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ABSTRACT

A NEWSVENDOR APPROACH TO ENERGY
IMBALANCE MECHANISM IN A DAY AHEAD
ELECTRICITY MARKET

Ece Cigdem
M.S. in Industrial Engineering
Advisor: Ayse Selin Kocaman
Co-Advisor: Kemal Goler
June 2017

We study an energy imbalance problem in a day ahead electricity market from
the perspective of a distribution company. This company commits to buy a cer-
tain amount of electricity in the day ahead market the day before the actual
demand of its customers is realized and faces energy imbalance due to demand
uncertainty. This energy imbalance of the distribution company is penalized by
a mechanism which includes penalty parameters defined by energy market reg-
ulatory authorities. By developing a variant of the newsvendor model, we find
the optimal commitment amount of the distribution company and analyze the
effect of penalty parameters on this amount. We show that the way that penalty
parameters are selected in current practice may lead the distribution company to
underbid. With an empirical analysis performed on real data, we also show that
effect of these penalty parameters could differ hourly, daily, seasonally, regionally
and according to sectoral demand profiles. Considering that the traditional policy
used to decide on the penalty parameters does not have a systematic approach,
in this paper, we present insights for distribution companies on the optimal com-
mitment decision as well as for the energy market regulatory authorities on how
to choose the penalty parameters.

Keywords: day ahead electricity market, balancing market, power distribution

company, newsvendor model, imbalance mechanism, penalty parameters.
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OZET

GUN ONCESI ELEKTRIK PIYASASI DENGESIZLIK
MEKANIZMASINA GAZETECI COCUK YAKLASIMI

Ece Cigdem
Endiistri Miithendisligi, Yiiksek Lisans
Tez Danigmani: Ayse Selin Kocaman

Es-Tez Danigmani: Kemal Goler
Haziran 2017

Bu calismada, Giin Oncesi Elektrik Piyasas’ndaki bir dagitim sirketinin
kargilagtigl enerji dengesizligi problemi incelenmistir.  Giin Oncesi Elektrik
Piyasasi’ndaki dagitim sirketi, market i¢i tiiketim miktar1 6ngoriilerini yapip
gercek tiiketim bilgisi ortaya ¢ikmadan 6nce bu miktar: piyasadan satin almakla
yikimlidir. Fakat, dagitim sirketi sistemdeki talep belirsizligi ytliziinden enerji
dengesizligi ile kargilagabilir. Dagitim sirketinin karsilagabilecegi bu enerji den-
gesizligi, Enerji Piyasasi Diizenleme Kurumu tarafindan belirlenen ceza parame-
trelerini iceren bir ceza mekanizmasi ile cezalandirilir. Bu durum goz ontine
alinarak, bu calismada, ”Gazeteci Cocuk” probleminin varyant1 olan bir model
onerilerek, dagitim sirketinin karini yiikseltmek icin markete bildirilecek en iyi en-
erji miktarinin bulunmasi hedeflenmis ve ceza paremetrelerinin bu miktara olan
etkisi incelenmistir. Inceleme sonucunda, ceza parametrelerinin su anki secilme
yonteminin, dagitim sirketinin ongordiigii enerji miktarindan daha azini markete
sunmalarina yol actigi gosterilmigtir. Ayrica, gergek veriler kullanilarak, ceza
parametrelerinin etkisinin saate, giine, sezona, bolgelere ve sektorel talep profiller-
ine gore degisiklik gosterdigi bulunmustur. Ceza parametrelerinin se¢imi i¢in kul-
lanilan mevcut yonteminin herhangi bir sistematik yaklagima dayandirilmamasini
g6z oniinde bulundurarak, dagitim sirketlerinin en iyi talep tahmini kararlarini
markete sunmalarina ve ayni zamanda Enerji Piyasalar1 Diizenleme Kurumu’na

ceza parametrelerinin nasil secilmesi gerektigine dair ongoriiler sunulmaktadir.

Anahtar sozcikler: gin oncesi elektrik piyasasi, dengeleme piyasasi, dagitim

sirketi, gazeteci ¢ocuk problemi, dengeleme mekanizmasi, ceza parametreleri.
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Chapter 1

Introduction

Historically, the electricity market structure was based on vertically integrated
monopolies. Rather than being operated independently, electricity generation,
transmission and distribution systems were operated from a single source. This
market structure led lack of competition among companies, resulted with high
operating costs, high retail prices and low supply security [1]. In order to over-
come these inefficiencies, liberalization process started in the electricity sector in
the late 1990’s [2]. With the emerge of liberalization process, electricity has be-
come a tradable commodity. Trading electricity is, however, a challenging task.
With having limited storability and transportability, electricity differs from other
commodities and requires continuous balancing of demand (usage) and supply
(generation). Over the past years, several trading mechanisms have been put
into operations with this purpose. Goals of these mechanisms usually are to
make the transactions between buyers and sellers easier, provide a safe balancing
and settlement service, increase competition and hence provide a reliable mar-

ketplace.

Day ahead markets can be considered as the backbone of the most liberalized
electricity markets as the prices (market clearing prices) determined in this market
are also used as reference points in other electricity markets and contracts [3].

By giving market participants a chance to purchase and sell energy for the next



day, the day ahead market aims to ensure that production and/or consumption
needs and contractual obligations of them can be balanced one day ahead of the
actual transfer. With this opportunity, if market participants could not sign a

bilateral contract for trading electricity, they have another chance to trade.

Two main models are used while designing day ahead markets: Pool Models
and European Exchange Models. In Pool Models, suppliers provide price contin-
gent generation capacities (price-quantity bids) to the operator, however, demand
is estimated by the system operator; meaning that distribution companies do not
submit any demand bids. Based on the submitted bids by suppliers, and the esti-
mated demand information, the system operator calculates the hourly electricity
price of the market. In Pool model, as all physical transaction in the market is
performed by the system operator, the transmission and generation coordination
can be accomplished easily. Also, since the system operator realizes all dispatch
in the market, the utilization of all resources can be increased if suppliers report
their cost information accurately [4]. However, as suppliers are independent pri-
vate power producers, they can reflect their cost structure untruthfully. If this
situation occurs, because the demand side of the market does not have much
contribution to the determination of prices, the calculated electricity price may
be deceptive. Therefore, one can see that the Pool Model is vulnerable to the ma-
nipulations by the supply side. Because of the reasons that are discussed above,
many states of USA changed their market model from Pool Model to European
Exchange Model, especially after California had suffered from the electricity crisis
in 2000 [4].

European based day ahead markets use an exchange model where the genera-
tion and distribution companies both submit their bids to sell and buy electricity.
Therefore, different than the Pool Model, the demand side participation is active
in European Exchange Model, hence both sides of the market have contribution
on determining the price of electricity. Suppliers can offer their electricity and
buyers can purchase electricity either short or long term contracts in bilateral
market. However, an appropriate supplier (buyer) may not always exist for a
buyer (supplier) to make a contract or suppliers may not always sell their de-

sired amount and buyers may not buy their needed amount of electricity with
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contracts. In order to cope with this situation, day ahead market with European
Exchange Model takes place for presenting suppliers and buyers another chance
to trade electricity. With this chance, buyers can bid in order to compensate
their energy deficit, whereas suppliers can bid for their unused capacity. Hence,

the market price is determined with both buyers’ and sellers’ committed bids.

In this thesis, we are referring to the current Turkish day ahead market which
adopts European exchange model for its operations [5]. The day ahead market
is the main area in which purchase and sale transaction of electricity is traded
one day ahead of the actual transfer of energy. In order to enable the market to
operate without any disruption, the market operator and system operator play
an important role. The main responsibility of the market operator is to manage
the day ahead market and settlement activities of the market with transparency
and accountability by balancing supply and demand. It is also responsible for
informing market participants about transmission capacity of the grids, collecting
and evaluating participants’ bids, and thereby calculating the market clearing
price. After the market clearing price and dispatch amount are finalized, the
market operator has to deliver this information to the participants and evaluate

the objections that come from them.

The system operator ensures instantaneous balance of the actual and commit-
ted purchases and sales while conserving supply quality [6]. It has to calculate
the transmission capacity of grids and inform the market operator before the day
ahead market starts. Moreover, in the real time operations, the system opera-
tor checks the feasibility of dispatchings and calculate the system marginal price
in the balancing power market in order to balance supply and demand. In the
Turkish Day Ahead Market, Market Financial Settlement Center (MFSC) and
National Load Dispatch Center (NLDC) which are both under the body of Turk-
ish Electricity Transmission Company (TEIAS) are the market operator and the

system operator, respectively [6].

The day ahead market transactions are performed every day on hourly basis.
Transactions in each day starts at 12:00 p.m. and ends at 12:00 p.m. next day.

Hence, the submission of the bids has to end one day before the actual transfer of



Table 1.1: An example for single bids

’ Single bids ‘
Periods/Price 0 10 30 60 80 200

0-1 -400 -100 0 200 300 500
1-2

Table 1.2: An example for block bids

| Block bids |

Periods Price Quantity
0-6 100 100
12-24 35 -30

energy. Market participants submit their bids for every hour in a 24-hour period.
The submitted bids should consist of a certain time period (hour), quantity in
MW (production or demand quantity), and price in TL/MW. Each bid that
consists of price and quantity pairs may differ hourly. There are three types of
bids that can be submitted in the day ahead market such as single bids, block
bids and flexible bids. Single bids that include price and quantity schedules are
traded for a particular period of the next day. Table 1.1 demonstrates a single bid
for the first hour. For example, the bidder is ready to sell 300 MWh if the market
clearing price is greater than or equal to 80 TL/MWh and ready to buy 100 MWh
if the market clearing price is less than or equal to 10 TL/MWh. In block bids,
participants can submit block selling or buying bids for more than one successive
time periods. However, contrary to single bids, they can not submit a selling and
buying bid for the same time period. For instance, in Table 1.2, the bidder is
ready to sell 100 MWh for each period of 0 to 6 if average market clearing price
is greater than 100 TL/MWh and willing to buy 30 MWh for the periods of 12
to 24 unless the average market clearing price is greater than 35 TL/MWh. The
block bids can be used in the case where the production is continuous and the
cost of starting and stoping a power plant is high [5]. In flexible bids, there are

single hour sale or purchase bids that are not restricted for a certain period or
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Table 1.3: An example for flexible bids

| Flexible bids |
Periods Price Quantity
- 200 400
- 40 -100

periods. The quantity and price schedule that market participants submitted is
valid for each time period. In Table 1.3, in the first flexible bid, the bidder is
willing the sell 400 MWh if the maximum market clearing price is greater than
200 TL/MWh and in second bid, he/she is ready to buy 100 MWh if minimum
market clearing price is smaller than 40 TL/MWh.

Market operator informs market participants at 9:30 a.m. about the hourly
available transmission capacity of the grid which is determined by the system
operator. By 11:30 a.m, market participants submit their bids to the market
operator. Each submitted bid is accepted or rejected by the market operator until
12:00 p.m. Any bid that does not satisfy the collateral liabilities of the market
participants is rejected. In addition to that, each total sale and purchase quantity
amount submitted to day ahead market should not exceed the limits determined
by the market operator. To balance the supply and demand, all accepted hourly
selling bids and their corresponding quantities are listed increasingly starting from
the lowest price and its corresponding quantity value and all submitted hourly
buying bids and their corresponding quantities are listed decreasingly starting
from the highest price by the market operator. Those bids are inserted to the
supply-demand curve in which hourly selling bids constitute supply and hourly
buying bids constitute demand curve. The intersection of these curves is the
point where there is no surplus or shortage of electricity for the market; meaning
that the system is in equilibrium. The point calculated by the market operator
between 11:30 a.m. and 1:00 p.m. is the next day’s day ahead market price
(market clearing price). Since demand and supply bids are differed for each hour,
market clearing price is calculated on hourly basis, thus, each hourly period has

different market clearing price.



Price (TL/MWh) 0 100 110 120 130 140 150 160 300
Participant A (MWh)| -40 -40 -40 -40 -40 -40 -40 -40 -40
Participant B (MWh) | 300 300 250 0 0 0 -100 -120 -150
Participant C (MWh) | 100 100 100 100 30 30 -30 -30 -30
Participant D (MWh)| 200 200 200 180 180 180 170 170 170
Total buying (MWh)| 600 600 550 280 210 210 170 170 170
Total selling (MWh)| -40 -40 -40 -40 -40 -40 -170 -190 -210

Total (MWh) 560 560 510 240 170 170 0 -20 -40

Figure 1.1: Illustration of bids of the market participants

Figure 1.1 illustrates the bids of 4 participants to the day ahead market. All
prices are listed from lowest to the highest price (- denotes bids for selling and
+ denotes bids for buying electricity). Selling bids of each participant constitute
the supply curve and buying bids of each participant constitute the demand
curve. In total, for each price value, electricity amounts for each price value are
added to each other. The point where 0 occurs represents the equilibrium point
where buying quantity is equal to selling quantity. Combined supply demand
curve using interpolation method is shown in Figure 1.2. Figure 1.2 shows that
the equilibrium point which gives the market clearing price is obtained at 150
TL/MWh with the amount of 170 MWh of electricity. Hence, 170 MWh of
electricity has to be produced as well as consumed at the specific time period in
the day ahead market.
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Figure 1.2: An example of a supply and demand curve where the equilibrium

point represents the market clearing price

After market clearing price is calculated, the approved buying and selling quan-
tities and prices that are valid for the next day are announced by the market
operator. For example, for the bids that are shown in Figure 1.1, the resultant

day ahead market dispatching is as follows;

Participant A will sell 40 MWh energy
Participant B will sell 100 MWh energy
Participant C will sell 30 MWh energy
Participant D will buy 170 MWh energy

After related dispatching is announced to the market participants, they have
a right to object to the tradings between 1:00 p.m and 1:30 p.m. The objections
are evaluated by the market operator till 2:00 p.m. and the final trading is

determined. Hence, the energy trading is completed one day before the actual



transmission. The process of the day ahead market can be seen in Figure 1.3.

In the day ahead market, participants are encouraged to submit their best
predictions about their generation or demand amounts to minimize the difference
between actual purchases or sales as a result of real-time balancing of supply and
demand. This difference between scheduled generation (or usage) and the actual
generation (or usage) is called the energy imbalance and managed in the balancing
power market. In the balancing power market, market participants submit their
offers/bids (the difference between the realized and committed amounts) till 4:00
p-m. to the system operator. These offer and bid volumes are lined up according
to the price for every hour. After 5:00 p.m, in order to prevent the falling to
the imbalance in the system, the submitted offer volumes and bid volumes are
balanced and a reference price (system marginal price) is calculated by the system
operator. Imbalance in the system can be seen in two ways such as energy deficit
and excess energy. System marginal price is determined as the maximum hourly
offer price in the case of energy deficit and the minimum hourly bid price in the
case of excess energy. The process of the balancing power market can also be

seen in Figure 1.3.

In the electricity market, demand and supply must be in equilibrium at all
times since if not, the energy imbalance may cause degradation of the whole power
system, or even black out. Therefore, in the Turkish day ahead market, market
participants who experience energy imbalance in the market are penalized by a
double price mechanism in which the penalty is based on both the system marginal
price (SM P;), market clearing price (M CP,), and penalty parameters (k and [)

1th

according to the 111" article of Electricity Market Balancing and Settlement

Regulation given below:

EIP, = EIV,(=Ymax(MCP,, SMP,)(1+ k) + EIV,(+)min(MCPF,, SMP,)(1—1)
(1.1)

The energy imbalance penalty (EIP;) consists of the positive and negative en-
ergy imbalance volumes (E1V;(+) and EIV;(—)), market clearing price (MCP,),

8
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system marginal price (SM P;) at settlement period t and penalty parameters (k
and [). This pricing mechanism guarantees that if the market participant has an
excess of energy, this energy is sold with a price which is less than or equal to the
minimum of SMP and MCP. Likewise, if the market participant has a deficit of
energy, the company buys the energy with a price which greater than or equal to
the maximum of SMP and MCP. With this mechanism, participants are punished
both when they make an overcommitment and an undercommitment. How much
the price will differ from the minimum (maximum) of SMP and MCP in case of

overage (underage) depends on the penalty parameter [ (k).

In Turkey, market participants were penalized with the unit prices used in
undercommitment (maximum of MCP, and SM P;) and overcommitment (min-
imum of MCP, and SMP,) before 2013. However, in this pricing mechanism,
there were situations in which market participants were able to avoid to commit
their true forecasts. According to Annual Report of Energy Market Regulatory
Authority of Turkey in 2013, to fix these situations, the penalty mechanism for
energy imbalance has changed on 5 of January, 2013 [7]. New penalty param-
eters are defined as the coefficient in the case of undercommitment (k) and the
coefficient in the case of overcommitment (/) are implemented in the energy im-
balance penalty mechanism. They are defined between 0 and 1 (k,[ € [0, 1]), and
they are both 0.3 for the time being in 2017 [7]. The reason why these penalty
parameters are included in the energy imbalance payment is to force the company
to make accurate predictions about their generation or consumption and report
their true forecast information and reduce overall imbalance rates. At this point,
the question that comes to mind is how effective these parameters are to reduce

the energy imbalance rate.

In this thesis, we analyze the selection policy of the penalty parameters while
focusing on their effects on the optimal commitment of a distribution company.
A distribution company in the market commits predictions of its customers’ con-
sumption to the day ahead market in a day before the actual demand is realized.
Those predictions are not always made accurately since the forecasts are generally
based on seasonal conditions and system constraints. Moreover, the distribution

company can make a false demand reporting deliberately in order to manipulate

10



the regulating price as the optimal amount which maximizes the profit of the
company would be different than the forecasted amount because of the imbal-
ance penalty mechanism. Therefore, the main aim of this study is to analyze
the effectiveness of the selection policy of penalty parameters in this imbalance
penalty mechanism by developing an analytical model. To examine this, we work
in the day ahead market by assuming that there is a single distribution company
who faces demand uncertainty and suppliers’ behaviors are exogenous and fixed
in the market. Also, we assume the prices are determined based on monotoni-
cally increasing supply functions. According to our assumptions, we develop a
variant of the newsvendor model to analyze the distribution company’s optimal
commitment amount in the day ahead market which maximizes its profit and to

illustrate the impact of penalty parameters on this amount.

We show that without the penalty parameters, the distribution company has
tendency to underbid. Choosing the penalty parameters equal to each other and
between 0 and 1, as it is currently done, still leads the distribution company to
underbid in the market and in order for the distribution companies to commit
their actual predictions, the penalty parameters (k and [) should be chosen dif-
ferently than the current practice. Moreover, we show that the time and season
of the year and demand profiles for different regions and sectors are important
factors that should be taken into account while choosing the penalty parameters.
Characterizing the impact of the penalty parameters for energy imbalance pay-
ments on the commitment amount both analytically and empirically using real
data from Turkey, is the main contribution of this thesis. Considering that the
traditional policy does not have a systematic approach on the selection process;
in this study, we present insights for distribution companies on the optimal com-
mitment decision as well as for the Energy Market Regulatory Authorities on

how to choose the penalty parameters.

The rest of this thesis is organized as follows: In Chapter 2, we review the lit-
erature of the day ahead electricity market and the classical newsvendor problem
and its applications in electricity market. In Chapter 3, we present the overview
of the proposed model and propose analyses of the model in order to discuss

the behavior of a distribution company in the market and the efficiency of the

11



selection policy of penalty parameters. In Chapter 4, an empirical calibration
and analysis are presented with real data in order to see the effect of time, re-
gion, season and demand profiles on the penalty parameters. The final chapter,

Chapter 5, includes the concluding remarks.

12



Chapter 2

Literature Review

In this chapter, we review the literature related to our work. We summarize
the existing works under two subsections: (i) the day ahead market, and (ii) the

classical newsvendor model and its applications in electricity market.

2.1 The Day Ahead Market

The day ahead market literature is divided in to two streams: finding optimal
electricity prices in the market and finding optimal bidding/commitment strate-

gies for the market participants.

The determination of the market clearing price in the day ahead market is im-
portant since it helps companies to make their risk management in short term and
long term. Market clearing price is used as a reference price by the participants
to determine their future price and quantity bids. Finding optimal electricity
prices in the day ahead market stream considers both forecasting the optimal
prices from the historical data and modeling the day ahead problem of finding

optimal prices in the case of non-convexities in the market.
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2.1.1 Forecasting Techniques for Finding Optimal Elec-
tricity Price in the Day Ahead Market

In order to determine hourly market clearing price, several statistical forecasting
methods are used. Generally, autoregressive (AR), moving average (MA), au-
toregressive moving average (ARMA), autoregressive integrated moving average
(ARIMA), and generalized autoregressive conditional heteroskedastic (GARCH)
models are used as stochastic time series methods. Additionally, causal models
(regression models) which take electricity price as a dependent variable and model
it as a function of independent variables (e.g.demand) are presented. Since elec-
tricity price has high volatility and nonlinearity, artificial neural network based
models and data-mining models are also used as forecasting techniques. In addi-
tion to all these models, optimization models are also used in order to find the

optimal electricity price in the day ahead market.

Cuaresma et al. [8] use univariate time series models (AR and ARMA) to
predict hourly market clearing prices. They analyze the performance of those
models by using the hourly data taken from German Leipzig Power Exchange
(LPX). They find that hourly modeling improve the prediction accuracy of linear

univariate time series models.

Garcia et al. [9] predict next day market clearing price by using GARCH
model in which demand is taken as an exogenous variable. They make an empir-
ical analysis using Spain and California electricity market data. Their proposed
method gives a better forecast comparing to ARIMA model when there are price

volatility and spikes.

Nogales et al. [10] use two techniques such as dynamic regression and transfer
function models in order to forecast the next day electricity prices. They find
that price forecasts obtained from their models provide accurate results for buyers
and suppliers to prepare their bidding strategies. They also analyze Spain and
California markets and observe that comparatively high volatility and dispersion

are seen in the prices of Spain market.
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Rodriguez and Anders [11], and Amjady [12] use neural network models to
predict market clearing price. Their models differ from each other with respect to
input variables, number of trained data and preprocessing techniques. However,
they both claim that their proposed methods find better results than univariate

time series models.

Yan et al. [13] propose support vector machine (SVM) approach in order to
forecast electricity price. Since it is important to select efficient training param-
eters for SVM in order to increase its performance, they use genetic algorithm
to predict SVM parameters. The analysis, which is performed by using the elec-
tricity price data of China, shows that proposed method has better prediction

accuracy than artificial neural network algorithm.

2.1.2 Optimization Models for Finding Optimal Electric-
ity Price in the Day Ahead Market with Considering
Non-Convexity of the Problem

When market participants submit their bids, the day ahead market problem
(finding clearing prices) is a convex optimization problem. If the strong duality
holds in the problem, the dual variables of the problem can be regarded as optimal
prices [14, 15, 16]. However, some orders (e.g. block orders) lead non-convexities
in the optimization problem so finding market clearing price becomes an NP-Hard
problem [5]. To deal with non-convexity, several mixed integer programming

(MIP) formulation and solution approaches have been developed.

Ruiz et al. [16] propose a methodology that relies on finding an LP and its
dual program by relaxing the integrality constraints of the MIP problem and
minimize the duality gap between two LPs. Since they minimize the duality gap,

the resulting prices can be taken as the optimal market clearing prices.

The solution time of the day ahead problem (finding optimal electricity prices)

is important since the decrease in the solution time gives the market operator a
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chance to examine the offers and related dispatching before announcing them to
participants. Regarding this issue, Derinkuyu [5] develops an MIP model to find
electricity prices in the Turkish day ahead market with less computational time.
Their MIP formulation with aggregation and variable elimination techniques re-
duce the MIP formulation size significantly. They also develop an Integer Pro-
gramming based neighborhood heuristic to find an upper bound for the optimal

value.

Additionally, in order to decrease the solution time of the day ahead problem,
some exchanges restrict the block orders in the market. Meeus et al. [17] discuss
the logic behind the restrictions against the block orders. Their mixed integer
programming model includes the binary variables for both block and hourly bids.
They find that on the contrary to the current belief, the restriction of the block

orders may not decrease the solution time of the day ahead market problem.

Madani et al. [18] considers both block orders and piece-wise linear orders in
their MIP model. They use strong duality theory for their quadratic optimization
problem and propose a method which can be directly implemented in existing
MIP solvers.

2.1.3 Optimal Bidding/Commitment Strategies in the
Day Ahead Market

In the day ahead market, all market participants are required to submit their
commitments which show the amount of energy that they are willing to buy /sell in
the market. Since participants aim is to increase their profits, their commitments
in the day ahead market gains importance. Therefore, there are several studies
on the optimal bidding/commitment strategies. These studies generally include
the analysis of the commitment schedules of the supply side (generators) and/or
the demand side (distributors) of the market by using optimization and/or game

theory based models when supply and/or demand certain or uncertain.
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2.1.3.1 Optimal Bidding/Commitment Strategies for the Supply Side
of the Day Ahead Market

Song et al. [19] optimize the bidding decision of a single supplier in the centralized
day ahead market by using stochastic optimization method. The competitors’
bids are constructed with the probability distributions that are obtained from
the related historical market data. They find a robust solution to respective
optimization problem. Also, they consider bidding under "multiple commodity
second price auction” mechanism. This mechanism pushes the company to bid
at their marginal costs (their true cost information). They show that suppliers

can increase their profits by bidding under this concept.

Conejo et al. [20] consider a price-taker producer and aim to find the opti-
mal bidding schedule of this producer who faces with price uncertainty in the
day ahead market. The electricity prices are determined as hourly random vari-
ables which represent the prediction of the actual prices. They find an optimal
commitment value by maximizing the producer’s profit. According to this value,
they provide a bidding strategy. By verifying their model with multiple cases,
they assert that their model is effective to solve the optimal bidding schedule of

a price-taker producer.

Rodriguez and Anders [21] also propose a methodology for finding the optimal
bids for a price-taker producer. They improve the method that is proposed in [20]
to consider two types of participants which are risk averse and risk seeker. They
model the uncertainty of price (scenario based) based on the predicted price and
the forecast error revealed in the forecasting process. They built a bidding curve
with several scenarios and propose several decisions like based on which blocks

of the curve participants should submit for each hour.

Gountis et al. [22] propose a model with two level optimization problem in
order to develop the optimal bidding strategies for producers. In the first level,
the market participant maximizes its expected profit, and in the second level,
the system operator solves an optimization problem in order to find the market

prices and optimal dispatches. They assume that suppliers bids are built as linear
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supply functions and suppliers commit their production schedules according to the
estimated demand and their rivals’ behavior. They use Monte Carlo simulation
to calculate the expected profit and a genetic algorithm to find optimal bidding

strategies for suppliers.

Wen and David [23] highlight the importance of imperfect market where partic-
ipants do not have information about their rivals’ bids. They affirm that suppliers
in the perfectly competitive market is willing to bid close to their marginal pro-
duction costs so as to increase their profits, yet in the imperfect market they may
want to give higher bids compared to their marginal production costs. Given this
point, they model the optimal bidding decision of suppliers by using stochastic
optimization model. They assume that every supplier in the market bid a linear
supply function and can choose the coefficients of their linear supply functions in
order to maximize their gains. Constructing an example with six suppliers, they
observe that the market clearing price is higher in the imperfect market when
suppliers propose their bids strategically compared to the perfectly competitive

market.

Baillo et al. [24] propose strategies for generation companies using mixed
linear integer programming considering the effect of company’s bids on the price
of electricity and the uncertainty that the company faces because of not knowing

the behavior of other rivals.

Many studies in the literature about the day ahead market has disregarded
the transmission congestion in their models. However, Peng et al. [25] model
the optimal bidding strategy of suppliers by considering transmission congestion
which can have an influence on the market clearing prices and hence the bidding
strategies of the market participants. They model the bidding strategy of the
supplier as a three level optimization problem including transmission congestion
management and implement a game theory model to find the optimal bidding

strategies of suppliers.

Sunar and Birge [26] investigate strategic commitment for renewable energy
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generation in a day ahead market that consist of finitely many competing com-
panies in the presence of supply uncertainty. They define two different markets
such as credit-dominated and penalty-dominated market in the day ahead market.
Generators are penalized in penalty dominated market with the sum of undersup-
ply and oversupply penalty rate, whereas in credit-dominated market they have
to pay an undersupply penalty and get an oversupply credit. Those penalty and
credit rates are defined as linear functions of the market clearing price. Based
on their market definition, they use the theory of ordinary differential equations
in order to characterize each firm’s committed production schedule and respec-
tive actual production volumes in the day ahead market with or without subsidy.
They find that the oversupply and undersupply penalty rates have trivial ef-
fects on the committed production schedules and actual production strategies of
generators, and also on the market clearing price. They also prove that if un-
dersupply penalty rate is imposed to the market, companies tend to overcommit

their expected production quantity and lower market clearing price is observed.

2.1.3.2 Optimal Bidding/Commitment Strategies for the Demand
Side of the Day Ahead Market

Liu et al. [27] consider energy service providers’ problem on purchase allocation
and demand bidding in different markets with two objectives: the total cost and
risk. They generate demand curves and market prices according to the real data
taken from California market. The optimal purchase allocation is found by using

stochastic modeling.

Fleten and Pettersen [28] propose a stochastic linear programming model for
constructing piece-wise linear bidding curves that are submitted to the Nordic
power exchange. They examine a price-taker buyer in the market. In their
models, they consider the imbalance volumes that occur because of the difference
between predicted and realized demand. The buyer is penalized with the unit
prices of respective imbalance volumes. They find that there is a trade-off between
the expected profit and expected penalty. Hence, they conclude that in order for

a retailer to increase its expected profit, it should increase the difference between
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its commitment amount and realized demand.

Philpott and Pettersen [29] present a model which includes a buyer and seller
in Norway day ahead electricity market. The main aim of this study is to analyze
the behavior of buyers (purchasers) in the day ahead market and thereby examine
the market clearing price deviations. The first model that they present, consists of
a single buyer in the market. They find that the optimal commitment amount of
the buyer is its expected demand when all generators submits same prices in the
market. However, when generators submit supply functions with a single price
and its respective quantity, they find that the buyer bids less than its expected
demand. In the second model, they examine the two-period game played between
many purchasers and a single supplier in a competitive environment. In both
models, they show that the day-ahead prices would be lower than the expected

real-time prices as the purchasers have an incentive to underbid.

Herranz et al. [30] propose a genetic algorithm which solves the optimization
problem of a buyer in order to find its optimal bidding value to achieve minimum
purchase cost. The market structure that they defined is a combination of a day
ahead market and an intra-day market. They present the effect of the participants
on the market clearing price by residual supply curves in order to compute new
clearing prices. They assume that the buyer sell the amount energy with minimum
price and buy the amount of energy with maximum price in the market; meaning
that prices in their model are chosen to be deterministic. The model is tested
with the real Spanish day ahead market and intra-day market. They assert that

the solution methodology is efficient, feasible and robust.

Kazempour et al. [31] propose a mathematical model and a heuristic approach
for large consumers to develop bidding strategies to affect the prices for their own
benefit. They find that a strategic consumer may commit at prices lower than
of that will increase their marginal utility. Hence, the market clearing price

decreases and expected utility of the consumer increases respectively.

Saez et al. [32] propose solution for finding optimal block bids for risk-neutral
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buyers in the day ahead market. In addition, they propose a solution using mixed-
linear integer programming for risk-averse buyers. They assume that the demand
may change according to the price of electricity (price-dependent demand). They
find that when the buyer is risk-neutral, they should give a single bid. However,
when the buyer is risk-averse, block bidding curve provides more benefit to the

buyer by mitigating the risk.

There are many studies that mainly base on finding optimal market clearing
price and optimal bidding decisions for market participants. Studies that deal
with the optimal bidding decisions generally approach to the problem for the
supply side of the market. Thus, there is relatively less focus on the bidding
strategies for demand side. Unlike the aforementioned studies, we characterize
the impact of the penalty parameters for energy imbalance payments on the com-
mitment amount both analytically and empirically using real data from Turkey.
We also analyze the behavior of a distribution company in the presence of these

penalty parameters.

2.2 The Classical Newsvendor Model and its
Applications in Electricity Market

The problem faced by a newsvendor is to decide how many newspapers to order
before observing the real demand. The newsvendor faces overage or underage
costs if he/she orders too much or too little. This famous operations research
problem has also been studied in the literature for the operations in energy mar-
kets.

Sethi et al. [33] aim to provide insights to the suppliers about their best
bidding strategies. They study a market that consists of two suppliers and one
buyer who uses the classical newsvendor solution as his/her forecasted demand.
Since each supplier competes for the buyer’s purchase amount, a game theory

environment occurs. Therefore, each supplier’s optimal bidding strategy is found
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by using game theory approach. The suppliers’ bidding curves are accepted as
linear functions. They show that the buyer benefits from the competition among
suppliers since a lower market clearing price is observed. The proposed method

is applied to the power generator plants in the California electricity market.

Kim and Powell [34] derive the closed form representation of the optimal en-
ergy commitment policy for wind farms by using newsvendor model. With their
proposed model, they are also able to make derivations about the value of storage
and storage losses. Their optimal commitment policy model is based on heuristics
and simulation models instead of stochastic optimization models. Their assump-
tions about distribution of wind (uniform distribution) and size of the storage
make their model easy to evaluate. However, in the real life, for more general
cases about the distribution of the wind speed and energy storage, they assert
that their analytical model may not work but they can use numerical results to

calibrate their model.

Bitar et al. [35] use newsvendor model in order to find the optimal contract
offerings and optimal expected profit of a wind power producer in the competitive
market. In the profit function of their model, the producer is punished both for
their overcommitment and undercommitment. Bitar et al. [35] assume that
imbalance prices which are used in overcommitment and undercommitment case
can take both positive and negative values, and the producer does not have energy
storage option. Based on these assumptions, optimal contract offerings are found.
They state that there is a trade-off between imbalance prices and the need for

energy curtailment.

Densing [36] studies a price-driven dispatch planning problem by using
newsvendor approach to decide when to sell or buy a certain amount of en-
ergy in the first stage of their research. The dual of their primal optimization
problem gives a newsvendor problem which turns the price-driven dispatch plan-
ning to demand-driven dispatch planning. They find certain price thresholds that
help the generation company to determine the amount that it should produce for
a given price. In the second stage, they use multistage stochastic linear pro-

gramming for high-frequency dispatch decisions, and test their model with a case
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study.

Secomandi and Kekre [37] investigate the optimal policy for suppliers which
is based on submitting their production amount partially in the forward market
rather than submitting all of their production in the spot market. The aim of
the study is to provide a balance between the costs that a supplier faces with
in the spot market and in the forward market. In their study, the supplier can
not store the energy, yet it can sell energy to the spot market. Also, it can
sell energy partially by entering the forward market. How much energy to sell
to the market is obtained by solving a generalized newsvendor problem. In the
newsvendor model that they consider the demand as well as the spot price as

uncertain variables.

Nair et al. [38] aim to search the effect of long term contracts on the bid-
ding strategies of renewable energy generators (e.g. wind power producers) and
how the optimal bidding strategy changes as the level of renewable penetration
increases. They evaluate the optimal bidding strategy of a wind power pro-
ducer who signs long term contracts with companies instead of participating in
a competitive electricity market. They use a variant of the classical newsvendor
model by substituting demand with residual demand (thereby making demand
uncertain). Using the price as a shortfall penalty, they compute a closed form
solution for the optimal energy commitment value. Moreover, they change the
market structure by adding new intermediate market (forward market). It turns
out that adding an intermediate market will decrease the average cost of sell-
ing energy, however, the change in total amount of conventional energy is based
on the distribution of the difference between wind estimate and the actual wind

realization.

Aflaki and Netessine [39] investigate the link between the intermittency of
renewable energy sources and the effectiveness of promoting policies for renew-
able sources such as carbon pricing. They use the classical newsvendor model
to find the optimal capacity to be invested in the long term contracts. They
show that charging more for emissions resulting from nonrenewable sources can

unexpectedly discourage investment in renewables.
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Wan and Fan [40] develop two-stage method on newsvendor problem for strate-
gic purchasers in the day ahead market and real-time market. In the first stage
of the proposed method, the purchaser commits to buy a certain amount and
makes another commitment in the second stage. The prices are chosen to be
deterministic and not dependent on the commitment size. The model decides on

the optimal commitment amount in the first and second stage.

Based on our analysis of the day ahead market and newsvendor model used in
electricity market literature, to the best of our knowledge, there is no study that
considers the effect of penalty parameters on distribution companies’ commitment
strategies and the selection policy of penalty parameters used in the Turkish day
ahead market by using a newsvendor model. This thesis aims to contribute the
literature by providing an analytical approach to the market on the selection
policy of the penalty parameters which plays an important role on the energy
imbalance volume and by providing a discussion on the behavior of distribution

companies in such a penalty mechanism.
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Chapter 3

A Newsvendor Model and
Analysis

The main aim of the day ahead market is to balance supply and demand for the
following day. In a European exchange type day ahead market that we study
in this thesis, a buyer (a distribution company) submits the desired amount of
energy to be purchased based on the forecasted demand of the customers for
each hour on the next day; whereas a seller (a generation company) submits the
amount of energy that is planned to sell for each hour on the next day. In our
model, we consider a distribution company who faces demand uncertainty in the

day ahead market.

Consider a day ahead market with a single distribution company that has
commitment amount (also assumed to be the cleared demand bid amount) z.
The distribution company’s decision process is based on the newsvendor problem
that divides its decision process into two stages. In the first stage, the day
ahead market is run and the distribution company has to decide its commitment
amount which will determine the market clearing price. We assume that the
behaviors of the suppliers are exogenous and fixed with a supply curve S(-). With
perfect knowledge of S(-), which is a monotonically increasing supply function,

the distribution company can decide on the commitment amount z and chooses
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any decreasing demand curve that passes through (z, S(z)). The point (x, S(z))
represents the company’s commitment (i.e. the company is willing to buy =
amount of electricity with a price of S(z)). Therefore, the market clearing price

is determined as S(x) in our market structure.

The second stage of the newsvendor model consists of the real time operations
of the market. The realized energy amount in the real time is defined as a random
variable Y, with a mean py > 0, a differentiable cumulative distribution function
F(-) and density function f(-) > 0 on support R*. Based on the energy deficit or
surplus observed after the actual demand is realized, the distribution company
makes a new commitment to buy or sell the amount of energy according to the dif-
ference between realized demand and the committed amount that was determined
in the first stage. When the actual demand is realized, the point which represents
the realized demand (Y) in the supply function determines the system marginal
price. In Philpott and Pettersen [29], the system marginal price is taken as the
market clearing price plus another supply function (e.g. d(-)) that denotes the
difference between the system marginal price and the market clearing price (e.g.
S(x) + 6(Y — x)), whereas Fleten and Pettersen [28] represent system marginal
price with a constant parameter. Hence, there are several representations of the
system marginal price. Here, since we assume that the supply function is fixed
in the model, the system marginal price is also defined by the monotonically in-
creasing supply function S(-). This implies that the system marginal price which
is determined as S(Y') and market clearing price S(z) are specified based on the
same supply function. Note that, since Y is a random variable, system marginal

price is also a random variable.

The total imbalance payoff formula given in equation (1.1) is revised according
to our model by writing (Y — x) instead of negative imbalance amount E1V;(—),
(x —Y) instead of positive imbalance amount E1V;(+), S(z) instead of MCPF;,
and S(Y) instead of SM P, according to the assumptions that are given above.

The revised formula is given below:

EIP(z) = (Y —x)max[S(z), S(Y)](1+k)+ (z =Y )min[S(x), S(Y)](1—1) (3.1)
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The energy imbalance volume is reflected to the distribution company as a cost
in the case of their commitment amount is different than the realized demand.
The profit of the distribution company during a single time-slot is driven as a
variant of the newsvendor model since the distribution company commits the
forecasted amount to the market; meaning that it gives an order, and in the case
of overcommitment or undercommitment (overforecast or underforecast), it has
to pay an overage or underage costs with respect to the difference of realized and
committed demand. Hence, the profit function of the distribution company is

given below:

M(z,Y) = pY — S(x)x — (Y —x)maz[S(z), SY)](1+ k) ifz<Y 52)
PY = S@)z + (v = Y)min|S(a), S¥)(1~1) ifz>Y

According to the model, the distribution company sells Y with the retail price
p € R to the customers in the actual day. It buys z from the market with the
market clearing price S(x) the day before the actual demand is realized. Ac-
cording to its commitment value z, it has to pay a negative energy imbalance
payment (underage cost), (Y —z)max[S(z), S(Y)](1+ k), if it commits less than
the realized demand. On the other hand, it has to pay an positive energy imbal-
ance payment (overage cost), (x — Y)min[S(z), S(Y)](1 — 1), if it commits more
than the realized demand. The imbalance price in the case of undercommitment is
given as maz[S(x), S(Y)] and as min[S(x), S(Y)] in the case of overcommitment.
The term (1 + k) causes to increase the loss of the company and (1 — [) causes
the company to make less profit than they should make otherwise. In total, the
company has revenue from selling the actual demand to the customers, costs from
buying, loss from selling in the day ahead market and cost from creating energy
imbalance in the system by failing to meet the commitment. Therefore, while
deciding on the amount of energy to purchase in the day ahead market, the de-
cision must incorporate the imbalance prices max[S(x), S(Y)], min[S(x), S(Y)]

and also the penalty parameters k£ and [.

The distribution company’s objective is to determine its commitment amount
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x, that maximizes the expected profit given below:

B[z, V)] = / "oy — @)z + (@ — )SE)1 — ) fy)dy

+/ "oy - S@) - (y— 2)S)(1+ ) )y (33)

Using the general formula given in 3.2, after the optimal commitment amount
that maximizes equation 3.3 is found, the behavior of the distribution company
in the market with and without penalty parameters and the efficiency of the
current selection policy of the penalty parameters are analyzed in this chapter.
Also using the formula 3.3 again, the effect of the time of the year, region and

demand profiles on the penalty parameters are discussed in Chapter 4.

3.1 Analysis of the Model

Proposition 1 below proves the existence of a closed form solution for the optimal

commitment value z*.

Proposition 1. The value of x that solves S(x)+xS"(x)+(k+1) [y S(y) f(y)dy =

(1 + k)pseyy is the optimal solution to the following mazimization problem.:
max ppy —S5(2)z + (1+k) (2us) = psy) = (k+1) / (x—y)S(y)f(y)dy (3.4)
r> 0

Proof. See Appendix A. O

Proposition 2. The optimal commitment value x* changes with the following
rates with respect to negative energy imbalance penalty parameter k and positive

energy imbalance penalty parameter [:
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ox* fo y

Oz _ Iy S@W)f(y)dy
G T T oS + (k+0S@) @) (36)
Proof. See Appendix A. ]

Proposition 2 shows the effect of the penalty parameters (k and [) on z*. Tt
proves that the optimal commitment value x* is directly affected by the penalty
parameters k£ and [ and shows the changing rates of z* according to k& and [.
Therefore, it highlights the fact that distribution company could determine the
commitment values to maximize their profit not just based on the traditional
demand forecasting techniques but also based on the penalty parameters k and .
Also, in expression (3.5) it is seen that there is a positive rate of change between
xz* and k ( > 0), whereas there is a negative rate of change between z* and [
(%% < 0) in expression (3.6). This result implies that the optimal commitment
value is increasing over the negative energy imbalance penalty parameter (k) and

decreasing over the positive energy imbalance penalty parameter (I).

3.2 Analysis of a special case: Uniformly-
distributed realized demand with linear

supply function

In this section, we perform an analysis for a special case in which the realized
demand is uniformly distributed between ¢ — 2 and p+2 (Y ~U(u— 2, n+2))
where p is the mean demand and ¢ represents the demand dispersion. Having
uniformly distributed realized demand between 1 — & and p + g gives F(y) =

2
g
%, fly) = % and E(Y) = pu. Moreover, supply functions that correspond to
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prices are assumed as linear functions: S(z) = a+ fz and S(Y) = a+ Y where
a>0and 8> 0on R*.

Proposition 3 shows that the optimal commitment value x* can be found as
a function of penalty parameters, distribution parameter and supply function

parameters (k, [, p, 0, @ and () explicitly for this special case.

Proposition 3. For uniformly distributed realized demand between pu — g and
@+ g with prices coming from a linear supply function (S(x) = o + Pz and

S(Y)=a+ pY ), the optimal x that mazimizes equation (3.3) is given as;

. 2k+Da—486  /2k(4B5(20 + Bu) + 1(B20% + 4(a + Bu)?))

xr =

28(k +1) 28(k +1)
4 V202(4 4+ 982 + 85;)(];?[5)”(204 + B(p + ad)) (3.7
where B(k +1) # 0.
Proof. See Appendix A. O

Proposition 4. In the case of truthful reporting, the penalty parameters, k and
[, should be selected according to the given expressions below so that the optimal

commitment amount equals to the mean-realized demand (r* = ) where pu >
0,0<d<2u,a>0,6>0andk,l €R.

BBO=-2p)? —4al6—p) B kla+50) —4Bu(2 - k)
4(a + Bpu)? - a+ B 4o — B+ 481

Bu k(4o + B0) — 4Bu(2 — k)
H<k>a+/3,u&l_ da — SO+ 4B ) (38)
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In Proposition 4, it is seen that although the effects of penalty parameters on
optimal commitment value are different from each other (k effects x* positively,
whereas [ effects 2* negatively as shown in Proposition 2), in order to approximate
the optimal commitment value to the true forecast value, the penalty parameters
should be considered together. Equation (3.8) shows that the selection of the
value of k affects the value of [. Hence, in the selection process their combination
gains importance in order to force distribution company to commit the expected
demand. Moreover, the range of the penalty parameters changes according to
demand distribution and supply function parameters. Hence, they can have both

positive and negative values in the domain of R.

Proposition 5. In the case of no penalty parameters (k =0, 1 =0), the optimal

commitment value of distribution company is equal to & which means that the

distribution company has a tendency to underbid.

Proof. See Appendix A. O

We analyze the behavior of the distribution company when the penalty pa-
rameters are zero in Proposition 5. When there is no penalty parameters in the
system, the distribution company is just penalized with the unit price of overcom-
mitment and the unit price of undercommitment. In this case, the distribution
company is supposed to give the optimal commitment value as the mean-realized
demand (uy = p). However, the distribution company’s optimal commitment

u

value is found as 5. The result implies that the distribution company has a

tendency to commit less than its forecasted demand.

3.2.1 Standard uniformly distributed realized demand

with linear supply function

In this section, we examine the results for standard uniformly distributed realized
demand, Y ~ U(0,1) with F(y) =y, f(y) = 1 and E(Y) = 1/2. Again we assume

that supply functions that correspond to prices are linear functions: S(z) = a+pfz
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and S(Y) = a+ Y where @ > 0 and > 0 on R*. Given our assumptions, the
optimal commitment value x* where 5(k + 1) # 0 is found by plugging u = 1/2,

0 = 1 as follows:

. a(—k—1) =28+ /(k+ )22 + 2(k + D2+ k)af + (4 + (L + k) (k + 1)) 2

Bk +1)

For simplicity, when o = 0, the optimal commitment value the z* is reduced

to the following expression:

. AVA+RE+D)+4) -2
= ) (3.9)

According to the optimal commitment value formula in 3.9, Figure 3.1 shows
the optimal commitment values that correspond to the each combination of (k, 1)
within the range of 0 and 1. It represents the change in z* with respect to penalty
parameters k and [. The positive effect of k£ and negative effect of [ on z* that
we present in Proposition 2 can be seen clearly in this figure. Additionally, it
can be seen that when the values of both k£ and [ go to 0 (no penalty parameters
in the real-time market), the limit of expression (3.9) is 0.25, meaning that the
optimal commitment value is 0.25 (§). However, in this special case one could
expect the optimal commitment value to be 0.5 (u) because of the uniform dis-
tribution setting. This outcome supports our assertion in Proposition 5 which is

the distribution company has incentive to underbid.

Figure 3.2 represents several k and [ combinations that gives the same optimal
commitment value. For instance, the (k,l) combinations (0.02,0.2), (0.05,0.8)
and (0.06,1) gives the same optimal commitment value, which is 0.25, whereas
the (k,l) combinations (0.72,0), (0.8,0.43) and (0.9,1) gives 0.4. When k and [
combinations are selected within the range of [0,1] (as it is currently selected
in practice), they incentivize the company to commit for some specific values
such as such as 0.25, 0.275, 0.3, 0.325, 0.375, 0.4, 0.425 and 0.448 to maximize
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Figure 3.1: The change in optimal commitment value with respect to penalty
parameters k and [, where Y ~ U(0, 1).

its profit. In the current practice where k and [ are 0.3, a company’s optimal
commitment value is found as 0.31 in our setting. The maximum commitment
value that could be observed in Figure 3.2 is 0.448. Therefore, the distribution
company can commit 0.448 at maximum for all possible combinations of k£ and [
in the current range. However, it should be 0.5 for our special case. This finding
indicates that the current range of penalty parameters defined by Energy Market
Regulatory Authority still leads distribution company to underbid.

In Figure 3.3, the range of k and [ parameters are extended to [-2,2] and
the counter plots are provided for the positive optimal commitment amounts.
The combinations which incentivize the company to commit expected optimal
commitment value, 0.5 are identified as (0.6,-2.2),(1,-1),(1.4,0.2),(2,2). It is seen
that for the true forecast value, the penalty parameter [ can have both positive

and negative values that supports the result that we show in Proposition 4.
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The results of Figure 3.2 and 3.3 implies that as long as these penalty param-
eters are chosen in the range of [0,1], the distribution company is not forced to

forecast or report the true forecast value which is 0.5 for our special case.

1.0-
0.6:

[ 425
0.2

0275 L g 4y
0.0 0.2 0.4 0.6 0.8 1.0

Figure 3.2: k and [ combinations for different optimal commitment values where
k,l€0,1] and Y ~ U(0,1)
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Figure 3.3: k and [ combinations for different optimal commitment values where
k,le[-2,2land Y ~ U(0,1)
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Chapter 4

An application: Empirical

calibration with real data

We work with real demand data to examine the effect of penalty parameters based
on different demand characteristics such as hour, day, season, region and sectoral
demand profiles. In previous anaysis, we took realized demand as uniformly
distributed. However, for these anayses, we use real data and find emprical
distribution functions for the realized demand in every anaysis. The data that
we work on consists of the load profiles of 21 distribution companies that cover the
energy needs of 7 regions in Turkey for the months between September 2013 and
August 2014 is obtained from the Energy Market Regulatory Authority of Turkey
(EMRA) website [41]. The data also includes consumption amounts for different
sectoral demand profiles such as household, industrial, commercial, agricultural
irrigation and lightening. Once the data to be used are determined, the data are
normalized on an hourly basis, so that it becomes compatible with each sectoral

demand profile.

The demand data that we work on shows differences according to hours, sea-
sons, regions and sectoral demand profiles. For instance, Figure 4.1, 4.2 and 4.3
show the hourly household and industrial data for a winter month (January) and

a summer month (June) for Baskent distribution region and Bogazici distribution
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region. As can be seen in Figure 4.1, the consumption amounts differ for winter
and summer seasons and the time of the day. For example, in every hour, the
consumption amounts in winter day (January 2) are greater than the amounts in
summer day (June 2). In addition to that, the maximum consumption amount
seen on January 2, 2014 is observed at 9:00 p.m., whereas, it is seen at 11:00 p.m.
in June 2, 2014. Moreover, the sectoral demand profile differences can be seen
in Figure 4.2. The industrial demand is greater than the household demand in
each time period of the day. Figure 4.3 also shows the demand vary according to

distribution regions: Baskent and Bogazici.

Hence, as the hourly demand data shows high variety, for our analysis, the
realized demand distribution is found by fitting empirical demand distribution
functions to the hourly data by Mathematica. Based on the best distribution fits
for each analysis, we find the expected profit of the distribution company (can
be seen in equation 3.3) by taking S(zr) = a + Sz and S(Y) = a + SY where
a = 0 and 8 = 1 for simplicity and obtain the optimal commitment amounts. We
also examine how the effects of penalty parameters on the optimal commitment
amount vary based on time of the year, seasons, regions and sectoral demand

profiles.

In our analysis, we first show that the penalty parameters could be chosen
differently for different times of the year such as seasons, days or even the hours.
Then, we perform the same analysis on the two different distribution regions in
Turkey: Baskent distribution region and Bogazici distribution region. Baskent
distribution region includes seven mid-north cities of Turkey including capital
Ankara and Bogazici region includes the European side of Istanbul. Results
show that effect of the penalty parameters depend on the regions significantly.
Finally, we obtain similar results on sectoral demand profiles such as household

and industrial.
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Household Data for Baskent Dist. Inc.

100
90
80
70
60
50
40
30
20
10

Consumption (MWh)

January 2, 2014
—o—June 2, 2014

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24
Time (h)

Figure 4.1: Consumption amounts of the households of Baskent Distribution

Inc. for the dates of January 2, 2014 and June 2, 2014 with respect to time.

Bogazici Dist. Inc.
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Figure 4.2: Consumption amounts of the households and industries for Bogazici

Distribution Inc. in January 2, 2014 with respect to time.
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Household Data for June 2. 2014
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Figure 4.3: Consumption amounts of the households of Baskent and Bogazici

Distribution Inc. in June 2, 2014 with respect to time.

4.1 Hourly Analysis

The aim of this analysis is to show the effect of k£ and [ parameters on the
hourly demand commitments. An empirical distribution is fit to the normalized
household data obtained for Baskent Electric Distribution Inc. for each hour. For
example, the best distribution fits are found as Normal distribution with a mean
of 0.49 and standard deviation of 0.19 for the normalized 1 a.m. data and an
Extreme Value Distribution with parameters of 0.26 and 0.16 for the normalized
8 a.m. data as seen in Figure 4.4 and 4.5 respectively. According to this best
distribution fits, the probability distribution of the demand data is used in our
model. As it is seen the probability distribution of demand is taken as f(y) =
2.085¢1366(=04914)” for 1 a.m. and taken as f(y) = 6.089¢ """ +6.089(0.26—)
for 8 a.m. Empirical distributions for every hour can be seen explicitly in Table

4.1. Using the best distribution fits for every single hour, we solve equation (3.3)
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for the optimal commitment value z* based on the k£ and [ parameters. Figure
4.6 shows that the effects of k and [ parameters on z* differ in every hour. We
observe that as [ increases the optimal commitment value decreases; however, as

k increases the optimal commitment value increases.

Moreover, in order to see the effects of penalty parameters clearly, we look at
the peak hour and off-peak hour. 1 a.m is observed as the peak hour and 8 a.m is
observed as the off-peak hour. Figure 4.7 shows the effect of penalty parameters in
the optimal commitment values in peak and off-peak hours. Figure 4.7 also shows
that the peak hour commitments are more sensitive to the k and [ parameters.
This means that, at peak hours, there can be several k and [ combinations that can
induce some optimal commitment amount and this combinations can be different

at off-peak hours.
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Table 4.1: Empirical distributions for the hours between 12 p.m. and 11 a.m. of
the household demand data for the months between September 2013 and August
2014 for Baskent Distribution Inc.

Hours Empirical Distributions

12 p.m. | MixtureDistribution[{0.72,0.28} ,{ NormalDistribution|0.36,0.13],
NormalDistribution[0.67,0.13]}]

1 p.m. | NormalDistribution[0.49,0.19]

2 p.m. | MixtureDistribution[{0.6,0.4},{ NormalDistribution[0.33,0.14],
NormalDistribution[0.62,0.17]}]

3 p.m. | MixtureDistribution[{0.59,0.41},{NormalDistribution[0.24,0.1],
NormalDistribution[0.53,0.16] }]

4 p.m. | WeibullDistribution[2.29,0.46,-0.3]

5 p.m. | WeibullDistribution[2.67,0.52,-0.1]

6 p.m. | NormalDistribution[0.37,0.18]

7 p.m. | MixtureDistribution[{0.6,0.4},{NormalDistribution[0.21,0.1],
NormalDistribution[0.58,0.18]}]

8 p.m. | ExtremeValueDistribution[0.26,0.16]

9 p.m. | MixtureDistribution[{0.52,0.48},{ NormalDistribution[0.23,0.11],
NormalDistribution[0.5,0.16] }]

10 p.m. | MixtureDistribution[{0.42,0.58} ,{ NormalDistribution[0.24,0.09],
NormalDistribution[0.43,0.22] }]

11 p.m. | MixtureDistribution[{0.71,0.29},{ NormalDistribution[0.35,0.1],
NormalDistribution[0.65,0.12] }]

12 a.m. | MixtureDistribution[{0.31,0.69},{ NormalDistribution[0.36,0.08],
NormalDistribution[0.47,0.2] }]

1 am. | MixtureDistribution[{0.82,0.18},{NormalDistribution[0.41,0.13],
NormalDistribution[0.74,0.12] }]

2 am. | NormalDistribution[0.49,0.18]

3 a.m. | MixtureDistribution[{0.74,0.26},{ NormalDistribution[0.4,0.13],
NormalDistribution[0.71,0.14] }]
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Hours Empirical Distributions

4 a.m. | MixtureDistribution[{0.74,0.26},{ NormalDistribution[0.36,0.12],
NormalDistribution[0.7,0.12] }]

5 a.m. | GammaDistribution[3.6,0.11]

6 a.m. | MixtureDistribution[{0.7,0.29},{NormalDistribution[0.25,0.11],
NormalDistribution[0.68,0.13]}]

7 a.m. | MixtureDistribution[{0.62,0.38},{ NormalDistribution[0.25,0.12],
NormalDistribution[0.69,0.13]}]

8 a.am. | MixtureDistribution[{0.63,0.37},{NormalDistribution[0.31,0.13],
NormalDistribution[0.69,0.13]}]

9 am. | MixtureDistribution[{0.72,0.28},{ NormalDistribution[0.34,0.13],
NormalDistribution[0.7,0.12] }]

10 a.m. | NormalDistribution[0.41,0.19]

11 a.m. | NormalDistribution[0.43,0.17]

4.2 Daily Analysis

In this section, we show that the effects of k and [ parameters differ depending
on whether a day is a weekday or weekend. To examine this effect, an analysis is
again performed with the normalized hourly household data for Baskent Electric
Distribution Inc. grouped for weekdays and weekends. Figure 4.8 shows that the
optimal commitment values in weekends are higher than the weekdays. Addition-
ally, the effect of k£ is more prominent compared to [ and this effect is greater at
weekends compared to the weekdays. The histograms and empirical distributions

of weekdays and weekends can be seen in Appendix B.1 and B.2.
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4.3 Seasonal Analysis

The hourly household data for Baskent Electric Distribution Inc. is divided into
seasons and the effect of £ and [ parameters on the optimal commitment value
is examined using the normalized data. In Figure 4.9, we examine the impact
of penalty parameters on the commitments in different seasons. We observe
that the change in k and [ parameters has more significant effect on the optimal
commitment values in winter and summer compared to the shoulder seasons as

might be expected. The histograms and empirical distributions of each season
can be seen in Appendix B.3, B.4, B.5 and B.6.

4.4 Regional Demand Analysis

In order to analyze the effect of regional differences on the selection of k£ and [ pa-
rameters, we use the normalized data from two different distribution companies:
Baskent Electric Distribution Inc. and Bogazici Electric Distribution Inc.. The
hourly household consumption data is used again and the same steps are applied
to find optimal commitment values. In Figure 4.10, it is seen that the effect
of parameter k is more significant compared to the parameter [ in both region.
However, the effect of £ on the commitment values is different for each region.
As k increases the optimal commitment value increases with a decreasing rate
in Baskent distribution region; however, it increases monotonically in Bogazici
distribution region. This implies that, the commitment values in Bogazici distri-
bution region is more sensitive to the penalty parameter k£ compared to the Basket
distribution region. The histograms and empirical distributions of Baskent and

Bogazici distribution region can be seen in Appendix B.7 and B.S.
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4.5 Sectoral Demand Analysis

For this analysis, we examine the effect of penalty parameters on different sectors
and take the sample sectors as household and industrial. The normalized values
of the household and industrial demand profiles observed by Baskent Electric
Distribution Inc. are used. Figure 4.11 shows the optimal commitment values for
industrial demand are higher than household demand. Here, as [ increases, the
optimal commitment value slightly decreases, whereas as k increases the optimal
commitment increases significantly. This also shows that commitment values are
more sensitive to k£ than [. The histograms and empirical distributions of each

sectoral demand profile can be seen in Appendix B.9 and B.10.

The empirical analysis performed with the real data shows that the penalty
parameters could be chosen differently for different seasons, days, hours, regions
and sectors. Therefore, we can conclude that demand-specific penalty parameters
could be put into action so as to encourage companies to commit their true

forecast values.
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Figure 4.4: The histogram and empirical distribution function of 1 a.m.
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Figure 4.5: The histogram and empirical distribution function of 8 a.m.
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Figure 4.6: The optimal commitment value z* for each hour with respect to
penalty parameters k and [
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Figure 4.7: The optimal commitment value z* for a peak (1 a.m.) and off-peak
hour (8 a.m.) with respect to penalty parameters k and [
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Figure 4.8: The optimal commitment value z* for weekends and weekdays with
respect to penalty parameters k£ and [
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Figure 4.9: The optimal commitment value z* for different seasons with respect
to penalty parameters k£ and [
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Figure 4.10: The optimal commitment value x* for Central Anatolia Region
and Marmara Region.
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Figure 4.11: The optimal commitment value z* for different sectoral demand
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Chapter 5

Conclusion

Electricity is a challenging commodity as the imbalances in the electricity markets
can result in severe deterioration of the power system and black outs. To be able
to avoid such conditions, several imbalance penalty mechanisms have been used
in different electricity markets. In some of these markets (e.g. Turkish power
market), imbalances in the day ahead market are penalized by a double price
mechanism which includes imbalance penalty terms. Studies about the day ahead
market in the literature are generally based on finding optimal electricity price
and optimal commitment strategies. However, to best of our knowledge, there
is no study that characterizes the impact of the penalty parameters for energy
imbalance payments on the commitment amount of a distribution company both
analytically and empirically. Hence, the main aim of our study is to contribute the
literature by providing an analytical approach on selection policy of the penalty
parameters while analyzing the effects of those penalty parameters on the optimal

commitment amounts of distribution companies.

In the day ahead market, a distribution company is supposed to meet its
customers demand next day. If the distribution company has negative energy
imbalance, the deficit amount is purchased from the market at a cost which is

calculated by multiplying the maximum of system marginal price and market
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clearing price by a penalty term greater than or equal to 1 (1+ penalty parame-
ter). Likewise, if the distribution company experience positive energy imbalance,
the surplus will be sold to the market with a price which is calculated by mul-
tiplying the minimum of system marginal price and market clearing price by a
penalty term less than or equal to 1 (1-penalty parameter). These penalty terms
include penalty parameters which are, in current practice, chosen between 0 and
1 and equal to each other. In our market setting, we analyze the selection policy
of these penalty parameters, while examining the role of them on the optimal

commitment decision of a distribution company in the day ahead market.

In this thesis, we first examine if this pricing mechanism motivates companies
to commit their actual predicted generation/demand amount or if there is a ten-
dency to overbid or underbid their predictions in the market. To this end, we
develop a variant of the newsvendor model from the perspective of a distribution
company. With assuming a single distribution company in the market and mono-
tonically increasing supply curve that represents the unit prices (market clearing
price and system marginal price), we propose a closed form solution of an optimal
commitment value in a single time-slot in the day ahead market. We also derive
the rate of changes of the optimal commitment amount with respect to penalty
parameters. Our analytical results show that the optimal commitment amount
of the distribution company is highly dependent on the penalty parameters. We
show that increasing positive energy imbalance penalty parameter (k) leads the
optimal commitment amount to increase, whereas increasing the negative en-
ergy imbalance penalty parameter () leads the optimal commitment amount to

decrease in proportion to the rate of changes respectively.

After proposing closed form representation of optimal commitment amount
and observing the effect of penalty parameters on this amount, in order to pro-
vide more simple representations, we propose a special case in which the realized
demand is uniformly distributed. We show that when there is no penalty param-
eters in the imbalance mechanism, the distribution company has a tendency to
underbid its expected demand. We also demonstrate that the way the penalty
parameters are currently determined (choosing them with the same value in the

range of 0 and 1) also may lead distribution companies underbid their predictions.
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After having insights about the behavior of the distribution company in the
current setting, we represent an expression for the ranges of the penalty pa-
rameters which may force the company to give a true forecast reportings. This
expression for our special case shows that in contrast to the current practice, the
penalty parameters should not be selected independently from each other, and
their combination should be taken into consideration while selecting their val-
ues. Additionally, we show that the penalty parameters can take both negative
and positive values depending on the demand distribution and supply function

parameters.

Moreover, using real demand data and fitting empirical distributions to the dif-
ferent demand profiles, we show that effect of penalty parameters on the optimal
commitment amount could vary based on the hour, day and season of the year
as well as the region and the sector that the demand comes from. Additionally,
we show that the sensitivity of the optimal commitment amount for the time of
the year, region and sector of the demand profiles differ. In some analysis, we
show that the optimal commitment amount of the distribution company is more
sensitive to the changes in the penalty parameter & compared to the change in
[. Therefore, we show that the hour, day, season of the year, region and demand

profile also have importance in the selection process of penalty parameters.

Current selection policy for the penalty parameters is not based on a systematic
approach. We take the first step to this end and present insights using a simplified
yet effective version of the real system. Our results can have an enlightening effect
for both the Energy Market Regulatory Authorities and market participants. As
a future work, this study can be extended in multiple directions. First, the
same system may be run for multiple time slots and it may be explored with a
game theoretic approach including multiple suppliers and distribution companies
in the market. This can present more realistic approach on selection policy of
the penalty parameters. In our work, prices are obtained using linear supply
functions depending on the commitment and realized demand values. Regarding

this, another research direction can be estimation of the prices using real data.
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Appendix A

Proofs of the Analytical Results

Proof of Proposition 1. In order to be an optimal solution to the maximization
problem given in (3.3), the solution has to satisfy the second order optimality
conditions. Let z* denotes a specific value of z, and f : S — R where S C R is a
twice differentiable function at the point z* € [0,00). Then, in order z* to be the
optimal solution to the maximization problem the following conditions should be
satisfied.

1. (necessity) If z* is an optimal solution to the maximization problem given in
(3.3), then 2 — ¢

2. (sufficiency) If % < 0, then z* is an optimal solution to the maximization
problem given in (3.3).

must hold.

First, by using simple differentiation the maximization problem given in (3.3)

is simplified as follows:
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T +00 T 400
E[H<w,Y>]=p< /0 yf(y)dy + / yf(y)dy)—5<w>x< /0 f(y)dy + f(y)dy>

-0 [ =056y - 141 < / S )y / ” xS(y)f(y)dy>

= puy — S(z)r + (1 =1) /OZ(:E —y)SW)fy)dy — (L + k) <M5(Y)Y

L /0 " yS()f )y — sy — /0 x S(y)f(y)dy))

where ["Y f(y)dy + f;“yf(y)dy = Jo Tufly)dy = py, fo”” (y)dy +
S fy)dy = 1, foxyS F)dy + [ ySy) fy dy = fo S)f(y)dy =
[y (y) and thereforef S) f)dy = pysory—fy yS() f(y)dy, fo (y)f
f;oo Sy)f(y)dy = +°O S(y)f(y)dy = [1s(v) and therefore f S(y)f
Hs(y) — foz S)f(y )dy

Therefore,

E[ll(z,Y)] = ppy — S(x)z + (1 —1) /Ox xS (y) f(y)dy — (1 —1) /Ox ySW) f(y)dy + (1 + k)zpsey)
- (+ Rpsory + (14 0) | S () Fw)dy — (1 1K) / " 2S() f(y)dy

— priy — S(2)e + (L+ k) (s — psery) — (k+1) /Ox(x—y)S(y)f(y)dy

Let f(r,y) = puy — S(x)x + (1 + k)(zpsey — psory) — (k +1) [y (@ -
y)S(y)f(y)dy. Assume that the necessary condition holds. Then, check the
sufficiency of second order optimality condition whether % satisfies the con-
cavity or not. Using simple derivation and Leibniz Integral Rule the first order

of f(z,vy) (df(x ) is found as:

of(z,y) _
- Or

Olfy =Sw) f(y)dy — [ yS(y)f(y)dy)

—8'(x)x — S(z) — (k +1) -

+ (1 + k) pse)
= —5'(x)x — S(x) — (k+1) /0 S)f(y)dy + (L + k)psey)
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where

Olfy =SW)f W)dy — Jy ySW)fW)dyl _ 0lfy xSw)f(w)dy]  Olfy ySu)f(y)dy]

ox ox i oz
— 8(x)f(z) + / SW)f(y)dy — 25(x)f ()

- / " S f(y)dy

Then, the second order of f(z,y) (82£§Z’y))is driven as the following:

822(22’—3/) = —S"(z)x —25'(z) — (k + l)a[fow S(ng(wdy]
= —(8"(x)x + 25 (z) + (k +1)S(2z) f(2))
where
olfy SY)f(y)dy]

from Leibniz Integral Rule.

Since S(x) is a monotonically increasing function (S(x) > 0) then S”(x) > 0
and S’(z) > 0 for all x € [0,00]. The conclusion is same for z* such that
S(z*) > 0, 8"(z*) > 0 and S'(z*) > 0. Also, since uy > 0, k > 0, { > 0 and
f(z) > 0, one can see that % < 0. This shows that the concavity of the

second order condition is satisfied. Thus, the sufficiency condition is satisfied.

Hence, we can say that the optimal = (z*) solves S(z) + xS'(z) + (k +
) [ SY)f(y)dy = (1 + k)usy) is the solution to the maximization problem
given in (3.3).

Proof of Proposition 2. In order to see the effect of k and [ on x*, %i]; and
% are found by using Implicit Function Theorem (IFT). Remember the IFT is
defined as following;:

Suppose F(x,y) is continuously differentiable in a neighborhood of a point (a, b) €
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R™ x R and F'(a,b) = 0. Suppose that aF{gZ’b) =# 0. Then thereis 6 > 0 and ¢ > 0

and a box B = (z,y) : ||z — a|| < 9, |y — b|< € so that

1. For each z such that ||z — a|| < ¢ there is a unique y such that |yb|< € for
which F(x,y) = 0. This correspondence defines a function f(x) on ||z —al| < ¢
such that

F(z,y) =0 < y = f(z)for(z,y) € B.

2. f is continuous

3. f is continuously differentiable and

| D,F(x, f(x))
By, £(x))

where Df = [fu,, ..., fz,] and D, F' = [F,,,...,F,,]. The equation can also be

written as

Df(x) =

dy oF,,
(9@- N (9Fy

where 7 = 1...n and j = 1...n.

We get benefit from the third expression of the theorem. Suppose there is a
function, F(x,y, k, 1) which is equal to S(z)+xS"(x)+ (k+1) [ S(y)f(y)dy—(1+
K)usyy. F(x,y,k,1) is continuously differentiable in a neighborhood of a point
(z*,y,k, 1) € R*xR and F(x*,y,k,1) = S(z*)+2* S (2*)+(k+1) fow* S(y) f(y)dy—
(14 k)psryy = 0. Also, w # 0 and w # 0. Then, we can write %

and % using the IFT as the following:

‘ OF (x*y,.k,l)
Ox _ e
Ok OF (z*,y,k,0)

ox*
. AF (z* yk,l)
ox _ N e
ol OF (x*,y,k,l)

or*

Then,
oz sy = Jo S f(y)dy

Ok 25'(z*) + 2°5"(x*) + (k + )S(z*) f(z*)
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Oz Jo~ SW)(y)dy

ol 28(wt) + a8 (w) + (k+1)S(a) f(a)

is found where, #HREED = 95(x7) 445" (a) + (k +1)S(a") f(a7), PG =

fox*s( )f(y)dy — psy and Fx QR kl) fo (y)f(y)dy.

Proof of Proposition 3. Proposition 1 derives the general form formula of

optimal x which solves S(x) + S5'(z) + (k + 1) [ S()f(y)dy = (1 + k)usy

Under Proposition 1, for uniformly distributed realized demand between p — %

and ,u—i-g and linear supply functions S(z) = a+ pz, S(Y) = a+ Y, the general
closed form formula is revised to

T

a+5x+@x+<k+w/ (a+ B9)(3)dy = (14 K)o+ fpy)

n=3

By

as2ia+ k40 (§)+dy) = 1+ B+ 5

s

)+ b0 [ yy) = (14 B+ o)

T

a+2ﬁx+(k+l)(%/

_$
2

a+2ﬁx+(k+l)(%)(x—,u+ = (1 +k)(o+ Bu)

where f(y) = 3.
Solving the equation given above according to x, gives the optimal commitment

value x* explicitly as

. =2k +Da—486  /2k(AB5(2a + Bu) + (5202 + 4(a + Bu)?))
B 26(k +1) 28(k +1)
\/2a2 4+ 962+ 835) + 88u(2a + B + ad))
28(k + 1)
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where B(k +1) # 0.

Proof of Proposition 5. When there is no penalty parameters in the imbalance
formula (k = 0, [ = 0), the general closed form formula (S(x) 4+ 25" (x) + (k +
) J5 Sw) f(y)dy = (1 + k)usy) so as to find the optimal commitment value

shown in Proposition 1 is revised to
S(x) 4+ z5'(x) = ps)
when k£ =0 and [ = 0. Then,
a+fr+ fr=a+ Buy

where S(x) = a+ fz and S’(x) = . Then,

2z = py
o=
2
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Appendix B

Emprical Demand Distributions

for the Analysis
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Figure B.1: The histogram and empirical distribution function of weekday
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Figure B.2: The histogram and empirical distribution function of weekend
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Figure B.3: The histogram and empirical distribution function of summer sea-

son
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Figure B.4: The histogram and empirical distribution function of winter season
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Figure B.5: The histogram and empirical distribution function of spring season
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Figure B.6: The histogram and empirical distribution function of fall season
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Figure B.7: The histogram and empirical distribution function of Baskent dis-

tribution region
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Figure B.8: The histogram and empirical distribution function of Bogazici dis-

tribution region
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Figure B.9: The histogram and empirical distribution function of household
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Figure B.10: The histogram and empirical distribution function of industrial
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