York market, the extreme reserve prices coincide

with extreme energy prices shares for about 20% of the hours, similar to that of the Ontario

market.

One reason behind this difference may be that the supply bidding in the energy and

reserve markets are different. Generation suppliers such as Hydro-electric in the Ontario

market may bid a high price in the energy market while bidding a low price in the reserve

market as a backup. Thus, in case the supplier is not scheduled in the energy market, the

reserve market bidding can be scheduled and gain revenue [3]. Another reason lies in the

difference of the energy and reserve demands. Take the Ontario example in Section 3.4.2.1

again, on September 7, 2003, the reserve demand was raised significantly and as a result

the reserve price reached extreme value. However, in these hours the energy price was

normal because the energy supply and demand were basically not affected [3]. The different

impacts on energy and reserve prices are due to the fact that energy price is determined by

energy demand and available generation capacity at the current moment, but the reserve

requirement, and thus the reserve price, is affected by the capacity loss caused by possible

future contingencies.

However, observe that since the extreme prices are defined as the top 2% of prices,

the above analysis is only focusing on these rarely appeared high prices. As observed in

the price plots, the reserve and regulation prices mainly follow the up and down trend of

the energy prices in an overall sense, driven by the marginal unit providing the last MWh

of generation at that time. Factors that are driving forces of energy prices, including fuel

price, demand and unexpected contingencies in the energy market, would generally affect

the regulation and reserve prices as well.
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3.4.3 Long-range correlation and non-linearity

The detrended fluctuation analysis (DFA) introduced in Chapter 2 is applied to the studied

prices. The generalized Hurst exponent Hp,q for the studied markets are shown in Table

3.6 with p = 1 and q = 2 which is the standard form of DFA. The number of significant

digits is selected based on the scale of the presented values. It has been observed that

the slopes (the values of Hp,q) are different for the electric energy price with time scales

that are shorter than one day (i.e. intraday) and longer than one day (i.e. inter-day) [29].

Thus, the Hp,q of intraday and inter-day time scales are computed separately since there

is a pronounced difference between them in all studied prices. Generally speaking, in this

table, the scaling exponents are all greater than 0.5 and smaller than 1.5, indicating the

existence of persistence as well as randomness in the studied prices. In previous research,

the Hurst exponents obtained for the energy price returns were less than 0.5, indicating

a mean-reverting property in the energy price because a drop trend tends to occur after a

positive price change [28]. However, in this study the Hp,q for price itself, rather than price

change, is calculated. In this case, the Hurst exponent less than 1.5 is consistent with the

cases where the Hurst exponent is less than 0.5 for price change [29].

The reserve and regulation prices basically have smaller Hp,q compared to energy price

in the studied markets, and are smaller than the Hp,q of the energy prices shown in [29].

Although smaller than the energy price, the Hp,q of reserve prices are also significantly

greater than 0.5, which indicate that they are predictable, since the values in the future

are not totally random, i.e. they are correlated to the past prices. On the other hand, the

smaller Hp,q compared to the energy prices imply that the reserve and regulation prices

are more difficult to predict. The low predictability also relates to the greater dispersion in

heat-rates and variable generation costs in those units supplying the reserve and regulation

services. Besides, the Hp,q of both energy and reserve prices are generally higher in the

New York market compared to the Ontario market, implying the better predictability in the
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Table 3.6: Hp,q in the studied markets
Price HEOP ONR10s ONR10n ONR30

Intraday 1.1088 0.7601 0.7944 0.8180
Inter-day 0.9172 0.8288 0.8457 0.8771
ρDFA 0.2995 0.5810 0.8881 0.8390
Price LBMP6 NYR10s NYR10n NYR30

Intraday 1.4309 1.2457 1.3234 1.1376
Inter-day 1.0588 0.9542 0.8975 0.9422
ρDFA 0.1720 0.2269 0.5591 0.5418
Price NYReg ERCOTRR ERCOTRU ERCOTRD

Intraday 0.8890 1.1330 1.1472 0.7724
Inter-day 0.9692 0.7800 0.8107 0.8508
ρDFA 0.3597 0.5555 0.3610 0.5191

day-ahead market. Moreover, the intraday and inter-day Hurst exponents are different for

all the studied prices, indicating different dynamics in these prices in intraday and inter-day

time scales [29].

The DFA analysis can be extended to measure the non-linearity of a time series. When

multifractility (non-linearity) exists in the studied time series, the Hp,q computed from

the DFA will be sensitive to the norm parameter q. Thus, non-linearity can be detected

from the DFA analysis. The sensitivity of Hp,q with respect to q has been used in [29]

to detect the non-linearity of a price time series. The non-linearity index is computed as

ρDFA = Hqmax−Hqmin
. This represents the difference in scaling behaviors of the segments

with fluctuations of different scales [58].

In Table 3.6, the sensitivities are studied for the Ontario and New York market prices.

In the present work, qmin=0.1 and qmax=20 are picked following [29]. The results shown

in this Table 3.6 indicate that all the studied prices are non-linear. From the table, the sen-

sitivity is obviously more substantial in most studied reserve and regulation prices, demon-

strating greater multifractality or non-linearity in these prices. This observation is not sur-

prising after the high variability as well as the frequent and severe jumps are detected in
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these prices. The results in Table 3.6 imply that linear time-series models are less adequate

and non-linear models are preferred for modelling and forecasting reserve and regulation

prices.

3.5 Conclusion

In this chapter, various statistical measures have been implemented to investigate the char-

acteristics of reserve and regulation prices in three North American markets. Particularly,

price variability has been analyzed using a variant of historical volatility and price velocity.

Moreover, price jumps and extreme prices, long-range correlations and non-linearity have

also been investigated. These characteristics have been compared with those of energy

prices where possible.

In general, the studied reserve and regulation prices featured lower price levels, larger

dispersion and different patterns compared to the energy prices. The variability was signif-

icantly higher in reserve and regulation prices compared to that of energy prices in all the

studied time horizons, i.e., hourly, daily, and weekly variability. Also, a clustering property

was observed for the studied prices, i.e., high variability tends to occur continuously over a

certain period during a day. The observed variability implies that the changes in the power

supply, including the hour-to-hour changes in costs of providing the energy and ancillary

services, and availability of generators, have a significant effect on the prices of energy and

ancillary services.

The descriptive statistics and variability studies have also been applied to reserve and

regulation prices for low-, intermediate- and high-load hours. It was observed that the

studied prices had greater mean, dispersion and variability during intermediate-load hours,

compared to high-load hours. This observation indicates that while demand level influences

the variability of prices, it is not the only factor in price variability of reserve and regulation
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services. Other factors, such as change in system operation conditions and the ability of the

system to respond to those changes, also impact the variability of reserve and regulation

prices.

It was also found that the studied reserve and regulation prices had more frequent jumps

and extreme prices. Furthermore, jumps in the prices of reserve, regulation and energy

markets did not necessarily occur at the same time. In addition, compared to energy prices,

lower long-range correlation and higher non-linearity were detected in the reserve and regu-

lation prices. It has also been observed that seasonal cycles and the positive auto-correlation

exist in the reserve and regulation prices.

The statistical characteristics of the reserve and regulation prices were found to vary

across the three studied markets. The observed differences are mostly driven by the struc-

ture and design of the markets. For example, the Ontario market features higher variability

due to its real-time-only market settlement mechanism and relatively low prices partly due

to the larger share of hydro and nuclear generation in Ontario. The regulation prices of

New York and ERCOT markets have largely different mean levels because of the different

definitions of regulation services in these two markets.

Generally speaking, the higher variability as well as the more frequent and substantial

jumps in the reserve and regulation prices imply the greater difficulty in modelling and

forecasting these prices compared to energy prices. This observed variability also implies

that hour-to-hour changes in the fuel types, technologies and availabilities of the electric

generators that set market prices for energy, reserves and regulation services have a sig-

nificant effect on prices, which is difficult to capture in retrospective statistical analyses.

Nevertheless, this study illuminates important differences in these prices in the three mar-

kets analyzed in this chapter. The findings in this chapter can provide useful information

to market participants in their operation and planning. The characteristics of the reserve

and regulation prices are helpful to building models for these prices, which are presented
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in Chapter 4 and Chapter 5.
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Chapter 4

Modelling Reserve and Regulation Prices in Competitive

Electricity Markets 1

4.1 Introduction

Stochastic models are important tools for risk management and pricing of financial prod-

ucts. In this chapter, two classes of models, i.e., the mean-reverting jump-diffusion (MRJD)

model and the Markov regime-switching (MRS) model, are selected for modelling reserve

and regulation prices. Three models from these two classes, which have been found to be

most effective in modelling prices with spikes and time-varying volatility, are applied to

the daily average reserve and regulation prices. Performance of these stochastic models are

compared to find the most appropriate model for these prices.

The rest of this chapter is organized as follows. In Section 4.2, the studied daily prices

are introduced, and their descriptive statistics are discussed. Also, some descriptive statis-

tics and the patterns of the studied data are analyzed in this section. The selection of models

is presented in Section 4.3. In Section 4.4, the model simulation procedures are introduced

and numerical results are discussed. The calibration results of the three selected models are

displayed and analyzed in Section 4.5. The performance of the three models are compared

in Section 4.6. Finally, a summary of the work and its main findings are provided in Section

4.7.
1Part of the findings of this chapter have been submitted to IEEE Transactions on Smart Grid
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4.2 The studied data

In this chapter, descriptive stochastic models are fit to the prices of operating reserves and

regulation service in the Ontario real-time market and New York day-ahead market. Models

are also built for energy prices in the same markets for comparison purposes. The studied

prices and their basic descriptive statistics are presented and analyzed in the rest of this

section.

4.2.1 The data studied

The daily averages of reserve and regulation prices in the Ontario and New York electricity

markets are studied in this chapter. In the Ontario market, the daily average prices of

operating reserves is studied in the period of May 1, 2002 to December 31, 2007. The

prices for the 10-minute spinning reserve, 10-minute non-spinning reserve and 30-minute

operating reserve are denoted as ONR10s, ONR10n and ONR30, respectively. The energy

price is denoted as DOEP, which stands for daily Ontario energy price.

In the New York market, models are applied to daily average prices in the time frame

from February 5, 2005 to December 31, 2008. Following the work in Chapter 3, the prices

studied include reserve prices in the East reserve region, regulation price, and energy price

of zone 6. The 10-minute spinning reserve, 10-minute non-spinning reserve and 30-minute

reserve prices are denoted as NYR10s, NYR10n, NYR30, respectively. The regulation

price is denoted as NYReg, and the energy price of zone 6 is denoted as LBMP6.

4.2.2 Descriptive statistics of the studied data

The studied daily prices are the equally weighted averages of 24 hourly prices of each

day. Daily prices have been examined in most of the existing literature that focused on

modelling energy prices in electricity market, such as [26, 33, 34, 38–42]. Note that taking

daily average will remove negative and zero prices and thus, the logarithmic transformation

64



can be directly applied to the prices in model building stage.

Mean, standard deviation (STD), median, maximum, skewness and kurtosis of the daily

energy, reserve and regulation prices in the studied markets are shown in Table 4.1. The

statistics of the corresponding hourly prices are also presented for the convenience to com-

pare them. The prices names in Table 4.1 that start with ”D” are daily prices, while the

ones that start with ”H” are hourly prices. Sample plots of studied reserve prices are dis-

played in Figure 4.1, and Daily average Ontario energy prices (DOEP) are also shown for

comparison purposes. The time frame of the sample plots for Ontario market is January 1

to December 31, 2003, and is January 1 to December 31, 2007 for the New York market.

The prices are in Canadian dollars for the Ontario market and US dollars for the New York

market. Both dollars are represented as $ for simplicity in presentation.

The statistics of the daily prices in Table 4.1 show consistencies with the statistics

of the hourly prices. The mean levels of all the studied daily prices are the same as the

corresponding hourly prices, because the daily prices are the equally-weighted averages

from hourly prices. The differences between the daily energy prices and the daily prices of

reserve and regulation services are consistent with those for the hourly prices. The reserve

prices present greater dispersion, as their STD/mean ratios are generally higher than those

of energy prices. Higher skewness and kurtosis values in reserve prices further demonstrate

that the reserve prices are more dispersive than energy prices. Positive skewness values

indicate that the distributions of the prices have longer right tails, which implies existence

of high prices and spikes. It can also be observed from the sample plots in Figure 4.1 that

the reserve prices feature more frequent and extreme spikes, while the energy price process

is smoother. The maximum of the prices in Table 3.1 also confirm that reserve prices have

more extreme spikes. For example, the maximum of ONR10s is 65.17 $/MWh which is

over 17 times of its median, while the maximum of DOEP is 220.32 $/MWh, which is

about 4.5 times of its median.
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Table 4.1: Descriptive statistics of daily and hourly prices in the Ontario and New York
markets (All prices with unit $/MWh)

Mean STD Median Max Skewness Kurtosis
DOEP 53.18 20.87 49.32 220.32 2.08 11.05
HOEP 53.18 33.48 44.54 1028.40 5.09 76.72

DONR10s 4.87 4.34 3.74 65.17 3.82 33.02
HONR10s 4.87 10.94 3.17 660.01 25.64 1148.6
DONR10n 2.81 4.02 1.33 58.13 4.02 33.77
HONR10n 2.81 10.11 0.28 646.36 25.51 1173.7
DONR30 2.53 3.45 1.33 43.48 3.46 24.43
HONR30 2.53 8.50 0.26 478.50 22.17 911.42
DLBMP6 75.17 21.17 70.56 191.65 1.35 5.61
HLBMP6 75.17 28.98 70.87 430.74 1.69 10.18
DNYR10s 8.27 4.75 6.85 38.80 2.14 8.41
HNYR10s 8.27 8.82 7.00 171.27 2.39 14.84
DNYR10n 2.55 1.73 2.34 34.59 6.83 110.05
HNYR10n 2.55 3.08 2.93 171.27 16.17 626.68
DNYReg 52.03 14.80 52.17 119.73 0.15 4.49
HNYReg 52.03 25.08 45.00 300.00 3.25 26.21

On the other hand, the statistics in Table 4.1 show differences between daily and hourly

prices. The dispersion in the daily prices are generally lower than these of the hourly prices,

demonstrated by smaller standard deviation, maximum, skewness and kurtosis. Therefore,

the daily prices are smoother compared to hourly prices. This is as expected because the

hourly high and low prices in the same day will offset each other when daily average is

taken.

4.3 Selection of models

In this chapter, three models that have been introduced in Chapter 2 are applied to the

studied daily prices. The three models are the mean-reverting jump-diffusion (MRJD)

model with independent jump component, a Markov regime-switching (MRS) two-regime
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Figure 4.1: Sample price plots of the studied prices. (a) Ontario R10s, (b) New York R10n,
(c) Ontario DOEP.

base-spike (BS) model with shifted spike, and a MRS three-regime base-spike-drop (BSD)

model with shifted spike and shifted drop.

4.3.1 MRJD model

The first model is the MRJD model with independent jump/spike component. In this MRJD

model, the spikes are modelled by an independent jump component so they do not distract

the mean-reverting rate of the normal price process. As analyzed in Chapter 3, the reserve

and regulation prices feature frequent and extreme jumps. Therefore, the MRJD model

with an independent jump component is selected as a candidate model. The mathematical
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equation of this model is presented in (2.14) in Chapter 2. The jump occurrence is modelled

by a Poisson process and the jump size is modelled by a Log-Normal distribution.

4.3.2 MRS two-regime base-spike model

The second selected model is the MRS two-regime BS model with shifted Log-Normal

distribution for the spike regime. The MRS two-regime BS model captures spikes with

a separate and independent spike regime. The base-regime is used to model the more

moderate and smooth price process, i.e., the normal state of the price. The two regimes

are independent of each other, and price can transit between the regimes with a certain

probability. With this model, spikes can stay in the spike regime in the next time interval

with a probability. This allows consecutive spikes or high price, which have been observed

from price plots in Figure 4.1. In addition, the shifted Log-Normal distribution for the spike

regime ensures that the spike regime does not capture low prices. Therefore, the MRS two-

regime BS model with shifted spike regime is selected as another candidate model. The

mathematical expression of this model is presented in (2.26) in Chapter 2.

4.3.3 MRS three-regime base-spike-drop model

It has been observed that when logarithmic transformation is performed on low prices,

drops or negative spikes may be generated. The Cumulative density function (CDF) of the

log de-seasonalized daily ONR10s is shown in Figure 4.2 as an example. This figure shows

that the price has an obvious left tail which indicates there are drops in the price process.

The three-regime base-spike-drop (BSD) model introduced in Chapter 2 separates drops

from base regime, and thus could yield better modelling accuracy. In addition, the shifted

Log-Normal distributions for the spike and drop regimes ensure that the spike regime only

captures high prices and the drop regime only captures low prices. Therefore, the other se-

lected candidate model is the three-regime base-spike-drop (BSD) MRS model with shifted
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Figure 4.2: CDF curve of log de-seasonalized daily ONR10s

spike and drop regimes. The mathematical expression of this model is presented in (2.27)

in Chapter 2.

4.4 Model calibration and performance measure

In this section, the employed model calibration procedures are demonstrated. The measures

to evaluate performance of various models are also presented.

4.4.1 Model calibration

In the model calibration step, the parameters of the stochastic models are estimated using

the observations, i.e., the historical data of the studied prices. Since the models are used

to describe the stochastic components of the prices, deterministic components are firstly

identified and removed.

As reviewed in Chapter 2, deterministic component of a price in the electricity market
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usually include a long term linear trend and seasonal components. The linear trend captures

the long term price evolution in the market, and is detected by fitting a first order polynomial

function to the prices. As presented in Chapter 3, there are daily, weekly, and annual

seasonality in the prices in electricity market. The daily prices do not have daily seasonality

which is intra-day pattern, so only weekly and annual seasonal components are to identified

in these prices. The weekly seasonal component is determined using a moving average

technique, while the annual seasonal component is represented by a sinusoidal function

with a period of 365 days. The methodologies of calculating weekly and annual seasonal

components are given in Chapter 2.

The stochastic models are then applied to the stochastic component. Model parameters

are estimated with maximum-likelihood estimation (MLE). This estimation methodology,

introduced in Chapter 2, finds the set of parameters that maximizes the likelihood function.

The likelihood function reflects the overall probability density that every observation is

generated by the model which is defined by a set of estimated parameters.

4.4.2 Goodness of fit

Measures based on log-likelihood function are widely used to evaluate goodness of fit of

models for energy prices (e.g. [37,38,40,41,75]). In this thesis, the log-likelihood functions

from model calibration are also used as an indicator of goodness of fit.

In addition to likelihood function, another popular way is to conduct an in-sample sim-

ulation which generates price trajectories using the calibrated models [33,40,41]. With the

given first observation, the simulation generates the next observation using Monte-Carlo

method, i.e., the price of next day, using the models with the estimated parameters. The

simulation is terminated when the length of the trajectory reaches the length of the original

price. For example, for an Ontario price which contains 2071 observations, the simulation

uses the price of the first day as a starting value, and generates prices of the rest 2070 days.
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In this thesis, 1000 price trajectories are simulated for each model and each price.

Several statistical measures are selected to evaluate how the price trajectories capture

the distribution of the corresponding original price. Moments and percentile based mea-

sures specifically focus on distribution and dispersion captured by the model [33,41]. In the

present work, the mean and standard deviation of the prices are selected as moment-based

measures for the comparison. The higher order of moments, such as skewness and kurtosis,

are not calculated as they are sensitive to few large spikes, but the main focus of this work

is to compare the overall distributions. With this main focus in mind, in addition to the two

moment-based measures, two other distributional measures, the interquartile range (IQR)

and the interdecile range (IDR), are used to compare the performance of the models. These

two quantile-based measures have been used in other similar studies [41]. IQR is defined

as the difference between the third and first quartiles, which are 75% and 25% percentiles,

respectively. IDR is defined as the difference between the 9th decile and first decile, which

are 90% and 10% percentiles, respectively. IQR and IDR represent the dispersion of the

studied prices.These four measures above are applied to the actual price and simulated price

trajectories. Deviations of each measure are calculated between the actual prices and each

of the 1,000 price trajectories. The average deviations are reported for each model.

4.5 Model calibration results

As discussed in Section 4.4, before model calibration the deterministic components are

first removed from the prices, including linear trends and annual and weekly seasonality.

Logarithmic transformation is then applied and log prices of the stochastic components are

generated. The models are calibrated to fit the log prices of the stochastic components.

All the simulation results in this chapter are based on log prices. Thus the units are not

included in the discussions in the rest of this chapter.
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Table 4.2: Estimated parameters of the MRJD model with Log-Normal jumps
Ontario DOEP ONR10s ONR10n ONR30

β 0.2012 0.3248 0.2631 0.2761
µ 4.0336 1.6345 1.2661 1.1407
σ 0.1772 0.3832 0.4306 0.4393
µj 1.5956 1.0866 0.9166 0.8812
σj 0.0673 0.2080 0.2999 0.2990
λ 0.0048 0.0087 0.0121 0.0101

Log L 643.9 -960.4 -1204.6 -1243.5
New York LBMP6 NYR10s NYR10n NYReg

β 0.0585 0.2189 0.1671 0.1211
µ 4.2587 1.8041 0.9322 3.7126
σ 0.0902 0.3386 0.2325 0.1414
µj 1.5576 1.1087 0.6452 1.4475
σj 0.0325 0.1699 0.2271 0.0573
λ 0.0049 0.0063 0.0126 0.0119

Log L 1414.5 -482.0 61.2 764.9

4.5.1 MRJD model with independent jump component

For the MRJD model with independent jump/spike component, the first step of the cali-

bration is to apply the jump filtering algorithm, reported in Chapter 2 to separate the jump

component from normal prices. The mean-reverting process parameters are then estimated

to fit the normal price process, and the jump sizes are fit to the Log-Normal distribution.

The parameters and the log-likelihood functions of this MRJD model are presented in Table

4.2.

Parameters β, µ and σ belong to the mean-reverting process in (2.14). λ is the probabil-

ity of the occurrence of jumps. µj and σj are the parameters of the Log-Normal distribution

for the jump size. Log L is the value of log-likelihood function. A higher log-likelihood

function indicates the model better fits the stochastic component of the price series. Note

that the energy prices generally have much higher log-likelihood function than reserve

prices, which implies the reserve prices are more difficult to model.
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From these results, the fundamental characteristics of the reserve and regulation prices

are captured by the estimated MRJD model. For instance, the positive mean-reversion rates

β in Table 4.2 indicate that the mean-reversion property of the prices has been captured

by the model. Price with mean-reversion property tends to go back to their long-term

mean when it is off that level. The sample prices plotted in Figure 4.1 clearly show this

property of the studied prices. Moreover, the non-zero λ values show that the model has

also detected jumps in the prices. As presented in Section 2.4.1, the mean of the jump

component can be calculated as exp(µj + σ2
j/2), which gives 4.9424, 3.0291, 2.6158, and

2.5242 for DOEP, ONR10s, ONR10n and ONR30, respectively. In the New York market,

the mean of the jump components are 4.7501, 2.8098, 1.9562, and 4.2594, for LBMP6,

NYR10s, NYR10n, NYReg, respectively. The mean of the jump component is higher than

µ, the mean of the mean-reverting component, for all prices, which is as expected.

The primary differences between the characteristics of energy and reserve/regulation

prices are also captured by the estimated MRJD models. Firstly, the mean values estimated

for reserve prices are obviously lower than the energy prices. This is consistent with actual

energy and reserve/regulation prices. Secondly, in Section 4.2.2, higher variability have

been observed in reserve and regulation prices. The calibration results in Table 4.2 also

show that the daily reserve and regulation prices, although smoother than hourly prices,

still exhibit features of higher variability than energy prices, quantified by volatility pa-

rameter σ. In addition, the calibration results indicate that the spikes in reserve prices are

more extreme compared to the energy prices, as revealed by the values of µj versus µ.

This observation is consistent with the discussion in Section 4.2.2. The standard deviation

parameter σj also appears to be higher than that of the energy prices, which indicates the

spikes of reserve prices fluctuate more strongly than spikes in energy prices.
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Table 4.3: Estimated parameters of the MRS two-regime BS model with shifted Log-Nor-
mal spike regime

Ontario DOEP ONR10s ONR10n ONR30
βb 0.2262 0.3744 0.2850 0.1911
µb 4.0053 1.5466 1.1824 1.0443
σb 0.1654 0.3612 0.4010 0.4046
µs -0.4800 -0.3885 0.0581 0.0298
σs 0.3675 0.5233 0.3465 0.3756
TS 4.0119 1.6134 1.2578 1.1198

Probs 0.0625 0.1464 0.1072 0.1168
Log L 782.7 -768.0 -959.6 -985.0

New York LBMP6 NYR10s NYR10n NYReg
βb 0.0561 0.2763 0.1771 0.1200
µb 4.2540 1.7008 0..8723 3.6723
σb 0.0875 0.3115 0.2088 0.1320
µs -0.6272 -0.0896 -0.3165 -0.9286
σs 0.3681 0.4178 0.3755 0.3808
TS 4.2233 1.7237 0.9166 3.7322

Probs 0.0116 0.1302 0.1034 0.1241
Log L 1443.6 -363.9 194.3 870.4

4.5.2 MRS two-regime BS model

The MRS models are estimated using the Expectation-Maximization (EM) method which

has been presented in Chapter 2. For this class of models, the detection of spikes is inte-

grated in the parameter estimation of the regimes. The MRS models studied in this thesis

deploy a mean-reverting process for the base regime, which represents the normal state

of prices. The parameters and log-likelihood functions of the MRS two-regime BS model

with shifted spike regime are displayed in Table 4.3.

In Table 4.3, subscript b designates base regime, and subscript s designates spike regime.

βb, µb and σb are the parameters of the mean-reverting process that models the base regime.

µb and σb are parameters of the Log-Normal distribution that models the spike regime.

Probs is the unconditional probability that the price resides in the spike regime, i.e., the

steady state probability of the Markov chain for the spike regime.
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The mean-reversion property of all the studied prices are presented by the positive val-

ues of the mean-reversion rate parameter βb. For the spike regimes, as introduced in Section

2.4.2.1, the mean implied by the model are calculated by TS+exp(µs+σ2
s/2). Therefore,

the implied mean of the spike regime are 4.7202, 2.5050, 2.4528, and 2.3016 fore DOEP,

ONR10s, ONR10n, and ONR30, receptively. And the implied mean of spike regime are

4.8349, 2.8123, 1.7557, and 4.1890 for LBMP6, NYR10s, NYR10n, and NYReg, respec-

tively. The mean of the spike regime are all higher than the mean of the base regime,

µb, as expected. The parameters in Table 4.3 show that this model also captures the main

characteristics of the studied prices, including the mean-reversion property and spikes.

The results presented in Table 4.3 also show that the MRS models captures the basic

differences among of the studied prices. The energy prices have higher mean in both base

and spike regimes, which are generally above 4 while the mean of reserve prices are gen-

erally below 3. On the other hand, the reserve and regulation prices generally have higher

volatility σ than energy prices in both regimes. For example, the base regime volatility

σb of Ontario reserve prices are all above 0.3, whereas σb is 0.1654 for DOEP. The steady

state probabilities of the spike regime, Probs, are also generally much higher in reserve

and regulation prices, which indicate that spikes are more frequent in these prices when

compared to the energy prices.

Although both the MRJD model and the MRS BS model capture the main character-

istics of the prices, the two models perform differently in the identification of the excited

state, which is the jump state or spike regime. The occurrence probability of spikes is higher

in the MRS model compared to λ in the MRJD model which is the probability of jumps.

The main reason is that the MRJD model filters jumps only, whereas the spike regime of

the MRS model captures all prices that are significantly higher than the normal state. The

MRJD model filters the jumps by price changes rather than prices themselves. For exam-

ple, if the price jumps significantly to a high level and stays the same for a few days, the
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price change will only become large in the day when the jump occurs, and it will stay at 0

in the days that the price does not change. Therefore, only the price after the jump will be

captured by the jump component in the MRJD model, and the subsequent high prices will

be identified to be in normal state. The MRS model, on the other hand, tends to identify

all these high prices to be in spike regime. Moreover, the two models identify the excited

states, i.e. jumps or spike, in different ways. In the MRJD model the jumps are detected

by a pre-specified threshold. However, in MRS model the spikes status is represented by

a Markov Chain and determined by overall likelihood. In other words, the MRJD model

has a fixed threshold for classifying normal prices and jumps. However, the MRS model

applies optimization to determine if a price is in spike regime.

From Table 4.2 and 4.3, one can observe that the log-likelihood functions of the MRS

model tends to be slightly higher than the ones of MRJD model for most prices. This

indicates that the MRS model generally outperforms MRJD model for the studied prices.

Further comparison of goodness of fit is presented in Section 4.6. Reserve and regula-

tion prices generally see a more substantial increase in their log-likelihood functions when

switching from MRJD model to MRS model. This observation implies that the MRS model

outperforms the MRJD model more when applied to reserve and regulation prices, and thus

is a more appropriate model for these prices.

4.5.3 MRS three-regime BSD model

The MRS three-regime BSD model with shifted Log-Normal spike and drop regimes is

calibrated for the studied prices and the estimation results are shown in Table 4.4. The

parameters of the base, spike, and drop regimes represent the main characteristics in each

regime. Similar to the MRS BS model in Section 4.5.2, the MRS BSD model aslo captures

the main characteristics in the prices such as mean-reverting property and existence of

spikes. The differences between the energy prices and the reserve and regulation prices are
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Table 4.4: Estimated parameters of the MRS three-regime BSD model with shifted
Log-Normal spike and drop regimes

Ontario DOEP ONR10s ONR10n ONR30
βb 0.3057 0.4192 0.3683 0.3537
µb 4.0021 1.5596 1.2467 1.1022
σb 0.1502 0.3078 0.3158 0.3263
µs -0.6291 -0.3911 -0.0254 -0.0485
σs 0.4020 0.5021 0.3685 0.3969
µd -0.6985 0.0193 -0.3256 -0.3521
σd 0.4078 0.4251 0.6211 0.6155
TS 4.0119 1.6134 1.2578 1.1198
TD 4.0119 1.6134 1.2578 1.1198

Probs 0.1068 0.1734 0.1529 0.1609
Probd 0.0509 0.0379 0.1421 0.1383
Log L 926.6 -450.8 -593.3 -641.5

New York LBMP6 NYR10s NYR10n NYReg
βb 0.0564 0.3299 0.3117 0.3400
µb 4.2668 1.6720 0.9009 3.7101
σb 0.0852 0.2566 0.1799 0.1023
µs -0.6191 -0.2341 -0.5588 -1.1554
σs 0.3620 0.4473 0.4450 0.4862
µd -0.7093 -0.3932 -0.5214 -0.6730
σd 0.1845 0.4424 0.2926 0.3107
TS 4.2233 1.7237 0.9166 3.7322
TD 4.2233 1.7237 0.9166 3.7322

Probs 0.0117 0.2131 0.1948 0.2271
Probd 0.0337 0.0629 0.1276 0.1750
Log L 1418.9 -131.0 386.7 1034.0

also captured. The analyses are similar to those in Section 4.5.2 so they are not repeated

here.

In the BSD model, the differences among the three regimes are also correctly captured.

Since the spike and drop regimes are modelled by Log-Normal distribution, as introduced

in Section 2.4.2.2, the implied mean is TS + exp(µ + σ2/2) for the spike regime, and

TD − exp(µ+ σ2/2) for the drop regime. For all the studied prices the mean of the spike

regimes are higher than the base regimes, and the mean of the drop regimes are lower than
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the base regimes. Moreover, from Table 4.4 it can be observed that the base regimes have

the lowest volatility parameters σ among the three regimes. It is reasonable that the spike

and drop regimes have higher volaitility because they capture the most extreme high and

low prices, which contain positive and negative jumps.

The log-likelihood functions in Table 4.4 are higher than those in Table 4.2 and 4.3 in

most of the studied prices. The only exception is the energy price in the New York market,

for which the log-likelihood function of the BSD model is slightly lower than that of the BS

model. The generally higher log-likelihood functions indicate that the three-regime BSD

model yield the best overall fit among the three models.

Although similar in structure, the parameters of the three-regime BSD model show dif-

ferences compared to the two-regime BS model. In the BSD model, the volatility parameter

of the base regime σb are generally lower in all the studied prices. In the BS model only the

spikes are taken away from base regime. However, in the BSD model the low price drops

have also been taken away from the base regime, and thus only the most moderate prices

are captured by the base regime, which are less volatile and dispersive. However, the mean

of the base regime, meanb, are not always higher than those in the BS model, because the

spike identification has also been affected by the structure change of the model.

4.5.4 Difference from existing work

As reviewed in Chapter 1, the reserve price in the German market has been modelled in

[30]. There are two major differences between the work in this chapter and the work

[30]. First, the regime-switching models applied in the present chapter have the flexibility

to assign any specifications to the regimes that describe the stochastic component of the

price. However, in [30] the regime-switching scheme is used to model the error term of the

ARMA model, and both regimes are represented by a Gaussian distribution. Second, the

present chapter studies reserve and regulation prices in North American markets, whereas
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[30] studies reserve price in the German market. These reserve prices represent different

characteristics due to different market design, which have been discussed in Chapter 3. For

example, the German reserve prices have lower volatility than energy prices, whereas in the

studied North American markets, the reserve prices present significantly higher volatility

than energy prices.

4.6 Performance comparison between models

The quantities of the selected measures in Section 4.4 and their corresponding deviations

are presented in Table 4.5, 4.6, 4.7. In these tables, Act, Sim, and Dev denotes actual, sim-

ulated, and deviation respectively. The deviations are positive when the statistical measures

of the simulated prices are higher than those of the actual prices. For example, for ONR10n,

the simulated mean is higher than the actual mean by 0.7% with the MRJD model.

Table 4.5: Moment and quantile based measures of prices in Ontario and New York
MRJD

ONR10s ONR10n ONR30 NYR10s NYR10n NYReg

Mean
Act 1.65 1.29 1.16 1.81 0.94 3.72
Sim 1.66 1.30 1.17 1.82 0.95 3.76
Dev 0.7% 0.7% 0.6% 0.6% 1.4% 1.2%

STD
Act 0.53 0.65 0.65 0.55 0.43 0.30
Sim 0.59 0.70 0.69 0.59 0.47 0.54
Dev 11.1% 7.5% 5.5% 6.8% 9.4% 80.4%

IQR
Act 0.63 0.75 0.76 0.69 0.66 0.31
Sim 0.71 0.87 0.87 0.73 0.57 0.40
Dev 12.1% 16.1% 13.5% 6.4% 16.4% 29.5%

IDR
Act 1.24 1.59 1.64 1.36 1.10 0.82
Sim 1.35 1.67 1.66 1.41 1.10 0.77
Dev 8.9% 4.4% 0.8% 3.2% -0.3% -6.4%

The results in Table 4.5, 4.6, 4.7 show that while the MRJD model has a decent fit, the

two MRS models have better captured the mean, standard deviation, IQR and IDR in most
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Table 4.6: Moment and quantile based measures of prices in Ontario and New York with
the two-regime base-spike (BS) model

MRS
ONR10s ONR10n ONR30 NYR10s NYR10n NYReg

Mean
Act 1.65 1.29 1.16 1.81 0.94 3.72
Sim 1.67 1.31 1.18 1.83 0.95 3.73
Dev 1.3% 1.7% 2.1% 1.2% 1.4% 0.3%

STD
Act 0.53 0.65 0.65 0.55 0.43 0.30
Sim 0.54 0.67 0.67 0.56 0.44 0.31
Dev 2.4% 2.6% 2.7% 2.3% 1.5% 2.5%

IQR
Act 0.63 0.75 0.76 0.69 0.66 0.31
Sim 0.73 0.90 0.90 0.73 0.57 0.44
Dev 15.6% 20.1% 17.8% 5.3% 16.2% 40.4%

IDR
Act 1.24 1.59 1.64 1.36 1.10 0.82
Sim 1.35 1.72 1.70 1.40 1.11 0.79
Dev 8.8% 7.8% 3.7% 2.5% 0.9% -3.7%

Table 4.7: Moment and quantile based measures of prices in Ontario and New York with
the three-regime base-spike-drop (BSD) model

MRS
ONR10s ONR10n ONR30 NYR10s NYR10n NYReg

Mean
Act 1.65 1.29 1.16 1.81 0.94 3.72
Sim 1.66 1.28 1.16 1.82 0.94 3.71
Dev 0.9% 0.4% 0.1% 0.7% 1.1% -0.3%

STD
Act 0.53 0.65 0.65 0.55 0.43 0.30
Sim 0.55 0.68 0.69 0.56 0.43 0.31
Dev 2.51% 4.7% 5.3% 2.8% 0.3% 2.9%

IQR
Act 0.63 0.75 0.76 0.69 0.66 0.31
Sim 0.67 0.81 0.84 0.71 0.55 0.37
Dev 5.7% 7.6% 10.6% 2.7% 12.1% 18.3%

IDR
Act 1.24 1.59 1.64 1.36 1.10 0.82
Sim 1.28 1.61 1.63 1.38 1.10 0.77
Dev 2.9% 1.1% 0.8% 1.0% 0.6% -6.5%
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prices. Note that the two MRS models generally have lower errors than the MRJD model,

which indicate better goodness of fit. The mean and standard deviation describe the main

price level and fluctuation, while the IQR and IDR describe the dispersion range showing

how the price time series span. Thus, the generally lower deviations in Table 4.6 and 4.7

show that the MRS models well capture both price level and dispersion and hence, the

main distribution of the studied reserve and regulation prices. Moreover, the log-likelihood

funtions with the MRS BS and BSD models in Table 4.3 and 4.4 are also generally higher

than those of the MRJD model in Table 4.2. To sum up, the MRS class of models appear

to be more appropriate models for the studied reserve and regulation prices.

The moment based measures have been used in [33] for daily energy prices and the

deviations were 0% - 1% for mean and 0% - 11% for standard deviation. IQR and IDR

measures have been used in [41], where the deviations of IQR and IDR were within 26%

and 22% respectively with a similar two-regime model, and were within 8% and 5% re-

spectively for a similar three-regime model. Although a direct comparison is not possible

because these two researches focused on energy price modelling in different markets, the

deviations of the MRS models in Table 4.6 and 4.7 are reasonable compared to the existing

literature.

Between the two MRS models, the three-regime BSD model presents a better over-

all fit demonstrated by the generally smaller deviations compared to the two-regime BS

model. Most of the deviations in mean, IQR and IDR are smaller with the three-regime

BSD model.The deviations in standard deviation are a bit less satisfying with the BSD

model but are close the the two-regime BS model.

The better fit of the BSD model originates from the characteristics of the reserve and

regulation prices. Due to the low price levels in these price, the logarithmic transformation

has created drops. In the BS model, the spike regime does not capture any price under

TS which is median. As a result, the drops are captured by the base regime and thus the
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parameters of the base regime will be distorted. On the other hand, the BSD model has a

drop regime to model these drops and thus the base regime won’t be affected. This can be

further demonstrated by the calibrated parameters shown in Table 4.3 and 4.4. The base

regime of the BS model tend to have greater volatility paramter σs than those in the BSD

model.

The CDF plot shown in Fig 4.2 further explains the above point. It can be observed that

the log price have a clear left tail which is caused by the drops. The left tail in the reserve

price is clearly longer than in the energy price, which indicates the drops are more extreme

in the reserve price.

Among the studied prices, it can be observed that, as expected, the prices with higher

variability are generally more difficult to model, demonstrated by greater deviations in the

statistical measures.

4.7 Conclusion

Reserve and regulation prices are characterized by higher volatility, lower mean, more fre-

quent price spikes and a more skewed distribution compared to electric energy prices, thus

modelling their behavior is potentially more challenging. In this chapter, an attempt was

made to model the prices of operating reserve and regulation services in Ontario and New

York competitive electricity markets. Three models, i.e., a MRJD model with independent

jump component, a MRS two-regime BS model, and a MRS three-regime BSD model,

were applied to the daily average of reserve and regulation prices, and their performance

in capturing the main characteristics of actual price time series was compared. In partic-

ular, the mean, standard deviation, IQR and IDR of the simulated and actual prices were

compared.

The presented simulation results show that while all the three models reasonably cap-
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tured the main features of the studied prices, the three-regime BSD MRS model better fits

the reserve and regulation prices. The better performance of the three-regime MRS model

is a result of the multi-regime nature in these prices. Prices in electricity markets are af-

fected by various factors such as the availability of generation resources, congestion of

transmission lines, demand fluctuation, and changes in other operating conditions in the

system. These factors will result in variations in the price patterns for both energy and re-

serve prices. Furthermore, the existence of low prices caused price drops, especially after

the logarithmic transformation. Therefore, the MRS three-regime BSD model, which cap-

tures the changes of price patterns by a Markov process with base, spike and drop regimes,

is able to provide a better representation of the dynamics in the reserve and regulation

prices. The MRS three-regime BSD model can be applied in the financial market for risk

control and pricing regarding the operating reserve and regulation services.
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Chapter 5

Modelling Hourly Reserve Prices with Three-Regime MRS

Models

5.1 Introduction

Hourly reserve and regulation prices exhibit different characteristics and patterns compared

to daily prices due to intra-day fluctuations. Spot market operations in the three studied

electricity markets are based on hourly settlement. Therefore, a thorough understanding of

the hourly price dynamics and distributions provides valuable information for risk manage-

ment and derivative pricing in the spot market. This chapter investigates the application of

several stochastic models for hourly reserve prices to study the price dynamics and distri-

bution.

In this chapter, the studied reserve price is decomposed into deterministic and stochastic

components in Section 5.2. In Section 5.3, a two-regime base-spike (BS) model and a three-

regime base-spike-drop (BSD) model are applied to the logarithm transformed (log) reserve

price, and the performance of these models is compared. In Section 5.4, the modelling of

original hourly reserve price is investigated. The two-regime BS model and three-regime

BSD model used in Section 5.3 are applied to the original hourly reserve price, and a new

three-regime base-spike-extreme (BSE) model is proposed. The performance of these three

models is analyzed and compared in this section. Moreover, a comparison to the log-price

models is also provided in this section. The modelling results are then concluded in Section

5.5.
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5.2 Modelling hourly price

As discussed in Chapter 3, reserve and regulation prices generally present similar char-

acteristics such as low price levels, higher variability, and frequent and extreme jumps or

spikes. For the convenience of presenting and comparing the performance of various mod-

els for the hourly prices, in this chapter, price modelling is analyzed in detail for one typical

reserve price.

The 10-minute spinning reserve in the Ontario market, denoted as ONR10s, is selected

to be the sample price to be studied in detail in this chapter. Since the other reserve and

regulation prices follow similar characteristics, the modelling results for ONR10s can be

extended to these prices. To better present the characteristics of the studied price and the

performance of the models, the hourly price is studied in a time frame of 3 months. For

ONR10s, the period of August 1, 2004 to October 31, 2004 is selected, which covers 91

days or 2184 hours.

Price plot of ONR10s in the studied period is shown in Fig 5.1(a). As discussed in

Chapter 4, the hourly prices generally feature larger dispersion than daily ONR10s.

The decomposition of deterministic and stochastic components is presented in the rest

of this section. The distinguishing characteristics of the hourly reserve price is then demon-

strated which provides a basis to building models for this price.

5.2.1 Modelling the deterministic component

As discussed in Chapter 2, the price time series needs to be first decomposed to deter-

ministic and stochastic components. The deterministic component consists of a long-term

linear trend and seasonality components. And as discussed in Chapter 3, hourly reserve

and regulation prices exhibit daily, weekly and annual seasonality.

Different from the deseasonlization of daily prices in Chapter 4, daily seasonality needs
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Figure 5.1: Sample price plots of ONR10s. (a) Hourly ONR10s, (b) Shifted de-seasonal-
ized ONR10s, (c) Log de-seasonalized ONR10s.

to be accounted for when modelling hourly prices. Moreover, the annual seasonality is

not presented in the studied hourly price data, because the length of the studied period is

less than one year. Therefore, the seasonality component of the studied hourly price only

consists of daily and weekly cycles. As introduced in Chapter 2, the daily and weekly

seasonality components are both identified by the moving average technique. Following

the same fashion as in Chapter 4, the de-seasonalized prices are shifted so that it has the

same minimum as the prices before deseasonalization.

A price plot of the de-seasonalized ONR10s is presented in Fig 5.1(b). The log de-

seasonalized prices are plotted below in Fig 5.1(c). For convenience in presentation, the
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deseasonalization is not repeated in the rest of this chapter when referring to the de-

seasonalized prices. For example, the log-transformed de-seasonalized price will be called

log prices.

5.2.2 Modelling the stochastic component

It can be observed in Figure 5.1(c) that there are significant drops, called negative spikes,

in the log hourly ONR10s. The existence of drops in log daily prices have been discussed

in Chapter 4. However, in the log hourly reserve prices, the drops are more significant

and frequent. The CDF of the studied log hourly ONR10s price is displayed in Figure 5.2.

Compared to the CDF of the log daily ONR10s in Figure4.2, the CDF of the log hourly

ONR10s has a longer left tail, indicating more extreme drops. As discussed in Chapter 4,

hourly prices have higher dispersion than the daily prices. In other words, both very low

prices and very high prices exist in hourly reserve prices. The very low prices will result in

large negative values when applying the logarithmic transformation. These low prices are

smoothened by daily averaging, thus the drops are less significant in the log daily prices.

With the significant drops and higher dispersion, the hourly reserve and regulation

prices require modelling techniques specifically designed for them. In the rest of this chap-

ter, several models are proposed and applied to the studied reserve price ONR10s and their

performance are studied.

In addition, most of the existing research model log energy prices. The logarithmic

transformation was taken for these prices in order to mitigate the positive jumps or spikes

with the ultimate objective of better modelling these prices. However, as discussed above,

log hourly reserve prices have a large number of extreme drops, which introduce challenges

to price modelling. Therefore, in addition to modelling the log price, in this chapter the

models are also built for the original prices before logarithmic transformation is applied.
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5.3 Modelling log hourly reserve prices

It can be observed that the CDF of the log hourly ONR10s in Figure 5.2 has two obvious

tails, one spreading left and one spreading right. The left and right tails imply the existence

of drops and positive spikes in the log price, respectively. As discussed in Section 5.2, the

left tail is caused by the very low prices in the original price time series. However, at the

same time, there also exist extremely high prices in the original price time series, which

form positive spikes after logarithmic transformation. The existence of these high prices

and the resulted postive spikes can be observed in Fig 5.1(b) and (c). The left tail in the

CDF is longer than the right tail, which indicates the negative spikes are more extreme

than the positive spikes in log hourly reserve prices. With the existence of both left and

right tails, the two-regime base-spike (BS) model used in Chapter 4 is not enough to model

such price time series. The three-regime base-spike-drop (BSD) model should be a more

appropriate model for the log hourly reserve prices and are applied in this section. The

two-regime base-regime (BS) model is also applied for comparison purposes.

5.3.1 Three-regime base-spike-drop model with shifted spikes and shifted drops

The MRS three-regime BSD mode has been applied in Chapter 4 to capture the drops and

spikes in the log daily price processes. This model uses shifted Log-Normal distributions

to represent the spike and drop regimes. The equations of this model are presented in (2.27)

in Chapter 2. The MRS two-regime BS model applied in this section for comparison has

been presented in (2.26) in Chapter 2.

5.3.2 Model calibration

The BSD model is applied to the log hourly price of ONR10s. The TS and TD values

are set as medians of the log de-seasonalized ONR10s so TS = TD = 2.3618. In Table

5.2, ProbS and ProbD are the unconditional probabilities of the price residing in the spike
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Figure 5.2: CDF curve of log de-seasonalized ONR10s

regime and drop regime, respectively. The two-regime base-spike (BS) model with shifted

spike, which was used in Chapter 4 for the daily prices, are also applied to the log hourly

ONR10s for comparison purpose. The two-regime BS model has a base regime modelled

by a mean-reverting process, and a spike regime modelled by a shifted Log-Normal distri-

bution with TS being the median, i.e., TS = 2.3618. The estimated parameters are shown

in Table 5.2. The log-likelihood function is 335.4 for the BSD model, and -526.1 for the

BS model.

The mean of the spike and drop regimes implied by the BSD model are calculated

as presented in Section 2.4.2.2, using the estimated parameters of the Log-Normal distri-

butions of the corresponding regime. The calculated model-implied mean is 3.0991 and

1.6819 for the spike and drop regimes, respectively. As expected, the mean of the base

regime, which is 2.3494, is lower than the mean of the spike regime, and higher than the

mean of the drop regime. Both spike and drop regimes have higher volatility σ than the
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Table 5.1: Estimated parameters of the three-regime base-spike-drop (BSD) model and the
two-regime base-spike (BS) model for log ONR10s

Model Regime β µ σ TS/TD Probs / Probd

BSD
Base 0.2751 2.3494 0.1852 N/A N/A
Spike N/A -0.4106 0.4601 2.3618 0.1552
Drop N/A -0.5521 0.5766 2.3618 0.1282

BS
Base 0.3194 2.3235 0.3198 N/A N/A
Spike N/A -0.0426 0.2595 2.3618 0.0462

base regime because the fluctuations become more significant outside the normal status.

The unconditional probabilities show that the spike regime captures 15.52% of observa-

tions and the drop regime captures 12.82% observations, which take a large portion of the

total observations. Therefore, the base regime only captures the moderate fluctuations, and

thus, it’s volatility is relatively small compared to the spike and drop regimes. The positive

value of β indicates the log ONR10s still has a mean-reversion property.

On the other hand, the BS model’s base regime needs to pick up the negative drops,

which results in a much higher volatility parameter σ in the base regime compared to the

BSD model. With this higher sigma, the base regime of the BS model also picks up many

positive high values which, in the BSD model, are captured by the spike regime. As a

result, with the BS model, the probability of residing in spike regime, which is 0.0462, is

much lower than that of the BSD model. Only very high prices are captured by the spike

regime with the BS model, thus causing a higher value of µ in the spike regime, and a lower

value of σ in the spike regime.

The calibration results of transition probability matrix is shown in Table 5.2. The di-

agonal transition probabilities are all higher than 0.5, which imply that the probability of

staying at the current regime is higher than the probability of jumping to another regime.

Therefore, the existence of consecutive spikes is recognized by this model, which on the

other hand indicates that the assumption made in [34, 37] that spikes only last one time
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Table 5.2: Estimated Probability Transition Matrix of the three-regime model for log
ONR10s

ONR10s Base Regime Spike Regime Drop Regime
Base regime 0.9046 0.0543 0.0411
Spike regime 0.2290 0.7226 0.0485
Drop regime 0.2201 0.0461 0.7338

interval is not valid for the studied hourly reserve prices. Another observation is that the

transition probabilities between the spike and drop regimes are non-zero too, although they

are much smaller compared to other transition probabilities. On one side, the transition

between the spike and drop regimes imply that the fluctuation in the hourly reserve price

is significant. On the other side, the drops or negative spikes in the log reserve prices are

generated by the logarithmic transformation. Therefore, a drop in the log price may not be

a drop in the original price, so it is possible it can jump to the spike regime given the high

variability of the reserve and regulation prices.

To present the accuracy of categorizing prices into regimes, the identifications of spikes

and drops with the BSD model are displayed in Fig 5.3. For each hour, Prob(S) is the

probability that the price is identified as a spike, while Prob(D) is the probability of being

in the drop regime. It can be observed that, the Prob(S) is high when there is a spike in

the price in Fig 5.3(a), and Prob(D) is high when there is a drop in the price. Therefore,

the three-regime BSD model presents good accuracy on spike and drop identifications. On

the other hand, with the two-regime BS model, the drops have to be captured by the base

regime. As a result, the base regime of the two-regime model has a lower long term mean

µ of 2.3235. In addition, the drops also bring the base regime volatility σ higher in the

two-regime model to 0.3198, compared to 0.1852 in the base regime in the three-regime

BSD model.

91



50 100 150 200 250 300

1

2

3

4
(a)

Hour

P
ric

e(
$/

M
W

h)

50 100 150 200 250 300
0

0.5

1

(b)

Hour

P
ro

b(
S

)

50 100 150 200 250 300
0

0.5

1

(c)

Hour

P
ro

b(
D

)

Figure 5.3: (a) Log de-seasonalized ONR10s (b) Probability of being in spike regime with
three-regime base-spike-drop (BSD) model (c) Probability of being in drop regime with
three-regime BSD model

5.3.3 Goodness-of-fit analysis

The log-likelihood function of the BSD model is 335.4, which is higher than the log-

likelihood function of the BS model which is -521.6. The higher log-likelihood indicates

a better overall fit with the BSD model. In addition to the log-likelihood function, other

goodness-of-fit measures applied to daily price models in Chapter 4, being the moment

and quantile based measures, are also applied here to compare the performance of the two

models. The results are shown in the Table 5.3. It can be observed that the two-regime BS

model matches the mean and STD very well, but causes deviations in distributional mea-
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sures IQR and IDR. The three-regime BSD model has significantly improved the accuracy

of distribution match, and also provides good match to the moments based measure.

However, although better than the two-regime BS model, the three-regime BSD model

still has a large IQR deviation. The IQR of the simulated prices from the BSD model is

0.5480, which is 10.89% higher than the IQR of the actual price. The simulated prices

from the BSD model presents a larger number of significant positive spikes than the actual

price, but presents fewer moderate high prices, which increases the price span and causes a

larger IQR than the actual price.

Table 5.3: Statistical measures of goodness-of-fit with the three-regime base-spike-drop
(BSD) model and two-regime base-spike (BS) model for log ONR10s

Mean STD IQR IDR
Actual 2.3681 0.4817 0.4941 1.1263

BSD
Simulated 2.3687 0.5011 0.5480 1.1310
Deviation 0.03% 4.02% 10.89% 0.42%

BS
Simulated 2.3738 0.4907 0.6316 1.2486
Deviation 0.24% 1.86% 27.82% 10.86%

As discussed in this section, the logarithmic transformation has caused significant drops

in the hourly reserve price. To avoid the extra challenges in modelling caused by these

significant drops, the original price before logarithmic transformation is modelled in the

next section.

5.4 Modelling original hourly reserve price

In most of the existing literature on modelling electric energy prices, stochastic models

are built for log prices rather than the original prices. Log energy prices tend to be less

volatile and less dispersive and thus easier to model. Logarithmic transformation has the

characteristic that it compresses the difference between two numbers that are greater than
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1, but amplifies the difference when the numbers are less than 1. Since energy prices are

much greater than 1 in most time, the logarithmic transformation compresses fluctuations

in these prices and thus improve the modelling accuracy.

However, as observed in Chapter 3, the reserve prices are generally much lower than

the energy prices. The hourly reserve prices have a relatively large number of low prices

that are below 1 $/MWh where logarithmic transformation will create negative spikes. And

as a result, a separate drop regime was required to model the negative spikes, as analyzed

in Section 5.3. Taking logarithmic transformation for hourly reserve prices doesn’t help re-

duce volatility and dispersion as it does to daily energy prices. On one hand, the logarithmic

transformation compresses fluctuations of positive spikes which benefits modelling. On the

other hand, it also produces new negative spikes which makes modelling less accurate.

Although most existing literature developed models for log prices, there are a few pub-

lications that have focused on original prices [39,41]. The simulation results in these works

have shown that modelling prices themselves can also provide satisfying goodness-of-fit. In

this section, several established models and a new model are proposed for hourly reserve

prices. The performance of these models are compared with each other, and are further

compared with the models for the log prices used in Section 5.3.

5.4.1 Characteristics of the original reserve price

The de-seasonalized hourly reserve price ONR10s is ploted in Fig 5.1(b). The plots show

there are fewer negative spikes in the original prices than in the log prices. In addition,

the negative spikes in the original prices are generally more moderate than in log prices.

However, the positive spikes in the original prices are more significant than the log prices.

The CDF of the de-seasonalized ONR10s is presented in Fig 5.4. Compared to CDF of

the log prices in Fig 5.2, the CDF of the original prices presents a shorter left tail which

indicate much less extreme drops. On the other hand, the right tail of the CDF is longer,
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Figure 5.4: CDF curve of the de-seasonalized ONR10s

indicating that the original prices feature more severe positive spikes than the log prices.

Since the drops in the original prices are less significant than the log prices, a two-

regime base-spike (BS) model is utilized. The three-regime base-spike-drop (BSD) model

is another candidate to incorporate the modelling of drops. Although drops in the original

prices are less significant, they do exist in the price process and form a left tail in the CDF.

As the original prices have frequent positive spikes, some of which are extreme, a new

three-regime model is proposed that features one base regime and two spike regimes. One

spike regime is used to model the moderate high prices, while the other spike regime only

captures the most extreme jumps and spikes in the price process. This new proposed model

is denoted as a three-regime base-spike-extreme (BSE) model.

The above three models are applied to the de-seasonalized original reserve price ONR10s

and their performance are compared using log-likelihood function and other statistical mea-

sures that have been applied to previous models.
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Table 5.4: Estimated parameters of the two-regime base-spike (BS) model for ONR10s
Regime β µ σ TS Probs

Base 0.2811 9.8709 2.1328 N/A N/A
Spike N/A 2.2528 0.6717 10.6099 0.1791

5.4.2 Two-regime base-spike model

As observed from the CDF of the de-seasonalized ONR10s in Figure 5.4, there is a long

right tail, which corresponds to the of extremely high prices and spikes in the price process.

The left tail, on the other side, is much shorter than the right tail which correspond to drops,

which are much more moderate than the positive spikes. Therefore, the drop regime may

not be necessary and a two-regime BS model can be a good candidate given the simple

structure. A model with fewer regimes and parameters has the benefit of lower computation

burden and time.

The two-regime BS model is the same as the one used in Section 5.3 and the equations

of this model are presented in (2.26) in Chapter 2. The threshold of the spike regime,

TS, is set to median again. The parameters are estimated and shown in Table 5.4. The

log-likelihood function is -5135.2.

The positive mean-reversion parameter β of the base regime indicates the two-regime

BS model captures mean-reversion property in the price. For the spike regime, the mean

implied by the model is calculated using the estimated µ and σ of the spike regime as

TS + exp(µ+ σ2/2), and the result is 22.5320. As expected, the mean of the spike regime

is significantly higher than the mean of base regime which is 9.8709.

The transition matrix of the two-regime BS model is presented in Table 5.5. Both the

diagonal probabilities are significantly non-zero, indicating that the prices tend to stay in

the regime it currently resides in. It is also observed that the spike regime has a higher

probability of transition to the base regime, which implies the expected duration of staying
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Table 5.5: Estimated probability transition matrix of the two-regime (base-spike (BS)
model for ONR10s

Regime Base Spike
Base regime 0.9406 0.0594
Spike regime 0.2722 0.7278

Table 5.6: Statistical measures of goodness-of-fit with the two-regime base-spike (BS)
model for ONR10s

Mean STD IQR IDR
Act 11.98 6.43 5.24 13.40
Sim 12.12 6.77 5.54 12.99
Dev 1.2% 5.3% 5.6% -3.1%

in spike regime is shorter than that of the base regime. This is consistent with observations

in the price process, because the prices in the spike regime are usually caused by temporary

events such as demand increase or outage of transmission lines or generation facilities.

These high prices may last for a short period but will finally drop back to a long-term

stable level based on the actual cost of providing reserve service.

The statistical measures are applied to the simulated prices and the results are displayed

in Table 5.6. All four measures are well captured, with the largest deviation percentage

being only 5.63%.

5.4.3 Three-regime base-spike-drop model

The existence of drops in the hourly reserve price ONR10s suggests that the three-regime

base-spike-drop (BSD) model can still be a reasonable representation of the dynamics and

distribution in this price. Therefore, in this section the three-regime BSD model is applied

to the studied original hourly reserve price as another model candidate. The three-regime

BSD model applied here is the same as the one applied to the log price in Section 5.3.1 and
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Table 5.7: Estimated parameters of the three-regime base-spike-drop (BSD)model for
ONR10s

Regime β µ σ TS/TD Probs / Probd
Base 0.2807 10.0493 1.9826 N/A N/A
Spike N/A 2.2186 0.6836 10.6099 0.1871
Drop N/A 1.8581 0.2288 10.6099 0.0356

the equatiosn of the regimes are presented in in (2.27) in Chapter 2.

Both the spike threshold TS and drop threshold TD are set as median of the de-

seasonalized ONR10s. The parameters of each regime are estimated and presented in Table

5.7, and the transition probabilities are presented in Table 5.8. The log-likelihood function

of this estimation is -4951.7.

The estimated parameters in Table 5.7 show that the main characteristics of the price is

captured. The positive mean-reversion rate β indicates the mean-reversion property in the

price dynamics is captured by this model. The mean implied by the model is calculated

from the estimated parameters. The model implied mean is 22.2244 for the spike regime,

and is 4.0283 for the drop regime. The mean of the base regime is 10.0493, between the

mean of the drop and spike regimes. The volatility σ of the spike regime is higher than the

drop regime which reflects that the drops are more moderate.

Compared to the estimated parameters of the BSD model applied to log prices, the

volatility parameter σ of the drop regime in Table 5.7 is much lower. On the other hand,

σ of the spike regime is higher in the original price than that of the log price. These

differences are consistent with the observations from the CDF curves in Figure 5.2 and 5.4

that the the original prices have more extreme spikes and less significant drops than the log

prices.

The diagonal transition probabilities, which are the probability of keeping in the cur-

rent regime, are above 0.5 for all three regimes. This implies the prices tends to stay in
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Table 5.8: Estimated probability transition matrix of the three-regime base-spike-drop
(BSD) model for ONR10s

Regime Base Spike Drop
Base 0.9274 0.0615 0.0112
Spike 0.2595 0.7287 0.0118
Drop 0.2237 0.0832 0.6931

the current regime no matter what regime they currently resides in. This is a recognition of

consecutive spikes as well as consecutive drops in the price time series. Another observa-

tion from Table 5.8 is that the transition probabilities between the spike and drop regimes

are not zero. This is because in original prices, the price drops are relatively moderate so

these prices are not significantly lower than the base regime. As a result, it is possible

for the price to jump from a drop regime to a spike regime, and vice versa, although the

probabilities are low. As shown in Table 5.7, the unconditional probabilities of the spike

regime is 0.1871, while the unconditional probability of the drop regimes is 0.0356. The

much higher probability of being in the spike regime is consistent with the observation in

the price plot of the original prices.

The moments and quantile based measures for goodness-of-fit are calculated and pre-

sented in the Table 5.9. The results show that all these measures are fit very well. As shown

in Table 5.6 and 5.9, the deviations with the two-regime BS model and three-regime BSD

model are close. The log-likelihood function of the BSD model is higher than that of the BS

model, but the difference is relatively small. This observation implies that adding the drop

regime doesn’t cause a significant improvement to goodness-of-fit for the studied original

hourly reserve price. Given the benefits of a simpler model, for example, lower computa-

tion burden, the two-regime BS model is still a competitive candidate for the hourly reserve

price studied.
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Table 5.9: Statistical measures of goodness-of-fit with the three-regime base-spike-drop
(BSD) model for ONR10s

Mean STD IQR IDR
Act 11.98 6.43 5.24 13.40
Sim 12.10 6.79 5.43 13.13
Dev 0.9% 5.58% 3.7% -2.1%

5.4.4 Proposed three-regime base-spike-extreme model

As discussed in Section 5.4.1, the original reserve price has a relatively small number of

drops, and the drops are moderate. The comparison in Section 5.4.3 shows that, although

the BSD model has an extra drop regime compared to the BS model, it doesn’t significantly

improve in the goodness-of-fit. As a result, the drop regime may be unnecessary for the

original hourly reserve price. On the other hand, a large number of positive spikes have

been found in Figure 5.1, while some of them are relatively moderate and some of them are

extremely high. Therefore, the positive spikes can be further divided into two groups. One

group is the most extreme jumps which are even significantly higher than the other spikes.

The other group of spikes are relatively lower and features relatively moderate fluctuations.

This observation inspires the idea of using two separate spike regimes to model these

two distinguishing groups of spikes. The proposed three-regime base-spike-extreme (BSE)

model has a base regime to model the normal state, a spike regime to model mild high prices

and spikes, and an extreme regime to model the most extreme jumps. The base regime is

modelled by an mean-reverting process. The spike and extreme regimes are modelled by

two independent shifted Log-Normal distributions. TS and TE are thresholds for the spike

and extreme regimes respectively. Only prices above TS can be captured by the spike

regime, while the extreme regime only models prices above TE. TS is set to median to

allow moderate high prices or spikes to be covered by the spike regime, and TE is set to

90% percentile so that only extremely high prices or spikes can be captured by the extreme
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regime. The equations of the three regimes are presented as follows: BSE model:

Base Regime: d(s(t)) = β(µ− s(t− 1))dt+ σdWt (5.1a)

Spike Regime: log(s(t)− TS) ∼ N(µs, σs) (5.1b)

Extreme Regime: log(s(t)− TE) ∼ N(µe, σe) (5.1c)

The three-regime BSE model is calibrated and the estimated parameters are shown in

the tables below. The parameters are shown in Table 5.11. The log-likelihood function

is -4721.8, which is the highest among the three models applied to hourly reserve price,

indicating the best fit among the three models. The goodness-of-fit will be further compared

and discussed later in this section.

Calculated from the estimated parameters, the mean of the spike regime implied by the

model is 15.1495, and the mean of the extreme regime implied by the model is 28.3393.

Also the volatility parameter σ is much higher in the extreme regime than in spike regime.

These parameters show that the BSE model has successfully distinguished the extreme

spikes and relatively moderate ones.

Compared to the parameters of the BSD model in Table 5.7, the base regime of the BSE

model has a lower µ, the parameter of long term mean. This is because the base regime in

the BSE model covers the low prices that were identified as drops in the BSD model.

Table 5.10: Estimated parameters of the three-regime base-spike-extreme (BSE) model for
ONR10s

Regime β µ σ TS/TE Probs / Probe
Base 0.2722 9.4801 1.9631 N/A N/A
Spike N/A 1.3995 0.4761 10.6099 0.1635

Extreme N/A 1.7642 0.8681 19.8314 0.0884

Transition probability matrix is in Table 5.11. The probability of staying in the current

regime are again higher than inter-regime transition probabilities, indicating possibility
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of consecutive spikes. It worth noting that when the price is in the extreme regime, it

has a higher probability to jump to spike regime rather than directly going back to the

base regime. This is because an extreme spike usually occurs when the system is under

contingent situation such as outages of major generation resources or transmission lines.

The system operator would first apply short term solutions such as remedial action scheme

shortly after the incident to relieve supply shortage or congestion. With these short term

solutions, the price will reduce but may not fall back to the normal level until a permanent

solution is in place (e.g. outage facilities back in service).

Table 5.11: Estimated probability transition matrix of the three-regime base-spike-extreme
(BSE) model for log ONR10s

Regime Base Spike Extreme
Base 0.9150 0.0670 0.0179
Spike 0.3123 0.5308 0.1569

Extreme 0.1412 0.3006 0.5581

The moments and percentile based measures are presented in Table 5.12 to evaluate

goodness-of-fit. The four statistical measures are very well matched as all deviations are

small. The results show that the moment-based measures are captured slightly better by the

BSE model compared to the BS and BSD models, while IQR and IDR are matched slightly

worse. In addition, this log-likelihood function of the BSE model is also higher than those

of the BS and BSD models, which suggests the BSE model has an overall better fit than the

other two models.

The identifications of the extreme and spike regimes are shown in a sample window of

2 weeks in Figure 5.5. It can be observed from this figure the probability of residing in the

extreme regime, Prob(E), only increases to 1 when the price is above 20 $/MWh, indicating

that only extreme prices that are higher than TE can trigger the extreme regime. On the

other hand, the extreme regime has also captured every peak prices in the plot. The spike
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Table 5.12: Statistical measures of goodness-of-fit with the three-regime base-spike-ex-
treme model for ONR10s

Mean STD IQR IDR
Act 11.98 6.43 5.24 13.40
Sim 12.03 6.58 5.55 12.66
Dev 0.4% 2.4% 6.0% 5.5%

regime tend to capture the relatively moderate high prices and the shoulders of the extreme

prices, while the base regime only covers the low prices. This regime identification plot

confirms that the three-regime BSE model successfully captures the moderate high prices

and extreme prices by the spike and extreme regimes respectively.

5.4.5 Comparison with log price models

As discussed above, the three models applied to the original hourly reserve price have gen-

erally provided very good fit. In this section, the performance of these original price models

are compared to the BSD model applied to log price. Since the log-likelihood functions can

not be directly compared between two different data sets, only the four statistical measures,

i.e., mean, standard deviation, IQR, and IDR, are compared.

The BSD model has outperformed the BS model when applied to log prices, and pro-

vide good match to the statistical measures except IQR. However, in the case of original

price modelling, the goodness-of-fit with the BSD model and the BS model are compara-

ble. In addition, the models applied to the original price have provided better matches to

all statistical measure than the log price models, with the highest deviation of the studied

measures being less than 6% for all the three original price models. The BSE model has

provided the best overall fit among the three original price models.

The above comparison illustrates that the logarithmic transformation widely used in

energy price modelling doesn’t necessarily benefit the modelling of hourly reserve and reg-
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Figure 5.5: (a) Original de-seasonalized ONR10s (b) Probability of being in extreme
regime with three-regime base-spike-extreme (BSE) model (c) Probability of being in spike
regime with three-regime BSE model

ulation prices. These prices are generally much lower than energy price and may generate

extreme negative spikes when taking logarithmic transformation. The original price can

yield comparable or even better modelling accuracy than the log price.

5.5 Conclusion

In this chapter, modelling technique for hourly reserve price is investigated. Based on

the characteristics of the hourly reserve price, models are built for both the log prices and

original prices. For the log hourly reserve prices, a MRS three-regime base-spike-drop

(BSD) model is applied and compared with a MRS two-regime base-spike model. The
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three-regime BSD model showed an obvious better fit to the log prices. However, due to the

large amount of low prices in the studied reserve price process, the extreme negative drops

generated in the logarithmic transformation has caused more challenges in price modelling.

The original price, on the other hand, has less extreme negative spikes but has more

extreme positive spikes. Three MRS models have been applied to the studied original

hourly reserve price. The two-regime base-spike model (BS) and three-regime base-spike-

drop (BSD) that have been applied to the log price are tested for the original price. A new

three-regime base-spike-extreme (BSE) model has been proposed in this chapter, which

models the spikes by two regimes, distinguishing the most extreme spikes and the relatively

mild spikes. Numerical simulation results show that the proposed BSE model outperforms

the other two models and therefore is the more appropriate model.

The modelling of the log prices and the original prices have also been compared. The

models applied to the original prices generally showed a better match to the statistical

measures used to evaluate the goodness-of-fit, when compared to the log price models.

Therefore, the simulation results from this chapter suggest that it is not necessary to take

logarithmic transformation when modelling the hourly reserve price.
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Chapter 6

Conclusions

Markets for operating reserves and regulation services are growing rapidly with the world-

wide evolution of the electricity market as well as the development of renewable energy

resources and the smart grid. This thesis explores the statistical characteristics and mod-

elling of the reserve and regulation prices in three typical North American markets. The

contributions of this work are to reveal the distinguishing characteristics of the reserve and

regulation prices compared to energy prices, and find the appropriate stochastic models for

these ancillary services prices. The findings in this thesis can provide useful information

for market participants in their day to day operation and planning, such as bidding strategies

and financial risk management.

In Chapter 3, the statistical characteristics of the reserve and regulation prices are quan-

tified and compared with those of energy prices. The specific work that has been done in

this chapter are:

1. Distributional features and patterns are analyzed for the studied reserve, reg-

ulation, and energy prices. These analyses provide an overview of the dis-

tribution and fluctuations of the studied prices.

2. The statistical characteristics including variability, jump frequency, extreme

spikes, long-range correlation, and non-linearity are investigated, present-

ing significant differences between the energy prices and the reserve and

regulation prices.

3. Relative variation index, which is a revised version of the historical volatility

index, is proposed to evaluate the variability of reserve and regulation prices
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to account for the zeros in these prices.

4. The origins of differences in characteristics are discussed considering the

diversity in resource, demand, market mechanism and policy.

The main contributions and findings of Chapter 3 are as follows:

1. In the three studied markets, the reserve and regulation prices generally

present lower price levels, larger dispersion, and different patterns compared

to energy prices.

2. The variability of the reserve and regulation prices are generally signifi-

cantly higher than these of energy prices. The high variability in reserve

and regulation prices can be mainly attributed to the lower price level, lower

demand level and thus the higher sensitivity to changes in supply, and dis-

crete variation of the demand.

3. The reserve and regulation prices feature more frequent jumps and more

extreme spikes. Moreover, the occurrence time of spikes in the reserve and

regulation prices are not necessarily consistent with the energy prices due to

different spike trigger schemes, which are then attributed to the differences

in the definitions of supply and demand.

4. The reserve and regulation prices are both self-correlated, which indicates

they are predictable. On the other hand, the correlations are smaller in these

prices when compared to those of energy prices, which imply a weaker pre-

dictability. In addition, the non-linearity of reserve and regulation prices

have been found higher than the energy prices.

The findings in this chapter provide an insight into the studied reserve and regulation

prices, which is helpful to market participants in their bidding and planning to maximize
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profits. The characteristics of these prices are considered in Chapter 4 and Chapter 5 when

modelling prices in the reserve and regulation market.

In Chapter 4, the dynamics of daily reserve and regulation prices are modelled, with the

following work conducted:

1. Three stochastic models, MRJD model with independent jump component,

MRS two-regime base-spike model, and MRS three-regime base-spike-drop

model, are applied for daily reserve and regulation prices based on their

characteristics.

2. The studied reserve and regulation prices are decomposed into deterministic

and stochastic components, and the three selected models are applied to

these prices.

3. The performance of models is compared using a selected set of indices.

Comparisons have been made between models and between energy prices

and reserve and regulation prices.

The main contributions and findings of Chapter 4 are as follows:

1. The three selected models have captured the main characteristics of the dy-

namics in reserve and regulation prices, such as mean-reversion and exis-

tence of jumps and spikes.

2. MRS models generally outperform the MRJD model because the MRS mod-

els provide a more flexible way of representing state transitions. The transi-

tions of states have been reported to be a featuring characteristics of energy

prices, but are more extreme in reserve and regulation prices. Therefore, the

MRS models further outperform the MRJD models when applied to reserve

and regulation prices.
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3. The three-regime MRS base-spike-drop model adds a drop regime to cap-

ture drops and thus improves modelling accuracy. The reserve and regula-

tion prices have lower price levels than the energy prices, and thus the drops

are more significant in these prices after taking logarithmic transformation.

The base-spike-drop model is an appropriate model for modelling log daily

reserve and regulation prices.

In Chapter 5, price modelling has been extended to hourly prices of operating reserves

and regulation services. The 10-minute spinning reserve in the Ontario market has been

selected to be a typical reserve price and models are built and examined for this price. The

main work of this chapter is:

1. The hourly reserve price is decomposed to a deterministic component and

a stochastic component. MRS models are applied to the stochastic compo-

nent.

2. In addition to the tradition of modelling log prices, the stochastic models

are also applied to the original prices without logarithmic transformation.

3. A few selected MRS models with various specifications are applied to the

hourly reserve price, and their performance is compared.

4. A new three-regime model has been proposed for modelling the original

prices based on their distributional characteristics.

The main contributions and findings of Chapter 5 are as follows:

1. Compared to modelling of the daily prices, there are new challenges in mod-

elling hourly prices due to their unique characteristics, such as larger disper-

sion, i.e., a larger span of price distribution compared to daily prices.
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2. Although modelling log prices yields a reasonable fit, modelling original

prices can be superior because the logarithmic transformation has made the

distribution of the price significantly left-skewed.

3. The proposed three-regime model with two spike regimes have better cap-

tured the overall distribution of the studied original hourly reserve price.

The proposed model outperforms the popular existing models, such as the

MRS two-regime base-spike model and the MRS three-regime base-spike-

drop model.

In Chapter 4, the three-regime base-spike-drop model is found to provide accurate de-

scriptions of the daily reserve and regulation prices. In Chapter 5, the three-regime base-

spike-extreme model applied to the original price has been found appropriate for the studied

hourly prices.

The contribution and findings in this thesis are useful for electricity markets partici-

pants to understand the price characteristics, dynamics, and the impact of market condition

changes on the reserve and regulation prices. The models built for daily and hourly prices

can be further used by market participants to predict future price behaviour and evaluate

their revenue streams manage risks involved in providing reserves and regulation service.
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