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Esra Koca

Abstract

Electricity day-ahead market is used for matching the electricity demand and supply of
participants according to the market clearing prices. Market clearing prices should be an-
nounced fast enough to inform the participants about their bids’ acceptance status before the
actual transaction. In this thesis, we provide a new method for finding the optimal market
clearing prices of the Turkish day-ahead electricity market clearing problem. This method
works in three stages: First, an approximation of the main model is solved; secondly, a feasi-
ble solution is found close to the solution of the approximation; thirdly, the optimal solution
for the problem is searched starting from the solution of the previous step. Each step of the
approach and additional enhancements are discussed. Then, we test our methodology with
two datasets: one is the generated data which is available to the public, and the other is real
data obtained from the Turkish day-ahead electricity market. Our method gives promising
results and also its simplicity and adaptability is an advantage for using it with other methods

in the literature.

Keywords: Turkish Day-Ahead Electricity Market, Energy Systems, Approximation Meth-

ods.
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TURKIYE GUN ONCESI ELEKTRIK PIYASASINA UC
ASAMALI COZUM YONTEMI

Sinan Seymen
Endiistri Miihendisligi Yiiksek Lisansi

Tez Damismanlari:Ilker Birbil,

Esra Koca

Ozet

Giin Oncesi elektrik piyasasi, katilimeilarin elektrik arz ve taleplerini piyasa takas fiyatlari
dogrultusunda eslestirmekte kullanilir. Piyasa takas fiyatlari, katilimcilara, tekliflerinin kabul
edilme durumunu teklif gerceklesmeden 6grenebilmeleri i¢in yeterince hizli ilan edilme-
lidir. Bu tez calismasinda, Tiirkiye giin Oncesi elektrik piyasasi esleme probleminde en uy-
gun piyasa takas fiyatlarim1 bulmanin daha yeni bir yolunu sunuyoruz. Metot ii¢c asamada
calismaktadir: ilk olarak, ana modelin yakinsamasi ¢oziiliir; daha sonra, yaklasimdan gelen
¢Ozlime yakin bir olurlu ¢6ziim bulunur; ve son olarak, olurlu ¢6ziim ana modele baslangic
cOziimii olarak verilerek problemin optimum ¢oziimii aranir. Metodolojimizin her adimi ve
ek modifikasyonlar detayl bir sekilde ele alinmaktadir. Yaklasimimiz iki veri kiimesi ile test
edilmektedir. Bunlardan ilki iiretilmis veri ve kamuya aciktir, ikincisi ise Tiirkiye giin oncesi
elektrik piyasasindan edinilmis gercek verilerdir. Onerilen yontem umut verici sonuglar ver-
mektedir ve ayn1 zamanda sadeligi ve uyarlanabilirligi literatiirdeki diger yontemlerle birlikte

kullanilabilme avantaji saglamaktadir.

Anahtar Kelimeler: Tiirkiye Giin Oncesi Elektrik Piyasasi, Enerji Sistemleri, Yakinsama

YoOntemleri.
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1 Introduction

Recently, electricity exchange markets enjoy an increase in audience size worldwide.
Furthermore, with the additional customers in the market, satisfying everyone in the market
is of utmost importance. An electricity market is the system in which one side is bidding for
buying electricity and the other side is bidding for selling their produced electricity. Because
the electricity cannot be stored efficiently in today’s world, it should be utilized exactly when
it is produced. This storage problem increases the need for the day-ahead electricity market
(DAEM). In DAEM, prices for every hour are decided and then the market is cleared by
matching the demands and supplies one day ahead according to the decided prices. To find
this prices to satisfy the bidders in the market, market clearing problem is solved in Turkish
DAEM.

In Turkish DAEM, to prevent discrimination between the participants, uniform prices are
used for market clearing price (MCP) values. For every 24 hours of the day, participants are
informed about the MCP values which are the same for every participant and the resulting
acceptance or rejection status of their bids. Turkish DAEM uses uniform pricing while de-
ciding the MCP values. In uniformly priced markets, every participant’s bid is accepted or
rejected according to the MCP value for that hour, so everyone is paid or pays to the system
the MCP value of that hour for each electricity received or supplied. These MCP values are
calculated by matching the bids with each other, balancing the demand and supply quanti-
ties, and maximizing the daily market surplus of the participants in the process. Of course,
each market has its own unique requirements and regulations for deciding which bids to be
accepted and which bids to be rejected in that hour. The type of bids that participants can

enter may also change in each market.



1.1 Bid Types

In Turkish DAEM, three types of bids can be provided: hourly, block and flexible. Price
interval for the bids is 0 to 2,000. The unit of measurement of price values is TL/MWh, and
quantities are represented in terms of lots where one lot corresponding 0.1 MWHh, in Turkish
DAEM.

Hourly bids: Participants give discrete data points consisting of two values, quantity and
price for their bids for a single hour. Hourly bids can be in either direction, buy and sell,
and basically, the participants declare their preferred electricity quantity and its price value
in either direction. Furthermore, we assume that these bids are made by rational decision-
makers, for example, supply quantities should either increase or stay the same in case of
a price increase and vice versa. Hourly bids are the most common bid type in electricity
markets. In Turkish DAEM, linear interpolation is being used for determining the price and
quantity matchings that are not at breakpoint levels. The line between two breakpoints is
called segment. Table 1.1 illustrates a common single hourly bid. For example, suppose that
the MCP value for the corresponding hour is decided as 250 TL. That means the MCP value
is between the first data point (0, 2,000) and the second data point (500, 1,600). Then the first
segment would be partially covered with quantity of 1,800 because MCP is 250 TL and its in
between price values 0 and 500. The interpolation between 2,000 lot and 1,600 lot gives us

the quantity value of 1,800 lot.

Table 1.1: Single demand hourly bid

Price(TL/MWh) 0 500 | 2,000
Quantity(Lot) | 2,000 | 1,600 | 1,200

Block bids: Participants give discrete data points consisting of quantity and price values
similar to hourly bids, in addition to that participants give the interval of consecutive hours of
which the block bid spans. Furthermore, block bids are either fully accepted for every hour it
spans or they are fully rejected. This kill-or-fill property, not allowing partial acceptance of
block bids, makes the mathematical formulation of the market non-convex.

In Turkish DAEM, linked bid type, a special type of block bid is also used. Linked bids

have two components, parent and child bids, which are connected to each other. The parent



block bid must be accepted in order to accept the child block bid. But the reverse does not
necessarily apply, the parent bid can be accepted when the child bid is rejected.

In Table 1.2, Block bid-A covers 5 hours and is linked to the block bid-B which covers 9
hours different than hours covered by block bid A. If A is accepted in this system B should

be accepted as well, because they are linked to each other.

Table 1.2: One demand and one supply block bids

Name Type | Price(TL/MWh) | Quantity(Lot) | Range Link
Block bid-A || Demand 150 500 1-5 | Block bid-B
Block bid-B || Supply 200 200 10-18 -

Flexible bids: Participants give quantity and price information but they do not specify the
hour information, so flexible bids can be accepted at any hour of the day. In Turkish DAEM,
flexible bids are occasionally observed, but only supply type of flexible bids are supported at

the moment.

1.2 Rules of Market Clearing

In Turkish DAEM, aggregation method is used to determine the demand and supply
curves of the system for each hour. For every price value of a supply or demand bid, the
quantity of the demand and supply bids are summed up at those price points respectively,
giving us one demand, one supply curve for each hour. This method gives us one curve rather
than multiple curves for each side which is easier to work with, however, because of the ag-
gregation of all the participants’ bids, this newly obtained curve has more segments and more
variance in slopes between the data points. Varying slopes between the data points may lead
to non-convexity of the problem.

Each bid in the system either becomes in the money (ITM) or out of the money (OTM)
with respect to the MCP value of the hour. For an hourly bid, it is ITM in that segment if that
transaction incurs an income to market. If a demand (supply) side bid price value is greater
(Iess) than to the MCP value of that hour, then that bid is ITM. For example, if a bid consists
of quantity and price values of (150, 500) and MCP value is 400, accepting that bid results in

surplus to the overall system. If a demand (supply) side bid price value is less (greater) than



to the MCP value of that hour, then we call that bid OTM. OTM bids incur loss of welfare
to the system if accepted. If the MCP value is between price values of two bid points, it is
referred as at the money (ATM) and that hourly bid is partially accepted.

A block bid might be ITM or OTM at different hours it span, therefore we refer to an
average income value for them. So, if a demand (supply) block bid’s price value is greater
(Iess) than or equal to the average of the MCPs of the hours spanned by the block bid, then
that block bid is ITM . It is OTM if the other way around. If a block bid’s price value is equal
to the average of the MCPs of the hours spanned by the block bid then that block bid is ATM.
A flexible bid is ITM if the price of the flexible bid is less than or equal to the maximum MCP
of that day. Since flexible bids only on the supply side are considered in Turkish DAEM, we
have only one ITM condition. If the maximum MCP value is equal to the flexible bid’s price
value then that bid is ATM.

According to Turkish DAEM regulations, ITM bids should be accepted and OTM bids
may or may not be accepted while ensuring a feasible matching between the participants.
Turkish market has paradoxically accepted bids (PABs) similar to the U.S. markets. PABs
incur negative income to the system because the bid is accepted although they incur loss to
the system. Turkish regulations state that all the money lost in that particular transaction
will be paid to that participant, and this payment is called uplift or side payment. Market
operator pays those losses to the bidder in case OTM bids are accepted. European DAEM is
different than Turkish DAEM, some ITM block bids might be rejected if necessary, resulting
in paradoxically rejected bids (PRBs).

Energy Exchange Istanbul (EXIST) is an energy exchange company legally incorporated
under the Turkish Electricity Market Law and enforced by the Energy Markets Operation
License granted by the Energy Markets Regulator Authority (EMRA) of Turkey. EXIST has
developed its own model for solving Turkish DAEM clearing problem. A feasible solution
obtained by the help of various heuristics is given to this model as a starting initial solution.
The objection function of EXIST’s model maximizes the total daily surpluses of demand and

supply sides which we will discuss later.



1.3 Contributions

Our contribution to the literature is defining a new way of thinking for Turkish DAEM
clearing problem. Our three-stage solution approach speeds up the process quite a lot by
approximating the real data and obtaining an initial solution from the approximation. In
EXIST’s model, large data instances cannot be solved efficiently and within the time limit (10
min.) the model may not obtain even a feasible solution. Our three-stage model works well
with those, “hard” instances, in the Turkish DAEM. In our method, we get rid of the heuristics
part of the current solution approach of EXIST and design a model which only relies on
the optimization tools. Because of the data confidentiality, not many methods are tested for
DAEM clearing problems, and we come up with a different idea to solve these problems. Our
idea depends on data manipulation and approximation, therefore it can work together with
different approaches and ideas, and can work with different and more specialized market
rules than those employed by Turkish DAEM.

In Chapter 2, related literature review will be presented. The problem description and
formulations will be discussed in Chapter 3. In Chapter 4, we will define our three-stage
approach, and in Chapter 5, the results of the different approaches we implemented in each
step will be shown. In Chapter 6 we will discuss another formulation for DAEM market
clearing problems. Finally, Chapter 7 will outline the conclusion of our studies and the future

work that can be established from this work.



2 Literature Review

In the literature, MCP calculation problem in DAEM is not covered thoroughly. One of
the reasons for that is the confidentiality of the real data solved in DAEM. In European case
[1] and Turkish case [2], there are only a few publications working with real data, and in this
thesis, we made use of the ideas presented in Madani and Van Vyve [1] and Derinkuyu [2].

Derinkuyu [2] explains and builds a model to solve Turkish DAEM clearing problem,
and develops a heuristic approach. The main structure of our model is very similar to the
one that is presented in Derinkuyu [2]. Ideas of giving limits to the MCP values and using
the aggregation method for demand and supply bids are also proposed by Derinkuyu [2].
One difference is that, Derinkuyu [2] used the minimization of MCP values in his work,
different than welfare maximizing of our work. We worked with EXIST on this thesis, so
that generated and real datasets are provided by the company. Our aim is to find a new
approach to improve the solution time of their method. One of the contributions of this
study is exploiting the linear structure of the hourly bid curves to solve an approximation
of the data and coming up with a good feasible solution close to the optimal solution. Our
three-stage solution approach is also flexible such that it can be combined with other solution
methodologies.

Our second contribution is implementing the ideas and models suggested by Madani and
Van Vyve [1] to Turkish DAEM. Madani and Van Vyve [1] develops a new formulation
for European DAEM problem without using auxiliary variables to force market equilibrium
conditions, using both the primal and dual of the model. Although, their work does not
consider the flexible and linked block bids, they came up with a new MIP formulation for the
European DAEM clearing problem. We modified their work to Turkish DAEM to obtain a

different formulation that can be extended in the future with the addition of flexible and block



bids.

Participants of the DAEM agree on the specifications of their countries’ market rules.
Those rules determine which demand and supply bids are matched with each other and which
should be accepted considering the uniform prices of the MCP values for every hour. Non-
uniform prices for market clearing problem is discussed in the literature as well [3]. Differ-
ent countries have different specifications such as accepting ITM bids are forced in Turkish
DAEM, rejecting OTM bids are forced in European DAEM, uplifts are paid in some markets
by the government, and in some uplifts are nonexistent. Some studies minimize or at least
consider the uplift price of the system [4], however in Turkish DAEM, uplift minimization
is not considered. Martin et al. [5] focus on the constraints of the U.S. model as well,
which has similarities with the Turkish DAEM. Comprehensive guides of electricity market
are available in [6] and [7] to check the implementations of different market rules.

In several papers, multiple regions and electricity transferred between them are consid-
ered, but in Turkish DAEM and also in our work only single region is being considered at the
moment. Usually, electricity trade between the regions have limits due to the infrastructure
of the lines carrying the electricity, but in many of the models changing the system from one
region to multiple regions can be done without the loss of generality [1, 5]. Even multi-
ple countries can be coupled in the same DAEM clearing problem. For example, in Central
West Europe many countries are coupled together and their DAEM clearing problem solved
together [8]. With the addition of other European countries in the south and north, the algo-
rithm Euphemia is used to solve their DAEM clearing problem [8]. Turkish DAEM has a
single region at the moment, but considerations are made to divide the region into multiple
regions in the coming years.

Martin et al. [5] presented a new comprehensive model including flexible bids and used
decomposing methods in European DAEM. Two types of cuts are developed in this work:
the first one can lead to suboptimal solutions, and the second one ensures finding the optimal
solution. The latter cuts are slightly slower than the first cuts. Both of these cuts are very
similar to the Bender’s [9] type cuts and similar ideas can be added to the Turkish DAEM in
the future as well.

In this thesis, we maximize the welfare of the whole system. But in some works, only pro-



ducer side is considered with incorporating the competition among other producers [10] so
that the optimal quantity and price bids are decided on one side of the auction. Additionally,
producer side does not have all the necessary information which leads to use of stochastic
programming models in the energy sector [11, 12]. Most basic scenario we can observe is,
producer side optimizes their bidding considering the MCP values of the previous days. In
our work, competition side is not considered. Additionally, we do not use stochastic models
because we solve the system knowing all the bids from both sides.

In our work, we solved our problem using the primal model only, but the dual of the
problem can be incorporated as well to improve the solution time, especially if strong du-
ality can be proven [13, 14]. Work of Madani and Van Vyve [1] combine the primal and
dual constraints to build a new model that can improve the solution time. In the literature,
other works combining the primal and dual constraints to build a new model can be found.
As an example, the work of Zak et al. [15] solve a non-linear MIP formulation to provide
a solution to the market clearing problem. Using the dual problem, the dual variables can
be interpreted as the MCP values of the system [16]. Generating cuts and using Lagrangian
methods [17]and other state-of-the-art methods are needed to solve the DAEM clearing prob-
lem because the integer flexible and block bids make this problem combinatorial. It is known
that combinatorial problems cannot be handled by the today’s solvers without implementing

more complicated methodologies to decrease the solution time of the system [18, 19].



3 Problem Description and Formulation

In this section, the market clearing problem will be discussed further and then the main
model will be explained. Decision variables and constraints of the Turkish DAEM model will

be explained in detail as well.

3.1 Problem Description

In DAEM, for each location and each hour, an optimization problem is solved to max-
imize the surplus of the system while finding the MCP values of the system. While maxi-
mizing the surplus, certain market regulations should be satisfied. For example, almost in all
markets demand and supply sides’ quantities should be equal to each other for every hour.

Currently, Turkish DAEM is considered as one location, and all the MCP calculations are
uniform across the country. This assumption eases the notation of the model, the location
indices in the DAEM models can be ignored. We also do not deal with network constraints
in our model some other markets do.

There are two main approaches to deal with the data provided in discrete points. Some
markets work with step-wise linear curves for demand and supply sides, and some market
rules interpolate the points in between to obtain a piece-wise linear system. In step-wise
system, because of the rectangular nature of the system, it is relatively easy to calculate
the objective function. On the other hand, piece-wise linear model type results in quadratic
objective function terms. Figure 3.1 and Figure 3.2 show a small example for each curve
type.

Essentially, we need to find the optimal MCP values, such that the accepted total demand

and total supply quantity values should be equal for each hour considered.
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Figure 3.1: Step-wise bid curves Figure 3.2: Piece-wise bid curves

3.2 Mathematical Formulation

For the aggregation of hourly bids, firstly, a set P is constructed from the different price
values for every bid on every segment for each demand and supply side. Secondly, distinct
price values of p are selected in set P, and for all selected distinct values of p, the quantity
values are summed up. If it does not match, then interpolation is used. At the end for each
distinct p value we obtain a g value of aggregated quantity. This way, for every hour, we
obtain one demand and one supply curve derived from multiple curves. Each bid curve has
at least one segment, each two consecutive data points (Q', P') and (Q"*', P"*1) make one
segment of our curves, () and P giving the quantity and price arrays of the curve respectively.
Consider the two demand hourly bids for a specific time in Table 3.1. Hourly bid-A has 3
data points and Hourly bid-B has 4. For aggregating them, we need to consider all the distinct
price values. Price set P contains the values 0, 500, 1,000 and 2,000. Shared price values of
two hourly bids are 0, 500 and 2,000. So, interpolation is needed for the unique price value
of 1,000. For hourly bid-A, quantity value corresponding to price value of 1,000 should be

calculated.

Table 3.1: Single demand hourly bid

Hourly bid-A | Price(TL/MWh) 0 500 2,000 -

Quantity(Lot) 2,000 1,600 1,300 -
Hourly bid-B | Price(TL/MWh) 0 500 1,000 2,000

Quantity(Lot) 2,000 1,200 1,000 500

In Table 3.2, with the summation of quantity values associated with the price values, we

obtain our aggregated curve with 4 data points.

10



Table 3.2: Single demand hourly bid

Aggregated hourly bid | Price(TL/MWh) 0 500 1,000 2,000
Quantity(Lot) 4,000 2,800 2,400 1,800

Set L; gives us the segment of the bid ¢. Furthermore, we define z;; as our continuous
decision variable showing the acceptance rate of an hourly bid : € H of segment [ € L;. H
is the set of all aggregated continuous hourly bid segments, H? representing the demand and
H? representing the supply hourly bid segments. 7' represents the number of hours in the day
for which the MCP values will be determined. Usually 7" is 24 in DAEM, but 7" may take any
positive integer value in general. Value of ¢; corresponds to the hour which hourly bid curve
1 € H is defined. Because of the aggregation method, every ¢ value in 7" has one demand and
one supply curve only. For example for bid ¢: ¢; = 1 means we select the demand and supply
curves of hour 1 and so on. As previously mentioned, at most one segment can be partially
accepted at each hour, if there exists a partially accepted bid that means that optimal MCP
value is between two real data points.

B is the set of all binary block bids, similarly B and B® represent the set of demand
and supply block bids, respectively. A’ represents the set of block bids linked to block bid
b. Moreover, in Turkish DAEM we only consider supply side of flexible bids, therefore, the
set of all flexible bids is F'. Finally, M C'P; defines the MCP values of the system for every
hourt € T'. P,,;, and P,,,, are the minimum and maximum possible values for MCP values.
In our model all MCP values are between 0 and 2000. P!. and P! are the lowest and
highest possible market clearing prices for each hour ¢. Pj and P} are the initial and final
price values of hourly bid ¢ € H at segment [ € L;. Similarly, QY and Q}, are the initial and
final quantity values of hourly bid ¢« € H at segment !/ € L.

Ny, shows the total number of time periods where block bid b spans and dy; is the binary
parameter taking the value of 1 if block bid b spans time period ¢, and 0 otherwise. P, (),
values are the price and quantity values of block bids b € B and P, () values are the price
and quantity values of flexible bids. All quantity and price values are being greater than or

equal to 0. From segment [ = 0 to [ = |L;|, the quantity of demand and supply bid values

11



are non-decreasing, so Q;41) > Qy fori € Hand ! € {1,2,..,|L;| — 1}. From segment
[ = 0tol = |L;| supply curves have non-decreasing price values and demand curves have
non-increasing price values, which means, P11y > Py fori € H*and [l € {1,2,..,|L;| — 1}
and Pyj41— < Py fori e H?andl € {1,2, .., |L;| — 1}. bburay dzelt

In addition to the decision variable x;;, we define y, € {0, 1} which is equal to 1 if block
bid b € B is accepted, and 0 otherwise. z; € {0, 1} is similarly defined which is equal to 1
if f € F is accepted, and O otherwise. Similarly, decision variable s € {0,1} defines the
hour of the day that the flexible bid is accepted. Lastly, the decision variable w; € {0, 1}
is defined as 1 if we fully accept a segment of hourly bid : € H of segment [ € L;, and 0
otherwise. Decision variable w;; is used to make sure all I'TM hourly bids are accepted and

OTM hourly bids are rejected.

Following tables 3.3, 3.4 and 3.5 recapitulates the sets, parameters and the decision vari-

ables of the mathematical model of Turkish DAEM clearing problem respectively:

Table 3.3: Sets of the Model

Symbol | Definition
T Set of time periods
t; Time period corresponding to hourly bid ¢ € H
L; Set of segments for hourly bid i € H
H¢ | Set of demand hourly bids
s Set of supply hourly bids
H Set of all hourly bids H* U H¢
B4 | Set of demand block bids
B? Set of supply block bids
B Set of all block bids B* U B¢
AP Set of block bids to which block b is linked, b € B
F Set of flexible bids (all supply bids in Turkish DAEM)

12



Table 3.4: Parameters of the Model

Symbol | Definition
P .| The lowest possible market clearing price for period ¢t € T
P! .. | The highest possible market clearing price for period t € T'
P.in. | The lowest valid bid price
Poe | The highest valid bid price
PY, P} | The initial and final price for the hourly bid ¢ € H of segment [ € L;
9, QL | The initial and final quantity for hourly bid i € H of segment [ € L;
Py, @, | The price and quantity of block bid b € B
P, Qs | The price and quantity of flexible bid f € F’
N, Number of time periods where block bid b spans, b € B* U B¢
Opt Binary parameter equal to 1 if block bid b € B spans period t € T

Table 3.5: Decision Variables of the Model

Symbol | Definition
Tl Accepted fraction of segment [ of hourly bid ¢
wy 1 if segment [ of hourly bid : is fully accepted, O otherwise
UYp 1 if block bid b is accepted, 0 otherwise
Tt 1 if flexible bid f is accepted in period ¢ , O otherwise
2f 1 if flexible bid f is accepted, O otherwise
MC'P, | Market clearing price in period t

Now, we will introduce the objective function and constraints of the market clearing prob-
lem in Turkish DAEM. In Turkish DAEM, uplifts are ignored while calculating the MCP val-
ues, therefore, only the summation of welfare obtained from hourly, block and flexible bids
are considered.

If we consider piece-wise linear curves, welfare summation has additional calculations
resulting from interpolation of discrete points. The calculations should include the triangles
under the piece-wise linear curves, and because of the partial acceptance of the bids, we
need to deal with quadratic terms while calculating the welfare of piece-wise linear curves in

DAEM. Total welfare of the system is given by:
a2 2
> > AQuPlry + AQu(AP)Z — > Y AQuPwy + AQu(APy) 3+

icHAIlEL; i€HS lel;
Yo Uy — Y Wy — > Y Uy,
be Bd beBs teT feF

where AQi = Qj; — Q). APy = P — Py, 4 = QyNy Py, and Qf = QP
For block bids we accept the bid for every interval it is covering therefore we also multiply

the number of hours that the bid is covering.
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For every hour, accepted quantity of the demand and supply sides should be equal to each

other:
SO AQura+ D w@uu = Y > AQura+ Y yQulu+ > Qprpe teT.
icH: leL; be B¢ i€H®:IEL; beBs feF

ti=t t;=t

The same amount of electricity is used among all the bidders, so the system should accept
equal amounts of electricity on both sides to acquire a balance. Whether from hourly, block
or flexible bids, the total accepted demand quantity should be equal to the total accepted
supply quantity.

For all hourly bids, the system should accept ITM and ATM bids and reject OTM bids.
For every hour and each side at most one bid which may be ITM or ATM can be partially
accepted. So, if the MCP value of an hour is between two data points, that should be partially
accepted with interpolating the acceptance rate according to the MCP value. We introduced

constraints called w-constraints for applying these rules to our system:
wip <y <1 1€H,

wy < xy < Wj(1-1) = 2, ..., ’L(t)‘ —1,7€ H,
0 < @z, < wiLy-1y @ € H.

For every hour, summation of the demand and supply prices gives us the MCP values:

MCP, = Ppin+ » | > APy teT,

i€H%: lel;
ti=t

MCP; = Praa+ Y > APyzy teT.

icHa:. leL;
ti=t

Because we need to accept ITM hourly bids, these constraints give us the MCP values of
each hour. For supply side, bids with prices that are less than or equal to the MCP values are

accepted. For demand side, bids with prices that are more than or equal to MCP values are
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accepted. These constraints also help in the approximation step that we can obtain meaningful
MCP values even if the whole data is not used.

Supply (demand) block bids having bid price less (greater) than or equal to the average
MCP of the periods, where the bid is active, must be accepted if they are not child linked

bids. Because of that, we write these constraints if that block bid is not also a child bid.
For supply side:

> 0 MCP, = NyP, < (O 0y Plyy — NyPrin + €y — € b € BY\B*™.

teT teT

For demand side:

NyPy =Y 0uMCP, < (NyPoaw — Y 0uPlyy +€)yp —¢ b€ BN\B®.

teT teT

While deciding on accepting or rejecting a specific bid we make the decision by calcu-
lating average welfares of each bid. Therefore, a block bid is accepted if the average income
of that block bid is positive. This means that an accepted block bid does not have to increase
welfare for each hour it is covering, but it should increase the overall welfare of the system.

Note that € is needed because we should accept block bids if they are ATM. Therefore, if
a price of a block bid is equal to the average MCP values of hours which that block bid spans
we should accept that block bid in Turkish DAEM.

If we have linked bids, we need additional constraints for them. A child block bid cannot

be accepted unless its parent bid is accepted as well. Linked bid constraints in our model:

U < Ya bGB,)\GAb.

Child block bid can be rejected even if it provides positive welfare to the system because
its parent might be rejected considering its contribution to the total welfare obtained.

A supply flexible bid must be accepted if the maximum MCP is equal to or greater than
the bid price. Meaning, if the bid definitely increases welfare for every hour in that day, we

should accept the bid. The model will pick the best and the only hour the bid should be
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accepted according to the objective function. If the flexible bid does not increase the welfare

for every hour, it can be either accepted or rejected.

ZTftSI fEF,
teT
Z?‘ft Z,Zf fEF,
teT

MCPt—PfS(Pt —Pf+€>(2f)—€ ferliteT.

max

We have two different decision variables here, z; is for determining whether we should
accept the flexible bid or not, and 7, will give the hour that the flexible bid is accepted. If a
flexible bid is accepted, it should be assigned to only one hour among the time interval 7.

Lastly, our decision variables are binary with the exception of acceptance rate of hourly

bids ¢ and the MCP values.
T, MCP; > 0,4y, 741, 2p,wy € {0,1}  fe FteT,ic Hbe B,l€L,.

The full model that we solve for the DAEM clearing problem is as follows:
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= N
NES

maximize Y. Y. AQuPry+ AQu(APy)% — ST 3 AQuPiry + AQu(AP;) i+

|

i€cHAIleL; icHs leL;
Yoy — D Dy — D0 D Qyrpy
beBd beBs teT feF
subject to
Yo 2 AQama+ YD Qv = Y. Y AQura+ > Qb + >, Qprpe teT
icHd: leL; be B4 zteHz leL; beB* fEF
ti=t i
wip <xp <1 1€H
wy < xy < Wi(1-1) = 2, ..., |Lz| —1,1€ H
0< i < wiqry-y € H
MCP, = P + Z Z APyxy teT
i€H®: €L,
ti=t
MCP, =P, + Z Z APilxil teTl
icH® I€L;
=t

Z 5thCPt — Nbpb S (Z 5btp7$mx — Nbpb + e)yb — € b € BS\BSC

teT teT

NoPy — 3. 0y MCP, < (NyPy — 3 0P, +€)yp —e b€ BN\B*

teT teT
y<yr beB,XeA

ert§1 fGF
teT
ertzzf fGF
te’T

MCPt—PfS(Pt —Pf—i-E)Zf—E ferteT

max

xy, MC P, ZO,yb,rft,zf,wu c {0,1} feFteT ie Hbe B,leL;
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Our problem is maximizing the total welfare surplus (1). At every period, accepted de-
mand and supply quantities must be equal, so constraint (2) gives us our balance equations.
Constraint (3) is needed to find the acceptance rates of hourly bids of consumers and suppli-
ers, w-constraints make sure that all ITM hourly bids are fully accepted and all OTM hourly
bids are fully rejected. Constraint (4) determines the market clearing prices according to the
bid acceptance. Constraint (5) ensures that we accept the block bids which are ITM accord-
ing to the MCP values. Constraint (6) links the parent and child block bids to each other.
Then, constraint (7) are needed to accept a supply flexible bid if it is ITM. The whole model
is currently used by EXIST to solve the Turkish DAEM problem.

One slight variation of piece-wise linear curve is step-wise linear curves. If step-wise lin-
ear curves are used to calculate the total welfare value, modifying only the objective function
is sufficent. As in Figure 3.1, in step-wise curves either the quantity or the price values of
the consecutive data points are the same. Therefore, each segment becomes parallel to either
X-axis or y-axis, and rectangular shapes are obtained under the step-wise linear curves. There-
fore, for calculating the total welfare of the system we need to sum up the rectangles under
the bid curves which can be obtained without the quadratic terms in our objective function.

If step-wise linear curves are considered our new objective function becomes:

SN AQuPumin— Y > AQuPaza+ Yy — Y Dy — 3> Qe

icHdIleL; i€cHs leL; beBd beBs teT feF
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4 Methodology

We implement the model that the EXIST is using, for solving the data they provided,
which we call the generated data. With the main model without changing anything, we solved
the 243 intances that we have. The demand and supply curves for each hour are piece-wise
linearly represented but not necessarily convex. The non-convexity of the data arises from
the fact that, in Turkish DAEM aggregation method is used, and aggregating multiple curves
to one curve leads to non-monotonicity. Our 243 intances have 5 features each of which can

take 3 different values. These features are:

1) Number of segments for each hourly bid curve which takes the values of 100, 500 and
1,000

2) Number of block bids we have in the system which takes the values of 200, 500 and 1,000
3) Number of flexible bids we have in the system which takes the values of 10, 50 and 100
4) Ratio of the supply block bids to all block bids which takes the values of 0.5, 0.75 and 1

5) The range of the time that block bids cover in the system which takes the values of 1 to 4,

1 to 24 and 16 to 24 in units of hours in a day

Every instance that we consider have three types of bids: hourly, block and flexible. For
hourly bids, we have their ID, the segment number, and quantity and price values for each
segment number. Block bids do not have any information regarding the segments; however,
we have the information of starting and finishing hour of a block bid. Since we can accept
flexible bids in any hour in the day, the only information we have on them are the price and

quantity values.
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In each instance, only one of these features is changed to see the effect of each feature
on the efficiency of the solution approach. First we test the model presented in the previous
chapter with the generated data obtained from EXIST. All the solution times recorded in this
section are performed on 64-bit server with Intel Core 15-5200U processor with a speed of
2.19GHz and 4GB RAM. GUROBI 7.0.1 is utilized for the optimization purposes under the
time limit of 10 minutes. We summarize our observations below.
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Figure 4.1: The effect of the number of segments on the solution time

As it can be observed from the Figure 4.1, the increase in the number of segments dou-
ble or triple the average solution time of the problems. Therefore, lowering the number of

segments each bid has, leads to much faster solution times for the datasets.
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Figure 4.2: The effect of the ratio of block bids on the solution time
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As illustrated in Figure 4.2, when the ratio of number of supply block bids to the number
of all block bids move from 1 to 0.5, meaning that number of demand and supply block
bids are getting closer to each other, instances get harder to solve since the possibility of
combining the block bids increase. If the ratio is 1, it means that we have only supply block

bids and thus problems become easier to solve.

600

500

N I I I I I
500 200 500 1000 200 500

200 1000 1000

5= &8 8

Solution time (s)

8

100 500 1000

Mumber of block bids and number of segments

Figure 4.3: The effect of the number of block bids on the solution
time

Not surprisingly, other factor that has an effect on run time is the number of block bids in
the system. Figure 4.3 reveals that, increasing the number of block bids results in increased

solution times, especially if the number of segments of hourly bids is small.
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Figure 4.4: The effect of the block bids’ spanning interval on the so-
lution time
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The time interval covered by the block bids also plays a role at solution times. A block
bid affacts the total quantities and consequently the MCP values of the periods it covers.
Therefore, we can claim that if we increase the time intervals covered by block bids, problems
get much harder to solve. Our claim is supported by 4.4.

In our preliminary computational experiments we observe that even a feasible solution
may not be found for some data instances with 1,000 segments at the end of the time limit of
ten minutes by the formulation of EXIST. In those instances, solution times are taken as the

time limit, ten minutes.

4.1 Three-stage Approach

In the previous section, we discussed the effect of number of segments in the hourly bid
curves on the running time of the main model. Additionally, in 1,000-segment cases, we hit
the time limit before reaching a feasible solution. This way the idea of figuring out a way
to solve the model with fewer segments and still get the same optimal solution as before is
obtained. Therefore, our aim becomes finding a good approximation for each demand and
supply curves to make a powerful claim about the MCP values of the datasets. We develop a

three-stage solution approach which aims to find the optimal MCP values more efficiently.

4.1.1 Approximation Step

In the first step, we solve the approximation of the data. At the end of step 1, we obtain
the MCP values from the approximation method and would like to infer the optimal MCP
values based on the approximation. In the approximation step, we exploit two features for
getting a speed up. First one is, dealing with fewer segment points than before so we can
lower the number of decision variables and constraints of our problem by removing some
of the data points. And the second one is, we eliminate the non-convexities of the demand
and supply curves. Convex curves are obtained since we delete the real data points which
make the curves non-convex, and with deleting them we obtain convex curves. When convex
curves are obtained, some decision variables that we introduced because of the non-convexity

of the original curves can be deleted from the problem. Dealing with convex functions in MIP
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problems usually, without exception in this case, is much easier and faster than dealing with
non-convex functions.

In the generated data, the demand and supply curves have several non-convex components
. In our first step, we ignore those non-convexities in the curves, and consider the convex
approximations of the supply and demand curves. We consider several approximations as
described below.

Using step sizes: One very easy way to diminish the size of the data is to skip them. We
introduce a value, step size, to jump from point to point by ignoring the points in between. In
the most basic implementation, this is enough for approximating the curves. In the generated
data, because of its nice structure, even without doing anything using step sizes of ten works
well. We can actually observe that by jumping ten data points at a time, non-convexities of
the data are eliminated and consequently, w-binary variables can be excluded from the first
step. The number of the step size can play a big role in the solution time of the problem. If
the step sizes are too big, we would obtain bad results due to poor approximation of the data.
Similarly, if step sizes are too small, the procedure may result a non-convex approximation.
We will present the details of these problems in the next sections.

Modified step sizes: One modification can be made for randomly selecting data points.
Sometimes, if the variation is high, jumping ten data points ahead can lead to an insuffi-
cient approximation of the data. Modified step sizes method overcomes this disadvantage by
adding additional data points if they are needed. For example, if we pick our step size as ten,
we will consider & data points such as k € {1,11,21,..}.Assume from data point 11 to data
point 21 there is a huge price difference. Then we can add additional points between 11 and
21 to better approximate the original data. Of course, this depends on the problem instance.
For example, in Turkish DAEM’s real data, we do not observe a price difference of 50 that
easily between two data points. If the user specifies 50 as the threshold number, then data
points with price differences more than or equal to 50 are also added to the approximation.

Additional points added each run: Another way to add data points is running the ap-
proximation step more than once. We start with several data points and solve the problem,
then add new points that are close to the MCP of the previous approximation, and solve the

problem again. Because approximation step usually runs very fast, this method might give
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better results than previous two ideas. After each solution, we will add additional real data
points closer to previous MCP optimal values to represent the proximal area of MCP values
better. In this way we increase the chance to obtain a feasible solution for the problem. Since
the speed of step 2 relies on the quality of the solution of the first step, this may lead to an
improvement in the overall solution times.

The disadvantage of this method is, for every 24 hours we need to add additional points
each time, so if we have lots of real data points the total solving time of step 1 might increase
exponentially. In the worst case scenario, the step 1 would be run until all the data points are
added to the system which is a highly time consuming process. Solution time improvement
in step 2 may be less than solution time increase in the solution times of step 1.

At the end the first step we obtain a solution to the approximated dataset. The 3-stage

method’s efficiency is highly correlated with the accuracy of the first step’s MCP values.

4.1.2 Feasible Solution Step

In the second step, we want to convert our findings of the first step to an incumbent
solution. No matter how good the approximation is, demand and supply accepted quantities
may not match with the original dataset. Since we ignore some real data points, the MCP
values of first step may be infeasible due to the demand-supply imbalance in the second step.
Even if there is feasibility, the first step maximizes the welfare based on the approximated
dataset, and thus, the same solution may not be the optimal for the original dataset. In this
step, we solve our main problem with all segments and we make use of the solution of the
approximation step to obtain a feasible solution for the original problem. So, We consider
three methods called as delta, sigma and SC methods:

Delta method: In this method, we introduce a predetermined value delta, and assume
that the difference between the MCP values of the second and the first step is not larger than
delta. Therefore, we search for a feasible solution in a subset of the original feasible region,
which is obtained by introducing additional constraints. For the generated case, even the delta
value of 5 works well and finds the optimal solution in 90% of the cases. One drawback of
this method is, delta values should be determined carefully. Larger values of delta may lead

to excessive computation times, whereas smaller values of delta may result in infeasibility of
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the second step. One possible solution for this problem is to dynamically update the delta
values, but this may also cause additional computational time.

The first step of our problem solves this approximated version and we obtain approxi-
mated MCP values, which we define as Approximated Market Clearing Price values AMC P,
atperiodt € T

In delta method, only difference we make is that we solve our problem in a subspace of
our feasible region. We define this subspace by observing that our first part’s AMCP optimal
solutions reflect the main problem’s optimal MCP values.

Therefore, if we use the delta method, we add the constraints:

AMCP; + delta_value > MCP, teT (9a)
AMCP, — deltavalue < MCP, teT (9b)

Because we deal with a subset of the whole feasible region, we can further improve our

big-M variables in the corresponding constraints (5a), (5b) and (7¢) in our model:

S 0uMCP;, — NyPy < (> 0 (AMCP, + delta_value) — NyPy, + €)y, — e b € B*\ B*

teT teT

NyPy — > 0 MCP, < (NyPy — > 84 (AMCP, — delta_value) + €)y, — e b € B\ B%*

teT teT
MCP, — Py < (AMCP, + deltavalue — Py +€)(zf) —¢ feFteT
Solving the second part, if the subset is not empty for the predetermined delta value, will

definitely give us a feasible point for the problem.

Sigma method: Sigma method is the slight variation of delta method which assumes delta
as a decision variable rather than a predetermined value. We consider a step-wise objective
function to penalize the difference between the MCP values of the second and the first steps.
However, our computational experiments show that this method works much slower than the
delta method. Additionally, the upper bound of the sigma decision variable highly affects the
speed of the second step.

SC method: S-constraint (SC) method is proposed to overcome the feasibility problem
of the delta method and solution speed problem of the sigma method. In this method, the

solution of the integer decision variables obtained in the approximation step will be given
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as an initial solution to the problem. Of course, given solution might be infeasible because
of the demand and supply imbalance. For that reason, we relax the demand-supply balance
constraints for each hour and keep the difference between them by a new decision variable
sy for t € T'. In the objective function, we penalize the s, values with very large weights to
make sure they become zero in the optimal solution. Making them zero is a must to obtain a
feasible solution without any demand and supply imbalances in the system. Since we try to
obtain a feasible solution as close to the optimal solution as possible, welfare of the overall

system is maximized while all the s values are forced to become 0 for every hour of the day.

DD AQaza+ YD wQuow — >, >, AQuxi — > Qo — > Qprpr=s t€T (10)

icH®: IEL; bcBd z‘teHZ: leL; beBs fer
ti=t i=

If a solution with objective function value 0 is obtained, then we obtain a feasible solution
to the original model. On the other hand, the observed feasible solution may result in a very
small welfare if we do not incorporate the total welfare to the objective function.

To obtain a high quality feasible solution for the problem we consider the following ob-

jective function:

maximize Total Welfare —M > s,
teT

Big-M values should be sufficiently large to force s; = 0. Additionally, we maximize the

total welfare for obtaining solutions closer to the optimal solution at the end of step 2.

4.1.3 Optimal Solution Step

At the end of the second step, we obtain a feasible solution. In the third step, we want to
find the optimal solution to the main problem. Therefore, we solve the main problem start-
ing from the second step’s feasible solution as the initial solution. If we obtain the optimal

solution in the second step, the third step would take less time; and if not, additional compu-
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tational time would be needed for converging to the optimal solution. We obtain the optimal
solution of the main problem by solving the third step.

In the third step we use the model presented in the previous section which EXIST uses
currently. Little modifications can be done according to the user preference. For example,
changing the focus of the model in GUROBI or CPLEX affects the overall solution time. If
the user is confident about the optimality of the initial given solution, the focus can be on
the optimality proof. If little improvements are necessary, the focus on improving the initial
objective function might be more beneficial.

In the Turkish DAEM, in two minutes, tentative MCP values are shared by the bidders
and after additional time the final MCP values are announced. Therefore, the solution of the
second step could be the tentative values in this case, and the solution of the third step would

be the finalized MCP values.

4.2 Additional Changes

To improve the computation times of our solution method, we make several changes in
our formulations.

Bounds on Market Clearing Prices: Note that the bid assignments can be easily de-
cided given the MCP values for each hour. All the hourly bids accepted and rejected can be
determined, and the decisions for most of the block and flexible bids may be also determined.
Remaining part is accepting or rejecting integer-valued bids while obtaining a balance be-
tween the demand and supply sides. Because of this reason, finding a reasonable interval
of the MCP values for each hour is important. Additionally, big-M values used in the block
and flexible bid constraints depend on the maximum and minimum values of the MCP val-
ues, therefore another benefit of obtaining an interval of MCP values is getting tighter big-M
values for the problem. To obtain a tighter upper and lower bounds for MCP values we
implemented the idea of EXIST [2].

Additional w-constraints: Typically, we have w-constraints for each segment of the
demand and supply curves. In the approximation step, we ignore all w-constraints to make
the solution time faster, although the solution may not be feasible. However, adding severall

w-constraints to the system usually make the overall solution time faster. We can select

27



several segments and include the w-constraints for them. This way, if the data is highly non-
convex, we can increase the accuracy of the approximation by including w-constraints to the
problem.

We can choose additional w-constraints by observing the slopes of the linear lines be-
tween each data points. When the non-convexity is apparent we can select the data points
causing the non-convexity and add w decision variables and their respective constraints to
those points. This was if that w decision variable becomes 1 all the previous points should be
accepted as well and if it is O all the points after that should be rejected. Real datasets are usu-
ally highly nonconvex at some points, therefore adding this application speeds up the overall
solution time. Because of the addition of new constraints and decision variables, approxi-
mation step solution time slightly increases, but having a more accurate portrayal of the real
data compensates that speed decrease by solving the Feasible Solution Step more efficiently.
For generated datasets, additional w-constraints are not needed because approximation of the
curves are convex.

Additional x-constraints: Additional x-constraints are added for the same idea with
additional w-constraints to the approximation step. In this application, we get rid of all the
w-constraints, however, for making a better approximation we add additional constraints to
related to « decision variables. Normally, we should accept the bids on one side of the MCP
of that hour, and reject the other side. We can have at most one partially accepted bid for
each side at each hour. The previous segments of the partially accepted segment should be
accepted and the succeeding ones should be rejected. Getting rid of w-constraints overrides
this necessity and the solution acceptance rates could become arbitrary. Our new proposed

constraints are as follows:

Ti(i+1) > T, Z€H7l:{177’[’1’_1}

These types of constraints still do not guarantee feasible solutions for hourly bids, but gives
better approximated solutions than not having them. In highly non-convex datasets consecu-
tive bids can become accepted-rejected-accepted, and with additional x-constraints, the new

sequence would be accepted-partial-partial.
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Fixing block bid values: Because block and flexible bids are substantial reasons for
increased solution times, getting them fixed may improve the solution time of the model.
We experiment with fixing block bids or giving them as initial solutions, and both methods
prove inefficient. Fixing block bids improve the solution times tremendously, however, can
lead to infeasibilities or suboptimal solutions frequently. If we directly give block bids’
values obtained after approximation step as an initial solution to the system, without using
s-constaint method, demand-supply balance constraints may lead to infeasibilities againg and
the initial solution may be ignored by the solvers.

Relaxing the quadratic terms: Another improvement that can be made is getting rid of
quadratic objective terms. We can have partial acceptance rates for our hourly bids in demand
and supply sides. Every hour can have at most two partially accepted segments, one from the
demand side and one from the supply side. For example, if we have 500 segments for every
hourly bid curves, it makes 24,000 quadratic objective terms while at most 48 of them will
get partial values and other 23,952 of them will get binary values. For the today’s solvers,
dealing with quadratic terms are much slower than dealing with their linear counterparts.
To overcome this difficulty, we change the quadratic terms cz? with their linear counterpart
cx. Our observation is that quite good solution time improvements can be achieved without
losing accuracy of the optimal solution. For example, in one dataset, using relaxed linear
terms rather than quadratic objective function terms has improved solution time more than

240 seconds.
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5 Results

In this section, the results of the proposed method will be presented and discussed.

5.1 Data

In Chapter 4, we discussed the important features of the datasets we have and conclude
that the number of segments of the hourly bid curves and the number of block bids are the
two main factors that affect the solution times the most.

In this section, we consider the 500-segment datasets because they are the most repre-
sentative of the real data used in Turkish DAEM. Real dataset demand and supply bid curve
segment numbers are between 200 and 400 and because of that we solved the 81 data with
500 segments we have. Furthermore, we disregard the cases with demand-supply ratio equal
to 1.0, because their solution times are under 5 seconds most of the time with the model
presented in Chapter 3 so that we do not observe any significant time-saving with any of our
methods. Disregarding those 27 datasets with ratio of 1.0, we work with the remaining 54
generated datasets with 500 segments and block bid ratio of 0.5 and 0.75.

All the solution times recorded in this section are performed on 64-bit server with Intel
Core 15-5200U processor with a speed of 2.19GHz and 4GB RAM. GUROBI 7.0.1 is utilized
for the optimization purposes. In this section, step 1, step 2 and step 3, refer to the approx-
imation step, feasible solution step and optimality solution step of the three step approach,
respectively.

Our main model is the model used by EXIST at the moment, and when the main model
is discussed, it refers to the model without any methodologies used. Figure 5.1 shows the

solution times of the data with the main model. Since the time limit is 600 seconds, we cut
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off the solutions at time 600. However, some of them do not reach to optimal even in 30

minutes.

600 —

W Time

500 —

400 —

Solution Time(s)
|

100

1 5 9 13 18 23 28 33 38 43 48 43

Figure 5.1: Solution times of the main model

5.2 Comparison of Methods

In Figure 5.2, solution times of delta method with delta value 5 is given. In all the cases
a solution time improvement is observed. In 3 cases, even with the small value of 5, finding
the optimal solution in the subset of feasible region was fairly slow. The main reason for that
slow down is that, GUROBI cannot lower the best bound fast enough and reaching the 10~°
relative gap was hard because of the tailing effect of MIP.

In Figure 5.3, solution times of delta method with the delta value of 20 are given. As we
can observe, some of the solution times of second step increase significantly. One reason for
that change is that we increase the feasible region of the second step, so more time is needed
to find the optimal solution in that sphere. Increasing the delta value usually makes the step
2 slower but the step 3 faster because we increase the chance of finding the optimal solution
at the end of the second step. At the end, if user chooses the delta value of 20, two of the

datasets cannot be solved to optimality in 10 minutes.
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Figure 5.2: Delta method solution times with delta value 5
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Figure 5.3: Delta method solution times with delta value 20

For the delta method, finding a good delta value is crucial, if too small values are selected
then we have infeasibility problem, and if we pick too large values then the solution times

increase. For example, choosing 100 for our delta value affects the effeciency of the program
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significantly.

In Table 5.1 we report average solution times of each step for different values of delta.
The final absolute gap of step 2 is the objective function value difference of our solution at
the end of step 2 to the optimal value of that data. Solved to optimality at step 2 means that,
if the solution of the step 2 is the optimal solution of the system and the step 3 is unnecessary.

We expect to see solution time increase in step 2 and decrease in step 3 while we are
increasing our delta value. If we select delta as 5, we can solve all 54 data to optimality at the
end, but we find suboptimal solutions at the end of the step 2 and improvements are needed
at the step 3. The average of 468 unit distance is observed between the solutions obtained at
the end of step 2 and step 3. In contrast to that, if we select 100 as our delta value, we can
only solve 88% of all the data, however, at the end of the step 2, if a solution is reached, it is

the optimal of the data.

Table 5.1: The results of delta method with different delta values

Delta Values 5 20 100
Solution time of step-1(s) 953 119 132
Solution time of step-2(s) 13.91 31.18 80.97
Solution time of step-3(s) 58.73 552 49.62
Solved to optimality at step 3 100% 96%  88%
Solved to optimality at step 2(solved instances) | 85% 94% 100%
Final absolute gap of step 2(solved instances) 468 53 0

In Table 5.2, sigma method, SC methods with quadratic terms and relaxed terms are
compared with each other. Sigma method gives the best performance in step 2, since it stops
when it finds the first feasible solution to the problem. The obtained solution may not be close
to the optimal solution. Therefore, step 3 solution times of sigma method are the highest since
it needs to reach to the optimal solution from a far away initial solution.

One interesting observation is that changing the quadratic terms to linear terms in the SC
method results significant solution time improvement in some of the instances. Because we
have quadratic terms in our objective function, our main model is a Mixed Integer Quadratic
Program (MIQP). If we remove the quadratic terms from the objective function, GUROBI

switches its tactics from solving MIQP to MIP and in some of the instances this switch
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results decreased solution time. At the end, the average of 8 seconds of improvement can be
observed at step 2. Only in 1 of 54 datasets SC-Linear cannot find the optimal solution at
the end of the step 2, and that improvement is less than 10~ relative gap from the objective
function. With that in mind, if the methodology used is SC, step 3 may become unnecessary

for the problem instances for which step 2 ends up with the optimal solution to the original

problem.
Table 5.2: The results of sigma, SC-Linear and SC-Quadratic methods

Methods SC-Quad SC-Linear Sigma
Solution time of step-1(s) 8.02 9.01 12.24

Solution time of step-2(s) 16.51 8.52 7.7
Solution time of step-3(s) 58.70 45.7 140.3

Solved to optimality at step 3 100% 100% 96%

Solved to optimality at step 2(solved instances) 100% 98% 0%

Final absolute gap of step 2(solved instances) 0 78 -

In Figure 5.4, we give the average solution times of the SC model with linear terms.
Time 1, Time 2, and Time 3 represent the solution times of our three-stage solution approach,
approximation step, initial feasible step and optimality check step respectively. This method
shows the best performance in terms of the solution time. Although the step 3 solution times
are the longest, they are usually for proving the optimality and the improvements observed
are insubstantial. Therefore, if a good speedup is needed, the solution found after the step 2
can be used as a good quality solution.

In Figure 5.5, the average solution times of each step under different methods are reported.
While the SC method and delta method is competitive, sigma method is not competitive
because the initial solution found in the step 2 is not close to an optimal solution, meaning
that step 3 has to run for a long time to reach the optimal solution. As we can see, finding a

quality initial solution is more important than finding any initial solution.

Table 5.3: The results of SC with linear terms versus main model

Methods SC-Linear Main Model
Solution time(s) (solved instances) 17.52 128.05
Solved to optimality 100% 79%
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Figure 5.4: Solution times of the SC model

In Table 5.3, we compared the best of our model with these datasets and the main model
without any methodologies implemented. Solution time of SC-Linear is the summation of
step 1 and step 2 solution times because with the exception of one data point relaxing the
quadratic terms did not change the optimal solution. Because of that, we can use the optimal
solution of step 2 as the optimal solution of the system. Step 3 solution times can be observed
in Figure 5.2. In all of the datasets using SC method with linear terms results in improved so-
lution times and the eleven datasets that cannot be solved to optimality in 10 minutes before,
can be solved. Average time improvement is more than 100 seconds for the instances that are
solved to optimality, only in one dataset step 3 improved the solution of SC linear terms, and
the value of less than 100 can be negligible in that case.

In all the methodologies implemented, we can beat the main model. Delta and sigma
methods focus on specific subsets of the feasible region so that big-M values are tightened,
and w-constraints are relaxed. In the SC method, we give an initial solution to both step 2
and step 3. In those steps, we ease the hardness of dealing with integer decision variables by
fixing them in the initial solution, and this way solving the problem becomes easier. In the

end, in our methodologies, the hardness coming from integer decision variables or the non-
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Figure 5.5: Comparing the solution times of three different methods

convexity curves of hourly bids are alleviated and that results in obtaining better solution
times for the Turkish DAEM clearing problem.

Another advantage of our methodologies is that we can obtain a good solution at the end
of the step 2 with great efficiency. This is particularly important in DAEM because tentative
MCP values are shared with the bidders before the finalized MCP values. Because of that,
our 3-stage approach may be a good tool to implement and our step 2 solution can be used as

the tentative solution of the system and then the finalized solutions can be acquired from the

step 3.

36



6 EMM Method

Mehdi Madani and Van Vyve [1] introduced a cut based approach to solve European
DAEM problems. In this thesis, we implemented their approach to provide a time comparison
for our three-stage approach method. Additionally, we investigated the feasibility of applying
a similar approach to Turkish DAEM. Their method named European Market Model - mixed
integer quadratically constrained program (EMM-QUAD-MIQCP) exploits the nature of the
dual problem and solves the DAEM problem in European market setting without introducing
additional auxiliary variables. Linked and flexible bids are omitted in this approach.

The main model can be written without market specifications, and we will call this model
the main primal problem. For the sake of making the notations more concise, quantities of

supply bids are counted negatively. This is the main primal model:

maximize Y. > AQuPlzq+ > vl (11)
i€H IEL; beB

subject to

Z z AQinil + Z beb(;bt =0 teT [MCPt] (12)
Zteft leL; beB

rg<lic HileL; [sy (13)
Up < 1, beB [Sb] (14)
ry>0,pesZ i1€Hlel;,beB (15)
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When we consider the dual of the main primal problem:

minimize > > sy + Y. S (16)
i€H IeL; beB
subject to
sq+ AQuMCP,, > AQuP) i€ H,l€elL; 17
Sp + tz; MCPOwQy > beRB (18)
S

Si, S, MCP, >0 i€ HleL,be B,jteT (19)

And the complementarity conditions that follow:

su(l—xzy)=0 1€ H,I€ L (20)
s(l—y) =0 beB 1)
Ti(su + AQMCP, — AQuPY) =0 ic Hle L, (22)
Yu(Sp + tEZT MCP,0yQy— %) =0 beB (23)

Madani and Van Vyve’s EMM-QUAD-MIQCP formulation aggregates all three forms
into one mathematical model, dual constraints of block bids are altered to make it suit to
European Electricity Market. In European model, if block bids do not generate welfare they
have to be rejected, if they generate welfare then they could be either accepted or rejected.

Then the last version of the constraint becomes:
Sp + Z MC'Ptéthb > Qb — Mb<1 — yb) be B (24)

teT

With replacing the constraint (18) by (24), revised model finds the optimal solution to the
European Electricity Market, without flexible and block bids. Constraints (26) and (36) are
combining the objective functions of primal and dual models using the strong convexity idea.
We have implemented this idea to the Turkish Electricity Market with small changes as it is

described in the next subsection.
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6.1 EMM-QUAD-MIQCP-TR

2
maximize Y > AQqu(Plzy + %Apu) + 2 s

i€H lel; beB

subject to

3 2
S 3 AQu(Plra+ EAP) + X u = 3 Y su+ Yose— 2 > AQuLAP
ieH IeLs 2 beB ieH leL; beB icH leL; 2
D3 AQaxi + Y Qo =0 teT
€H: leL; beB

=

vy <1 i€Hlel,

w<1l beB

siq+AQuMCP,, > AQy(PY — APyxy) i€ H,l€ L
Qy— > 0uMCPQy,<s, beB

teT

SbSMyb beB
sy >—My, beB
Tir, S, MCP; > 0,y, € {0,1},s, free,b€ Byie Hile Li,teT

In EMM-QUAD-MIQCP-TR model, we need to ignore the last complementary constraint
to force the Turkish DAEM requirements. Dual of quadratic objective function is used to
write constraints of the model [20]. Additionally, since the ITM block bids must be ac-
cepted in Turkish DAEM, different than European DAEM [1] specifications, modifications
are made in block bid constraints. In this new set of constraints we free the decision variable
sp, furthermore, in constraints (32) and (33) we force s, to O if a block bid is rejected. If
a block bid is accepted while they are OTM, then s, takes the value of loss of welfare and
compensate the loss in constraint (26), if they are ITM and accepted s, takes the value of
gained welfare and at the end strong duality condition is satisfied.

Similarly we can create the same model with step-wise bid curves. Only changes are due

to the change in objective function and from its duality.
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6.2 EMM-MILP-TR

maximize > > AQuPizy+ > v (35)
i€H IEL; beB

subject to

S Y AQuPlra+ Y wh > D0 Y su+ Y S (36)

i€H leL; bEB i€H IeL; beB

Y2 AQuza+ Y Qo =0 teT,lel; (37)

iCH: €L, beB

ti=t

o<1 icHlel, (38)

w<1l beB (39)

s+ AQuMCP, > AQilPi(l) 1e Hlel,; 40)

Qb_ ZéthCPth < Sp be B (41)
teT

sy < My, beB (42)

s> —My, beB 43)

T, Sa, MCP, > 0,4, € {0,1},8, free,b€ Byi€ Hil€ Lt €T (44)

With current solvers, these problems take a lot of time to find the optimum. Madani and
Van Vyve [1] add cuts to the system for acquiring a speed boost. The model finds a feasible
solution first, then if it qualifies the restrictions of the European Market we conclude that it
is the optimal solution, if it does not qualify, then local cuts are added to the model. Cuts are
added such that the optimal solution will be cut from the system. After obtaining the optimal
solution, Farkas’ lemma is used to check whether the solution satisfies the European market
specifications or not. If not, then local cuts added with lazy heuristics callback and until we
find an optimal solution satisfying European market specifications we continue adding cuts.

Ultimately, we change their model to the Turkish model and compare the results of both
models. EMM-QUAD-MIQCP-TR method cannot be solved without further improvements
in today’s solvers. We solve the EMM-MILP-TR and EXIST’s main model for comparison
purposes. Flexible and linked bids are ignored in these results, and step-wise curves are used

as the main objective function.
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Table 6.1: The results of EMM-MILP-TR and EXIST’s main model

Methods EMM-MILP-TR Main Model
Solution time(s) (solved instances) 88.2 90.4
Solved to optimality 79% 79%

In Table 6.1, we can observe the solution times of both models are close to each other. We
decide to use EXIST’s model in our results section because that model has flexible and linked
bids. Also, with w-constraints, EXIST’s main model can be used to achieve better time saves

in the approximation step than EMM-MILP-TR model.

41



7 Conclusions and Future Research Directions

Finding the MCP values in DAEM more efficiently would lead higher bidder satisfac-
tion and better welfare outcomes. Bidders can participate in more effective decision-making
processes if the MCP values are given them earlier. Because the MCP values are calculated
every day, coming up with novel ideas to quicken this process is a top priority. We have
investigated one idea which can be used to reach better solution times for this purpose.

We examine the approximated data to estimate where the optimal solution might lie in
the feasibility region. Although, we do not obtain a feasible solution, we find a place to
start for seeking a feasible solution. As long as the approximation is a good estimate of
the real data, our solution times are highly competitive. We implement this idea in three
steps; approximation step, finding a feasible solution step, and reaching the optimality step.
In all datasets, applying this idea yield better solution times. Especially, if the data points
are suitable and create “nice” piece-wise linear curves, then our solution finds the optimal
solution after the second step and the last step only serves the purpose of proving optimality.

In this thesis, we conclude that SC-linear method works the best comparing the solution
time of all the methodologies we implement at step 2. Sigma method gives the quickest
feasible solutions, however the quality of the solutions are subpar compared to the other
methodologies we implement. Additionally, delta method can be used efficiently if the fea-
sibility problem can be overcome, or in the case that delta values with feasible solutions can
be identified.

Apart from the improved solution times, one additional advantage of this method is the
flexibility of the idea. The method itself is tremendously adaptable to different or more
experimental approaches of the electricity market. Therefore, the addition of new constraints,

new cuts, new decision variables and so on would not interfere with the main idea of using
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approximated data to lead to the optimal solution. Therefore, different models and markets
may observe improvement in solution time with implementing the ideas presented in this
thesis. This is because our idea changes the way the data is read, but do not change the
constraints themselves directly, with the exception of w-constraints.

One future research area could be the addition of cuts to Turkish DAEM. We find the
main model as EMM-QUAD-MIQCP-TR, so the addition of flexible and linked bids would
be the last step to implement the cuts to the Turkish market. Furthermore, even though we
work around the value of delta issue, coming up with tighter values for delta which gives a
feasible solution in the respective region would improve the solution time even more. At the

moment, we plan to work on these two future research subjects in Turkish DAEM.

43



References

[1]

[6]

[10]

Mehdi Madani and Mathieu Van Vyve. Computationally efficient mip formulation and
algorithms for european day-ahead electricity market auctions. European Journal of

Operational Research, 242(2):580-593, 2015.

Kiirsad Derinkuyu. On the determination of european day ahead electricity prices: The

turkish case. European Journal of Operational Research, 244(3):980-989, 2015.

Eugeniusz Toczytowski and Izabela Zoltowska. A new pricing scheme for a multi-
period pool-based electricity auction. European Journal of Operational Research,

197(3):1051-1062, 2009.

Paul R. Gribik, William W. Hogan, and Susan L. Pope. Market-clearing electricity
prices and energy uplift. Cambridge, MA, 2007.

Alexander Martin, Johannes C Miiller, and Sebastian Pokutta. Strict linear prices in non-
convex european day-ahead electricity markets. Optimization Methods and Software,

29(1):189-221, 2014.
Steven Stoft. Power system economics. Journal of Energy Literature, 8:94-99, 2002.

Y. Bichpuriya and S. A. Soman. Electric power exchanges: A review. In /6th National

Power Systems Conference, pages 115-120, 2010.

Adam Sleisz, Peter Sores, and David Raisz. Algorithmic properties of the all-european
day-ahead electricity market. In /7th International Conference on the European Energy

Market (EEM), Krakow, Poland, pages 1-6. IEEE, 2014.

Jacques F. Benders. Partitioning procedures for solving mixed-variables programming

problems. Numerische Mathematik, 4(1):238-252, 1962.

Anastasios G. Bakirtzis, Nikolaos P. Ziogos, Athina C. Tellidou, and Gregory A.
Bakirtzis. Electricity producer offering strategies in day-ahead energy market with step-

wise offers. IEEE Transactions on Power Systems, 22(4):1804—1818, 2007.

44



[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

George B. Dantzig. Linear programming under uncertainty. In Stochastic Programming,

pages 1-11. Springer, 2010.

Stein W. Wallace and Stein-Erik Fleten. Stochastic programming models in energy.

Handbooks in Operations Research and Management Science, 10:637-677, 2003.
Steven Vajda. Mathematical Programming. Courier Corporation, 2009.

Arthur M. Geoffrion. Duality in nonlinear programming: A simplified applications-

oriented development. SIAM Review, 13(1):1-37, 1971.

Eugene J. Zak, Sami Ammari, and Kwok W. Cheung. Modeling price-based decisions in
advanced electricity markets. In 9¢h International Conference on the European Energy

Market (EEM), Florence, Italy, pages 1-6. IEEE, 2012.

Richard P. O’Neill, Paul M. Sotkiewicz, Benjamin F. Hobbs, Michael H. Rothkopf, and
William R. Stewart. Efficient market-clearing prices in markets with nonconvexities.

European Journal of Operational Research, 164(1):269-285, 2005.

Pandelis N. Biskas and N. G. Kanelakis. Co-optimization of electricity day-ahead mar-
ket and steady-state natural gas system using augmented lagrangian. In //th Interna-
tional Conference on the European Energy Market (EEM), Krakow, Poland, pages 1-6.
IEEE, 2014.

Sven De Vries and Rakesh V. Vohra. Combinatorial auctions: A survey. INFORMS
Journal on Computing, 15(3):284-309, 2003.

Peter Cramton, Shoham Yoav, and Richard Steinberg. An overview of combinatorial

auctions. ACM SIGecom Exchanges, 7(1):3—14, 2007.

William S. Dorn. Duality in quadratic programming. Quarterly of Applied Mathematics,
18(2):155-162, 1960.

45



8 Appendix: CPLEX and GUROBI Results

In this section we will give the objective function values and solution times for both
GUROBI and CPLEX implementations. Both used the SC method with 10~ optimality
gap, and modifications in the methodologies section are implemented. Tables are divided
according to their number of block bids, 8.1 has the 18 datasets with 200 block bids, 8.2 has
the 18 datasets with 500 block bids and finally 8.3 has the 18 datasets with 1,000 block bids.
Both GUROBI and CPLEX reached the optimal value after the second step of our algorithm.

Timel and Time?2 values represent the step 1 and step 2 of our solution approach, respectively.
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Table 8.1: The results of GUROBI and CPLEX for instances with 500 segments and 200
block bids.

GUROBI CPLEX
ID | Timel(s) Time2(s) | Timel(s) Time2(s)
1 1 4 2 7
2 4 1 1 6
3 2 2 1 6
4 1 2 1 8
5 1 2 1 7
6 3 4 2 9
7 1 6 1 8
8 7 13 3 8
9 3 5 1 7
10 2 2 1 8
11 1 1 2 7
12 4 2 1 8
13 3 3 3 8
14 5 2 1 8
15 4 2 2 6
16 1 2 1 9
17 4 9 2 8
18 13 19 6 14
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Table 8.2: The results of GUROBI and CPLEX for instances with 500 segments and 500
block bids.

GUROBI CPLEX
ID | Timel(s) Time2(s) | Timel(s) Time2(s)
19 1 1 1 10
20 5 4 3 13
21 2 3 2 11
22 2 3 2 11
23 7 2 1 14
24 12 6 4 13
25 3 5 16 11
26 18 40 6 50
27 6 2 1 7
28 3 2 2 11
29 4 4 2 9
30 4 2 1 8
31 1 1 1 8
32 23 2 1 8
33 22 15 7 11
34 6 3 2 8
35 18 10 4 13
36 22 10 4 17
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Table 8.3: The results of GUROBI and CPLEX for instances with 500 segments and 1,000
block bids.

GUROBI CPLEX
ID | Timel(s) Time2(s) | Timel(s) Time2(s)
37 12 4 1 10
38 10 4 2 11
39 8 9 4 12
40 11 6 2 11
41 14 8 2 10
42 11 7 3 14
43 19 7 4 35
44 29 14 12 75
45 48 15 21 38
46 11 4 7 17
47 7 4 5 12
48 27 49 32 19
49 10 8 3 16
50 7 10 9 14
51 41 7 8 12
52 3 7 27 10
53 16 5 6 12
54 10 18 8 14
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