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In this study, a model is developed to investigate the implications of an hourly day-ahead competitive
power market on generator profits, electricity prices, availability and supply security. An integrated
simulation/optimization approach is employed integrating a multi-agent simulation model with two
alternative optimization models. The simulation model represents interactions between power gener-
ator, system operator, power user and power transmitter agents while the network flow optimization
model oversees and optimizes the electricity flows, dispatches generators based on two alternative
approaches used in the modeling of the underlying transmission network: a linear minimum cost
network flow model and a non-linear alternating current optimal power flow model. Supply, demand,
transmission, capacity and other technological constraints are thereby enforced.

The transmission network, on which the scenario analyses are carried out, includes 30 bus, 41 lines, 9
generators, and 21 power users. The scenarios examined in the analysis cover various settings of
transmission line capacities/fees, and hourly learning algorithms. Results provide insight into key
behavioral and structural aspects of a decentralized electricity market under network constraints and
reveal the importance of using an AC network instead of a simplified linear network flow approach.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Since electricity is a vital commodity for any modern economy,
with supply- and demand-side flaws (lack of storage possibility,
lack of real-time metering and billing, lack of real-time control of
power flow to specific customers), most countries have sector-
specific laws, by-laws, organizations and regulatory frameworks
overseeing power markets and trading. In addition, the concerned
facilities (power generation plants and transmission/distribution
networks) are mostly either partially owned or tightly regulated by
public authorities. The immediate public concern is continued and
reliable availability of electrical energy at reasonable prices.

For the case of electricity, reliability implies that generation
exactly matches demand on a continuous time scale. The fact that
electricity cannot be stored easily raises the need of generation, as it
is demanded. The result of failing to do so leads to economic
disruptions and/or blackouts like the Northeast Blackout in
summer 2003 [1]. Therefore, in a deregulated market environment,
a system operator (SO) is an inevitable integral part of the
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regulatory infrastructure, independent of the market design. The
SO manages and controls physical power flows so as to balance
demand and supply, while facilitating and overseeing fair compe-
tition. The degree and form of liberalization does not change this
reality and must be obeyed in any sense [2].

The success of a market reform (i.e. lower costs, lower prices,
more choices and increased reliability) is subject to a good market
design, successful implementation and operation under conditions
of excess generation capacity, elastic demand and transparency.
Several studies elaborate on such conditions (e.g. [3,4]). Never-
theless, the efficiency and effectiveness of an electricity market is
subject to a great deal of complex interactions between all involved
parties from generation to consumption. Various market designs
are being implemented to overcome possible inefficiencies and
uncertain behavior of producers and consumers. Electricity market
liberalization has encouraged the research community to investi-
gate new market designs and tools and develop decision analysis
support models adapted to a new market concept. Those decision
support systems should be designed to deal with the highly
complex, non-linear, network constrained technical structure of
the system, while also addressing the behavioral complexity of the
market.

In decentralized electricity markets, many key decisions are
made by multiple, self-oriented power companies. Bid prices,
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Fig. 1. Schematic representation of electricity market modeling trends [6].
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operating levels, investment and financing decisions play a crucial
role inmarket formation. Decision-making of market participants is
guided by price signal feedbacks and by an imperfect foresight of
future market conditions. Competitors’ unknown actions and
reactions are very much important. Combined forces of supply &
demand, rather than the historical costs of the underlying assets
determine electricity prices. In such an environment, decision
makers need to better understand both the short and long-term
dynamics of the electricity market, including impacts/advantages
of supply and demand; technological preferences; electricity
generation capacity choices; transmission & distribution network
structures; location of suppliers and customers. Centralized Plan-
ning (and overall optimization) is no longer possible in such an
environment, as discussed by Dyner and Larsen [5].

Still, decision makers (individual power companies or a regu-
lating authority) need answers for questions such as:

� At what level should generators price their output in order to
maximize Market Share, short term profitability and long-term
expectations?

� Which technologies and locations will be more attractive in
a decentralized, competitive environment?

� How will competitors react against certain behavioral trends?
� What is the impact of the transmission infrastructure and costs
on electricity prices and generator profits?

� How can a regulator ensure that competitive and stable prices
prevail in the market?

Simulation & optimization modeling emerge as powerful tools
to provide the necessary answers. Simulation modeling can mimic
the hourly bidding and related activities inherent in a decentralized
electricity market. Optimization modeling can mimic a “minimum
price contract awarding” policy usually adopted by the regulatory
authority, while taking transmission network infrastructure, costs
and limitations into consideration. Bymeans of such a decision tool,
investors & regulators have an opportunity to better understand
possible consequences of different decisions that they may make,
under varying policy and market conditions.

As can also be observed in the literature survey discussed in next
section, most of the electricity market models developed omit the
network structure, AC power constraints, and local market power.
Those approaches mainly treat the market as a regular commodity
market widely addressed in the economic literature; hence, in
parallel to regular commodity markets, they mainly deal with the
general market structure/operation problems.

In this study an integrated simulation/optimization model is
developed to investigate and better understand the dynamics of
a hypothetically optimized power sector (under transmission line
and production technology based constraints) on electricity prices,
market power potential, system reliability, and supply security. The
primary electricity supply/demand issue tackled is the balancing of
a “day-ahead hourly market” taking into account the available AC
network, estimated demand profiles and supply bids offered by the
available electricity providers. For this purpose an agent-based
simulation model is developed and integrated with a network
flow optimization model so as to mimic price/quantity bidding of
generators and oversee/optimize electricity flows, while enforcing
technological and other constraints. In the simulation model
generators try to maximize profit under existing market conditions
and technical constraints, while their decision-making mecha-
nisms are designed in a way to benefit (learn) from previous
actions. The interaction of generators with other market partici-
pants (agents) including the SO is defined and various bidding
strategies are evaluated and further policy analysis is carried
out over a number of market parameters such as demand
heterogeneity, supplier concentration, capacity and location in the
network. Besides, new generators are introduced at various loca-
tions in the network in order to observe the possible effects of
layout over price formation and agent behavior.

The current study is an attempt to close the gap in the literature
in electricity market modeling with the self-learning autonomous
agents over a transmission network. The network is treated such
that full AC optimal power flow (OPF) constraints are implemented
with an exact solution approach. Additionally, the modeling
framework is used to evaluate locational effects on prices.
Regarding the placement of a new entrant, various technological
configurations are implemented to better understand the effect of
selected technologies. Other novel features of the model are the
introduction of hourly bidding strategies and transmission fee
strategies, which are compared and investigated through scenarios.

In the next section, various studies related to electricity market
modeling, optimum power flow, and the Turkish electricity market
deregulation are summarized. The differences between the
selected studies and the current study are highlighted and alter-
native approaches are commented on. Section 3 presents details of
the simulation and optimization models. The scenario definitions
and results are given in Section 4. The last section concludes the
study pointing out directions for further research.
2. Literature survey

Research developments in electricity market modeling follow
three main trends: optimization modeling, equilibrium modeling
and simulation modeling. Optimization models focus on the profit
maximization problem for one of the firms competing in the
market, while equilibrium models represent the overall market
behavior taking into consideration competition among all partici-
pants. Simulation models are typically an alternative to equilibrium
models when the problem under consideration is too complex to be
addressed within a formal equilibrium framework. The different
mathematical structures of these three modeling approaches
establish a clearer distinction. Their various purposes and scopes
also imply differentiation related to market modeling, computa-
tional tractability, and main uses [6]. Fig. 1 shows a schematic
representation of the market models classification.
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Bower and Bunn present an agent-based simulation model in
which generation companies are represented as autonomous
adaptive agents that participate in a repetitive daily market and
search for strategies that maximize their profit based on the results
obtained in their earlier policies and actions. Each company
expresses its strategic decisions by means of the prices at which it
offers the output of its plants. Every day, companies are assumed to
pursue twomain objectives: a minimum rate of utilization for their
generation portfolio and a higher profit than that of the previous
day. The only information available to each generation company
consists of its own profits and the hourly output of its generating
units. As usual in these models, the demand side is simply repre-
sented by a linear demand curve [7]. Such a setting allows the
authors to test a number of potential market designs relevant for
the changes that have recently occurred in the England and Wales
wholesale electricity markets. In particular, they compare the
market outcome that results under the pay-as-bid rule to that
obtained when uniform pricing is assumed. Additionally, they
evaluate the influence of allowing companies to submit different
offers for each hour, instead of keeping them unchanged for the
whole day. The conclusion is that daily bidding together with
uniform pricing yields the lowest prices, whereas hourly bidding
under the pay-as-bid rule leads to the highest prices.

Bunn and Oliveira, in their follow up study, developed a simu-
lation platform that represents, with much more detail, the way
that market-clearing in New Electricity Trading Arrangements
(NETA) was designed to function. This platform modeled the
interactions between the Power Exchange and Balancing Mecha-
nism; while considering that generators may feature different
types of technologies. Besides, an active demand side is included.
They have also developed learning processes for generators where
each player selects a policy to use in the model in its interactions
with its competitors [8]. In a later work, they adapted and extended
this simulation platform to analyze under what conditions two
particular generators could gain sufficient market power to operate
against the public interest [9].

Researchers at Argonne National Laboratory in Chicago devel-
oped the Electricity Market Complex Adaptive System (EMCAS)
model [10]. Like the above-mentioned simulation models, the
EMCASmodel is a digital laboratory that probes the possible effects
of market rules by simulating the strategic behavior of various
participants. EMCAS agents learn from their previous experiences
and modify their behavior based on the success or failure of their
previous strategies. Genetic algorithms are used to drive the
adaptive learning of some agents, and pool, bilateral contract and
ancillary services markets are included.

Leigh Tesfatsion and her colleagues examine market power
experimentally in an agent-based simulation model representing
a wholesale electricity market operating under different concen-
tration and capacity conditions [11]. Pricing is determined by
a double auction with discriminatory midpoint pricing. A modified
Roth-Erev individual reinforcement learning algorithm is used by
buyers and sellers to determine their price and quantity offers in
each auction round. High market efficiency is generally attained,
but the aggregate measures used are too crude to reflect the
opportunities for exercising the market power that buyers and
sellers control. Their results suggest that the precise form of
learning behavior assumed may be largely irrelevant in a double
auction system.

Bin et al. [12] developed an agent simulation model to compare
the market characteristics under different pricing methodologies.
They use reinforced learning algorithms for generators to improve
their bidding strategies under repetitive bidding for maximizing
firm profit. They tested the uniform clearing price method, the pay-
as-bid pricing method and the electricity value equivalent pricing
method. They found that the electricity value equivalent pricing
method is the most promising one with investment expansion
compensation and low-level price variations.

The study published by Guerci et al. [13] focuses on modeling
power exchanges in a multi-agent interacting framework with
reduced behavioral assumptions. A model of the day-ahead market
session of the Spanish Power Exchange using real demand data
with simulated seller strategies is proposed. The number of sellers
is defined at the first stage and the quantity of goods is distributed
over the population of agents according to several initial distribu-
tions. A clearing-house mechanism matches the cumulative
demand and supply curves in order to determine the market-
clearing price. The resulting price time-series are statistically
tested to verify the validity of the model.

Bunn and Martoccia [14] developed a detailed market micro
simulation of agent bidding behavior to provide insights into the
evolution of generator market power in the electricity pool of
England and Wales. The study supports the evolving story of
unilateral market power dominance being manifest by the UK
National Power in the early years thatwas constrained by regulatory
oversight until 1996. As market concentration declined in the later
years, situation gradually turned into coordinated, tacit collusion.
Furthermore, the analysis reinforces the view that simple market
concentration measures, such as the HerfindahleHirschman Index
(HHI), do not give a reliable diagnostic aid to the potential exercise of
market power in the wholesale electricity sector.

An interesting use of agent-based modeling in the electricity
market modeling is to find optimized strategies to be utilized by
generation companies for bidding in the liberalized spot electricity
market. Li et al. [15] provide a recent extensive review of the
literature on electricity market modeling. They conclude that
agent-based models are more flexible, robust and easily imple-
mented compared to other approaches, leading to a new way of
handling business complexity of electricity trading with possible
use learning algorithms such as ant colony optimization [16] to
mimic human behavior. In conjunction with this observation,
Weidlich and Veit [17], review the agent-based modeling literature
on electricity markets and conclude that very few studies, such as
Veit et al. [18] and Sun and Tesfatsion [19], account for network
constraints and almost all lack an AC optimum power flow
approach to simulate network infrastructure with adaptive agents.
In this regard, current literature review conclusions highlight the
fact that available studies do not account the nature of AC network
flow that may create inefficiencies in the market.

Another way to model the dynamics of electricity prices is the
use of statistical approaches, such as Mean Reverting or Geometric
Brownian Motion (GBM) models. These models make use of
“collective experience” embedded within large multivariate data-
sets using stochastic processes. Accordingly, in these models,
changes on the structure, new orders of power plants, demand or
price peaks & spikes, network topology that were realized in the
past are reflected in the projected future behavior, albeit in an
aggregate manner (the advantage of endogenous models is that
they better reflect the impacts, on future behavior of the system, of
each individual hypothetical change). Well-known applications can
be found in Cartea and Figueroa [20], Deng [21], Huisman and
Mahieu [22], and Kamat and Oren [23]. These studies are focused
on the valuation of futures and/or options using large datasets at
hand and present another approach of handling the same problem.

3. Design and structure of the integrated simulation/
optimization model

In this section, the components of the integrated simulation/
optimization model are presented. In the first section power user,
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power generator, power transmitter, and SO agents’ objectives are
described and the structural forms embedded are explained. Then,
the transmission network infrastructure is presented, including
technical details about the network and the generators, as well as
two alternative modeling approaches which affect the decision
process of the system operator and the whole simulation model
behavior. Next, information about the demand side is given,
including load variations during the simulation period and loca-
tions of demand nodes within the network.

3.1. The simulation model: definition of agents and their main
characteristics

The multi-agent simulation model is comprised of power
generator agents, power transmitter agents, power user agents and
a system operator agent. These are described in the following
including an explanation of the embedded structural forms. The
transmission network infrastructure is presented, including tech-
nical details about the network and generators.

3.1.1. Power generator agents
Power generator agents represent power plants that produce

the electricity. They are primarily defined through technological
and financial parameters. These parameters, listed in Table 1, vary
significantly according to the technology selected.

Operating costs are functions of the primary energy sources
used. The varying prices of primary energy carriers changes the
operating costs of plants as a function of technology. Setup costs
include the needed investment expenditures to construct, test and
prepare the plant for generation. This cost is incurred by the power
generator agent at the time a new power plant is initiated. It is
a function of capacity, technology and location. Minimumup time is
the required period of time needed to shut down a plant once it
starts to take load. Minimum down time is the lead time needed to
take load once a plant is shut down. Those two time parameters are
heavily affected by the power plant technology. No load cost refers
to the cost incurred by a power generator agent during time periods
when it is not dispatched by the system operator. In physical terms,
this parameter reflects the fixed overhead cost, i.e. expenses
necessary to keep the plant alive and ready for the next bidding
period. The location parameter is related to the geographical
placement of a plant and indicates the bus to which it is connected.
Construction time is the lead time required between the decision
for investment to fully functional and tested plant completion.

The bidding mechanism is an important component of power
generator agents, featuring artificial intelligence through various
self-learning capabilities and options. A modified version of the
self-learning autonomous algorithm proposed by Bunn and Oliveira
[8], in which a Single Call Market (SCM) bidding mechanism is
implemented, is used throughout the simulation. A realistic
approach in formulating the market models would seem to be the
continuous double auction, but its implementation via computer
agents requires direct communication/negotiation between agents
and the development of a multi-criteria algorithm for learning
Table 1
Parameters of power generator agents.

Power generator agents parameters

Operating costs
Setup costs
Installed capacity
Minimum up time
Minimum down time
No load cost
Location
agents. Accordingly, the computation time becomes an issue when
24 hourly actions in 365 trading days are simulated. The SCM
mechanism implemented in this study roots from Cason and
Friedman [24]. It should be noted that similar type of auctions have
been adopted by Von der Fehr and Harbord [25], Nicolaisen et al.
[11] and Bunn and Oliveira [8,9].

At each opportunity to submit a bid, a power generator agent
calculates its expected daily profit and the expected acceptance rate
for each one of the markups (price levels based on last pool prices)
used at that specific iteration.

i. The expected daily profit is calculated using exponential
smoothing of the profits earned on past trading days.

ii. The expected acceptance rate is calculated using exponential
smoothing of the number of hours that a bid (offer) was
accepted, for the specific markup, in the past trading days.

Thus, given the expected acceptance rate and the expected daily
profit, each player calculates an expected reward for each markup,
and then its utility function values over the markups. In order to
compute the utility function values, a player ranks the markups by
decreasing level of expected reward. The markup with a higher
expected reward receives a higher perceived utility value. Finally,
each player transforms its utility function into a policydan asso-
ciation between each markup and the frequency (likelihood) of
bidding (offering) that markup in the next day’s appropriate
auction. The agent’s policy is used to choose the bid price (ci) on the
following day.

Let j¼ 1,10 be the interval index (themarkup number) and t¼ 1,
K be the day (time) index. Then, Prftj represents the daily profit at
time t using markup j (if the specific bid having markup j is
accepted). Prftj is determined by the product of “load dispatched to
the generator” with the difference between bid price (ci) and
operating cost per unit of power generated Else Prftj and ci are not
linked directly. Exp(Prftj) indicates the expected daily profit of
markup j at time slice t. Arttj represents the daily acceptance
frequence (likelihood) of markup j at time t. Exp(Rwdtj) represents
the expected reward of markup j at time t. Utilj and Polj stand for
the perceived utility and the probability of using a markup j. At the
end of the day, after receiving the feedback with the prices and
quantities traded at each hour, the policy is calculated using the
following algorithm:

First, the new expected daily profit and acceptance rate for the
markups is calculated.

Let Prf itj represent the profit associated with markup j at hour i
and iteration for day t; then the daily profit and acceptance ratewill
be, respectively,

Prf tj ¼
X24
i¼1

Prf itj (1)

Arttj ¼
�
Number of bids ðoffersÞ acceptedtj

�.
24 (2)

Then, for each used markup j, set

Exp
�
Prf tj

�
¼ Exp

�
Prf t�1 j

�
þ a*

�
Prf t�1 j� Exp

�
Prf t�1 j

��
(3)

Exp
�
Arttj

� ¼ Exp
�
Artt�1j

� þ a *
h
Artt�1j � Exp

�
Artt�1j

�i
(4)

Exp
�
Rwdtj

� ¼ Exp
�
Prf tj

�
* Exp

�
Arttj

�
(5)



Table 3
The Market Share Algorithm.

At each time interval (hour) ¼ i
Market Share (i) ¼ Load (i)/Demand (i) e 1/Number of generators
Expected Market Share (i) ¼ Expected Market Share (i � 1)

þ alfa * (Market Share (i)
� Expected Market Share (i � 1))

Market Share Effect (i) ¼ (Expected Market Share (i))3 * Market Share Effect
Factor þ 1

Next time interval
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Next, the markups are ranked by descending value of expected
reward and the perceived utility of each markup is calculated:

Utilj ¼ U*ððsp� nÞ=spÞRankðjÞ�1 (6)

where, for each agent, U, sp (Search Propensity), and n are set to
1000, 4, and 3, respectively. This approach is quite flexible, enabling
the construction of a wide variety of utility functions. After calcu-
lating the perceived utility from eachmarkup, the agent transforms
this utility function into a policy. During the model initialization,
Prftj is not calculated since there is no historical data regarding the
market. In order to be able to calculate Prftj, the prices for all time
intervals’ (0e23) last dispatches are needed. At the end of the first
day, the algorithm is initialized to generate the bids of the second
day, based on the first day’s market data. In the initialization of the
simulation runs (since the bidding algorithm cannot be used at that
time), bid prices are set to be equal to the marginal cost of elec-
tricity production for each generator. The first spot price is formed
at the end of the first dispatch.

Finally, the “policy,” i.e. the probability of using each markup j is
calculated. For this purpose, rule of proportionality is used: the
probability of choosing a certain markup is directly proportional to
the weight of that markup’s perceived utility with respect to the
sum of perceived utilities of all markups, i.e.

Polj ¼ Utilj=
X
k

Utilk (7)

The power generator agents determine their bids through the
above self-reinforcement learning algorithm (adapted from [26])
and send them to the SO.

The profit maximization oriented hourly bidding strategies of
generator agents are based on learning algorithms designed to take
advantage of past experience and/or information and/or self-strong
points. The self-reinforcement learning algorithm is used for
producing bidding strategies for the maximization of profit on
a daily basis. This is obtained by determining the optimum increase
or decrease of all prices for all time intervals, which is a single
strategy for all day. As such, there are no distinctions in the price-
making strategies deployed in peak, transition or low demand time
intervals. This approach has some disadvantages due to its nature:
generators are lacking price-making precision based on specific
time intervals, (such as lowering their profit margins at low
demand intervals without disturbing their profit margins at other
time intervals). For the completeness of modeling, algorithms that
permit hourly based price formations (due to some specific prop-
erty of time intervals, producer or any other related market vari-
ables), are developed. First such algorithm that is considered is the
Price Tracking Algorithm.

The motivation for this algorithm has been to enable the
generator agents to take advantage of their relative impact on the
price formation procedure by comparing the prices they bid with
the prices announced by the SO.

The Price Tracking Algorithm is displayed in Table 2.
Table 2
The Price Tracking Algorithm.

At each time interval (hour) ¼ i
Price gap (i) ¼ Price (i) � Bid price (i)
Take average and standard deviation of last 30 simulation time step
Compute the t-value of the sample with 29 degree of freedom.
If the t-value is less than or equal to t0.95,29 then
PriceTrackingEff ¼ �PriceTrackingEffFact * T/T0.95,29

þ (1 þ PriceTrackingEffFact)
Else PriceTrackingEff ¼ 1

Next time interval
As indicated, the multiplicative factor “PriceTrackingEff” is used
to adjust the basic bid price which is generated by the modified
version of the self-learning autonomous algorithm purposed by
Bunn and Oliveira [8]. The magnitude of the adjustment is
controlled by the parameter “PriceTrackingEffFact”. This algorithm
attempts to compare the bids submitted to the SO and prices
announced by subtracting one from another. Then, it forms an
expectation based on 30-day sample history. As the sample mean
gets close to zero the “PriceTrackingEff” value is increased and the
bidding price is elevated accordingly. The effect of the algorithm
would be seen in cases where a specific generator is dominant in
supplying electricity as the highest bidder. This is very important at
transient and peak time intervals due to technical constraints.

The second learning algorithm developed to support bidding
strategies is theMarket Share Algorithmwhich focuses on the share
of the generator agents in the spot market, at hourly time intervals.
The underlying assumption is that a generator with a high share in
the spot market can venture to add a markup to its marginal
production cost. Accordingly, at each time interval, generator
agents compare their scheduled load with the total demand. If their
share is greater (less) than the predefined level, then a bid price
markup is added (subtracted). The Market Share Algorithm is dis-
played in Table 3.

The important parameter of this algorithm is the “Market Share
Effect Factor”, which determines the maximum price markup that
a generator agent can add to its basic pricing strategy according to
its Market Share level.

The third hourly algorithm, the “Market Power Algorithm”,
focuses on the demand gap between demand and available capacity.
The generator agent compares this gap and its ownproduction level
in order to assess the importance of its generation in the production
mix. If the ratio of a generator’s electricity generation quantity to the
demand gap is at a significant level, then the generator’s ability to
influence market price (its market power potential) would allow
some markup to its bid price level (thereby aiming to increase the
profit at that time interval). This algorithm is presented in Table 4.

Accordingly, the normal bid price formation is not affected until
the value of “Expected Market Power” reaches 20%. After the 20%
threshold, the bid price is increased through the multiplicative
factor “Market Power Effect”, which depends on the value of
“Expected Market Power”.

In the first 1000 h of the simulation bid prices generated by the
self-learning algorithm are not altered by hourly bidding strategies
as data accumulation is deemed insufficient. Afterwards, deploying
Table 4
The Market Power Algorithm.

At each time interval hour ¼ i
Market Power (i) ¼ generator load (i)/(Physical capacity e Demand (i))
Expected Market Power (i) ¼ Expected Market Power (i � 1)

þ alpha * (Market Power (i) � Expected Market
Power (i � 1))
Market Power Effect (i) ¼ max (1, 1/(1.2 � Expected Market Power (i))1/8)

Next time interval



Table 5
Parameters of power transmitter agents.

Power transmitter agents

Capacity
Susceptance and conductance
Operating cost
Setup cost
Construction time
Starting region
Ending region
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the accumulated data, the bidding algorithms are activated to
refine the bid prices generated by the self-learning algorithm.

Generators with higher marginal cost of electricity production
may not be able to realize their weak competitive position initially
and unrealistically try to apply high profit margins in their bid
prices, on top of their already high marginal costs. In such
a circumstance, they will frequently be left out in the auction,
except for some peaking times when capacity gets tight. However,
in later periods the learning algorithm should induce these power
generators to lower profit expectations and thereby increase their
relative competitiveness (and acceptance rate of bids) as more
information piles up.

3.1.2. Power transmitter agents
The electricity produced by power generator agents is delivered

to power user agents via power transmitter agents. They transmit
the electricity from one location (node) to another, while charging
a specific price per MWh transmitted. Each connection between
two buses in the network is modeled as a power transmitter agent.
The power transmitter agents’ parameters are listed in Table 5.

Capacity is the amount of power that can be transferred
throughout the line. Susceptance and conductance are parameters
related to the technical properties of the transmission line.
Fig. 2. A 30-bus n
Operating cost is the cost of transmitting oneMWhof electricity per
hour (including transmission losses). Setup cost is the cost incurred
by the Power Transmission Operator Agent to initiate a new trans-
mission line or to increase the capacity of an existing line.
Construction time refers to the time between the decision for
investment to fully functional and tested line completion. Starting
region and ending region are the transmitter lines’ starting and
ending nodes in the network where loading from power generators
can bemade andpower user agents canpull electricity from the line.

A transmission network with 30 bus, 41 transmission lines, 9
generators, and 21 power users is defined for model testing,
execution, and scenario evaluation. This particular network, adap-
ted from [27], is a well-known 30-bus test system developed by the
Institute of Electrical and Electronics Engineers (IEEE). It is refash-
ioned from a real system and as such offers a realistic network
modeling with power users and generators. The network structure
is displayed in Fig. 2. The number of generators and power users are
satisfactory to form a market that is competitively structured in
conventional economic measures. Detailed information about the
power generator agents supplying power to the network is
provided in Table 6.

3.1.3. Power user agents
Power user agents form the demand side of the electricity

market. They represent the independent power consumers or
distribution companies in the electricity market. Each power user
agent has its own real and reactive power demand characteristics
reflecting the local conditions it represents. The independent
demand of a power user agent is reflected through a daily load curve
(at hourly intervals), which may also feature yearly or seasonal
variations. At each time interval, power user agents consume the
power supplied by suppliers and/or power transmitter agents.
Demand is assumed to be deterministic and inelastic throughout
the planning horizon. The SO tries to satisfy the demand of power
user agents at minimum cost by maximizing the surplus of these
etwork [27].



Table 6
Generator information in the 30-bus network.

Generators Capacity
(MW)

Min load
(MW)

Reactive limits
supply (MVAR)

Reactive limits
consume (MVAR)

No load energy
(MWh)

Startup energy
(MWh)

Minimum
up time (MWh)

Minimum
down time (MWh)

Primary
resource

Connected
bus

Generator 1 133 0 111 74 10 2.058 3 2 Gas 30
Generator 2 45 0 38 25 5 0.882 1 1 Gas 24
Generator 3 45 0 38 25 5 0.882 1 1 Gas 11
Generator 4 177 0 124 89 10 2.94 4 2 Oil 2
Generator 5 133 0 111 74 10 2.352 3 2 Gas 8
Generator 6 133 0 80 53 10 2.352 3 2 Coal 5
Generator 7 222 0 133 89 20 5.88 5 3 Coal 1
Generator 8 177 0 124 89 10 2.793 4 2 Oil 13
Generator 9 177 0 124 89 10 2.793 4 2 Oil 15
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agents (consumer surplus) in hourly auctions. The inability to
supply electricity to any power user agent at any time interval leads
to power cuts for that consumer and the respective region.

During the simulation runs, the demand profile displayed in
Table 7 is employed with the demand pattern shown in Fig. 3. More
detail on the full load curve can be found in Sarica [28].

3.1.4. The system operator agent
The system operator agent is the central planner agent who

oversees the market and tries to satisfy the demand of power user
agents at minimum cost. It considers the independent power
producers’ bid prices, quantities and power plant locations; avail-
able transmission line capacities, bid prices from the power trans-
mitter operator agent; and power user agents’ demand quantities
and locations. It tries to find an optimum combination of active
power generator agents, quantities to be generated and powerflows
(through the existing network) to minimize the total cost of elec-
tricity delivered. The related power purchase and routing decisions
(over the duration of the planning horizon and on a scenario basis)
lie at the heart of the aggregated simulation/optimization model.

3.2. The optimization model: two alternative formulations

The optimizationmodel only deals with the optimal dispatching
of generators (which is the duty and responsibility of the system
operator) to satisfy demand at “minimum total system cost” while
taking into account technical constraints, line losses, bid prices and
transmission costs. We have also considered hourly bidding strat-
egies on top of the learning algorithm purposed by Bunn and
Table 7
Power user demand information and associated bus numbers.

Power users Max load (MW) Min load (MW) Connected bus

Power user 1 54 23 2
Power user 2 5 2 3
Power user 3 16 7 4
Power user 4 222 98 5
Power user 5 54 24 7
Power user 6 96 42 8
Power user 7 14 6 10
Power user 8 27 12 12
Power user 9 14 6 14
Power user 10 19 8 15
Power user 11 10 4 16
Power user 12 22 10 17
Power user 13 5 2 18
Power user 14 19 9 19
Power user 15 5 2 20
Power user 16 43 49 21
Power user 17 5 2 23
Power user 18 23 10 24
Power user 19 11 5 26
Power user 20 5 2 29
Power user 21 23 10 30
Oliveira [8]. In this respect generators’ internal dynamics aiming
profit maximization and/or other market targets are independent
of the suggested optimization methodology (other than interaction
that is present in real-life between the SO and power generators).

Two alternative approaches are used for the modeling of the
underlying transmission network. These two approaches, namely
the minimal cost network flow and the AC optimum power flow
formulations, primarily differ regarding their assumptions associ-
ated with the technical characteristics, needs and limitation of
power flow on the network structure. These assumptions primarily
impact transmission costs and capacities, thereby affecting the
system operator agent’s behavior in the simulation and influencing
generator agents’ learning mechanisms.

As the optimization model solely addresses the minimization of
electricity acquisition (acceptance of bids/load dispatching) and
transmission costs by the system operator agent, it does not guar-
antee that individual power generators optimize their profits.
Instead, given the limited information available in the modeling
environment (likemost realworld cases, thepast andpresentprices,
generation capacities and demand levels in all time periods; but,
nothing related to competitor bids or assigned loads), generators are
expected to optimize their bidding strategies based on the available
data by comparing different strategies, the selected “markups” and
related outcomes such as load awarded and profit achieved. Since
the generators’ self-learning algorithm is geared to generate and
update hourly bidding strategies (based on past information and
performance), asmore informationpiles up during a simulation run,
the reliability and predictive power of the process increases.

3.2.1. The minimum cost network flow model (MCNF)
The first approach employed for the modeling of the trans-

mission network is the minimum cost network flow formulation. It
has been chosen because of the simplicity of implementation and
the inherent linear nature. Linearity is a desired structure since, i)
the handling of linear problems is relatively easier as compared to
non-linear cases, ii) powerful and fast solvers exist and, iii) analysis
of the results is easier due to the simple structure. The problem can
be stated as follows [29]:

min
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XN
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¼ P
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Fig. 3. Demand profile of power users according to hours of the day.
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PLGi � PGi � PUGi for i ¼ 1::::I (10)

Pkm � LineUkm for k ¼ 1::::K m ¼ 1::::K where ksm (11)

The list of variables and their detailed descriptions are provided
in Tables 8 and 9. The objective function is the sum of all generation
and transmission costs, as expressed in Equation (8). Generation
and transmission cost functions reflect the bids received from
generators and transmission lines. Equation (9) set defines the
condition of the net balance at each bus ensuring that power
generated and power inflow equals the power consumed. Next
Table 8
Exogenous variables of AC-OPF.

Variable descriptions

K Total number of transmission grid nodes (buses)
N Total number of distinct network branches
I Total number of generators
J Total number consumers
Ik Set of generators located at node k
Jk Set of consumers located at node k
S0 Base apparent power in three phase MVAs
V0 Base voltage in kVs
Vk Voltage magnitude at node k in kVs
PLj Real power load withdrawn by consumer j
QLj Reactive power load withdrawn by consumer j
km Branch connecting node k and m
tckm Transmission fee of line km
gkm Conductance of branch km
bkm Susceptance of branch km
xkm Reactance of branch km
Bkm 1/xkm for branch km
Linemax km Thermal limit for flow on branch km
d1 Reference node 1 voltage angle
ci Bid of generator i
PLGi Lower real power limit for generator i

PUGi Upper real power limit for generator i

QL
Gi

Lower reactive power limit for generator i

QU
Gi

Upper reactive power limit for generator i

VU
k

Upper voltage level for node k

VL
k

Lower voltage level for node k

BR Set of all distinct branches km
constraint set Equation (10) defines the generators’ capacities and
the last inequality Equation (11) enforces the capacity limits of
transmission lines.

In this approach the flow of power between the nodes are only
subject to generators production levels and not dependent on any
non-linear AC constraint. Furthermore, there is no loss of electricity
in the network during transmission. Last but not least, voltage level
fluctuations and phase differences are ignored.

Although this approach is easier to model, understand,
communicate to others, solve and experiment with, it is lacking in
reflecting the real network complexity. Besides, the complex
interaction between load location, voltage levels, phase differences
and generation activity is lost and cannot be investigated. The non-
linear model presented in the next section is far more compre-
hensive in capturing (and thus analyzing) all the inherited
complexity of a real transmission network system.

3.2.2. The alternating current optimum power flow model (AC-OPF)
The second approach employed for the modeling of the under-

lying transmission network is the alternating current (AC) optimum
power flow (OPF) formulation. Although this approach for the
modeling of a transmission network introduces a high level of
complexity, it facilitates for a more realistic investigation of the
effects of actual technical constraints over multiple and varying
supply and demand nodes in the electrical power system. The
model formulation is as follows [30]:
Table 9
Endogenous variables (unknowns) of AC-OPF.

Variable Descriptions

Linekm Total power flowing on branch km
PGenk

Total real power injection at node k
QGenk

Total reactive power injection at node k
PLoadk

Total real power withdrawal at node k
QLoadk

Total reactive power withdrawal at node k
PNetInjectk Total net real power injection at node k
QNetInjectk Total net reactive power injection at node k
dk Denote the voltage angle at node k
VBk Voltage value at node k
Pkm Total real power flowing between k and m
Qkm Total reactive power flowing between k and m
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(15)
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 (18)

The list of variables and their detailed descriptions are provided
in Tables 8 and 9. The cost functions Cost(Production) and Cost(-
Transmission) are still assumed to be linear, where the cost terms
are the bids received from generators and transmission lines. The
set Equation (13) defines the condition of net balance at each bus
equating real power generation and inflow to consumption. Equa-
tion (14) set is the reactive power balance at each bus of the
transmission network. Inequality set Equation (15) is the enforce-
ment of the technical capacity constraint of each generator. Real
power production and reactive power production/consumption are
limited via this set. The permitted voltage level range is represented
by inequality Equation (16). This constraint relates to the quality of
power in the network, since it sets the limits of deviation from the
rated voltage of the network for each bus. Another important
aspect is the technical capacity of each transmission line regarding
the power flowing over it. Inequality Equation (17) constrains the
power flow at each transmission line between zero and some
predefined level. The fact that power flowing from each line is the
square root of the sum of squares of real power flow plus reactive
power flow over the line, contributes to the non-linearity of the
model. Finally, set Equation (18) describes the real and reactive
power flow due to voltage and phase differences between the buses
that are connected via transmission lines. As can be seen, the
formulation of power flow is highly non-linear because of the
embedded sinusoidal terms. Accordingly, a model having a non-
linear set of constraints and objective function is obtained, which is
a non-convex non-linear mathematical model [31].

This problem formulation is harder to solve in comparison to the
linear case. The AC-OPF solution has high computational load even
for a small network, while in the framework of the integrated
simulation/optimization model solution process, such problems
need to be iteratively solved for each simulation period (hour). In
this study, Knitro non-linear optimization package is deployed for
solving the AC-OPF problem in the simulation runs. The average
time performance of each AC-OPF solution is on the order of 7 s.

The optimization model is solved for each hourly period of the
next day (for every time interval t, between 0 and 23), independent
of other periods (.t � 2, t � 1, t þ 1, t þ 2,.). The electricity price
for the consumer is the last accepted bid (most expensive load
dispatched bid) in the considered optimal solution plus averaged
electricity transmission cost. The last accepted bid defines also the
price paid to all other generators whose loads are dispatched.
Obviously, optimization is only related to the dispatching of load to
generators at specific time intervals, given technical constraints,
outstanding bids, network topology and demand (of the related
time interval).

3.3. The integrated simulation/optimization flow

The flow of the simulation model is based on the hourly bid-
dings and implied market balancing effects. The operational flow of
a hypothetic day-ahead balancing market is as follows:

i. For each power ser agent (PUA), hourly electricity demand
forecasts for the next day are compiled by the system oper-
ator agent (SO);
� Parameters submitted by the PUA to the SO: PLj and QLj

ii. Transmission capacities and line fees for the next day are
submitted by the transmission operator agents (TO) to the SO;
� Parameters submitted by the TO to the SO: tckm and Lineukm

iii. Hourly bids and capacities are provided by the generator
agents (GA) to the SO;
� Parameters submitted by the GA to the SO: PLGi; P

U
Gi;

QL
Gi; Q

U
Gi; ci;

iv. The SO generates a schedule for production and transmission
based on total cost minimization by optimizing the AC-OPF or
the minimum cost network flow model The optimization
guarantees that, (starting from the least cost) lower electricity
plus transmission cost offers are accepted while accounting
for all interaction effects and technical constraints, until the
demand of the period is satisfied. The inputs and outputs of
this optimization are as follows;
� Inputs: PLGi; P

U
Gi; Q

L
Gi; Q

U
Gi; ci; QLoadk

; PLoadk
; tckm, bkm, gkm,

� Outputs: Linekm, PGenk
; QGenk

; PNetInjectk ; QNetInjectk ; dk, VBk,
Pkm, Qkm,

v. The schedule is passed by the SO to the GA and the TO.
vi. Based on the list of accepted offers, generator agents deploy

their learning processes and select the pricing strategy for the
next day; new bids are created accordingly;
� At the initialization of the simulation model, since there is
no prior “accepted bid” data, for the first 24 h, each gener-
ator sets its first bid to the marginal cost of electricity
generation at each time interval for the corresponding
technology parameters.

� Inputs considered by the generator agents include all cor-
responding previous time period PGenk

; QGenk
; ci, and related

technical constraints including fuel costs.
a Variables determined by the generator agents include
PLGi; P

U
Gi; Q

L
Gi; Q

U
Gi; ci; based on learning algorithm and

hourly bidding strategies.

vii. Daily generation, transmission and consumption activities are
carried on;

viii. For the next day step (i) is initiated again.



Table 10
Selected demand time intervals.

Low demand time interval 03.00e04.00
Transition time interval 11:00e12:00
First peak time interval 17:00e18:00
Second peak time interval 21:00e22:00

1 Selection is based on to show the reader the market position of the important
generators in upcoming scenarios.
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Market equilibrium, in this framework, is reflected in the
developed modeling framework as follows: in each hourly time
interval, i) independent generators offer bids to generate and sell
electricity to the SO and determine the price and quantity quota-
tions in these bids totally by their own instincts and profit expec-
tations, ii) sufficient number and size of the outstanding bids are
accepted by the SO to cover the periodic demand, iii) the spot price
announced by the SO satisfies the owners of all accepted bids (i.e. it
is larger or equal to the asking price of all accepted bids), iv) the
announced spot price cannot be reduced without causing
a shortage in the electricity supply (via the rejection of some of the
more costly of the accepted bids). Marginal costs, available capac-
ities, profit expectations and bidding strategies of all individual
generators, demand fluctuations, network topology and flow
constraints, cost minimization focused actions of the SO all
contribute to the achieved market equilibrium, as well as to the
spot price of electricity and to the utilization rate and profitability
of all (efficient and inefficient) generators.

On the other hand, as true for social systems in general, equi-
librium for the system does necessarily mean that every generator
gains the maximum that they can get. However, their struggles to
do so lead to disturbances in the market due strategy changing
generators trying to push the system to another equilibrium state
that would increase their profits compared to the previous
equilibrium.

4. Scenarios and model results

The integrated simulation/optimization model is calibrated for
both theminimum cost network flow (linear) and the AC-OPF (non-
linear) model formulations separately, while preserving the orig-
inal network layout. The scenario analyses are carried out sepa-
rately and outcomes are investigated independently within the
integrated simulation/optimization framework.

4.1. Scenario definitions

The first set of scenarios is related to agent behavior regarding
market price formation. In other words, the Price Tracking, Market
Share and Market Power Algorithms are implemented as different
scenarios. In each scenario, one of the algorithms is integrated with
the self-learning autonomous pricing algorithm and the effects on
market behavior are observed.

The second set of scenarios is designed to investigate the effects
of transmission line capacity changes and different transmission
fees. Various transmission lines capacities and transmission fees
are imposed on the network for exploring the effects of such
infrastructure changes on market behavior.

The last set of scenarios deal with infrastructure changes related
to generation capacity profile, such as the introduction of new
generators or the splitting of existing generators. In these scenarios,
effects of generator size, technology and location over the market
behavior are investigated (under the AC-OPF network setup). These
scenarios are helpful in understanding howa newgenerator should
be placed in the network to attain higher (or lower) market
efficiency.

4.2. Results of the simulation/MCNF case

As mentioned previously, this is the model formulation where
the mathematical structure governing the flow of power on the
transmission network is assumed to be linear. The reference
scenario in this case features only the self-learning algorithm
designed for bidding strategy formation. Twelve instances of the
simulation model are deployed with distinct seeds, regarding the
policy function evaluation (which plays a key role in policy selec-
tion). The resulting average, maximum and minimum electricity
sale prices and generator profits, for each hour during the one-year
planning horizon, are recorded. Then, four time intervals are
selected (according to load profiles) for the investigation and
comparison of scenario results. The selected time intervals are
displayed in Table 10 and the resulting base case price graphs are
displayed in Fig. 4.

As can be observed in Fig. 4, in the low electricity demand time
intervals, the average electricity price remains in the 25e30 $/MWh
interval. The minimum prices attained are not below 20 $/MWh
and the maximum prices attained are not above 45 $/MWh. The
price movements are smooth and the maximum prices are close to
average prices, showing low variation. In the transition time
interval, average prices observed are in the 30e40 $/MWh interval.
The minimum price is close to 30 $/MWh, which is high relative to
the other time intervals considered. The maximum prices go up to
70 $/MWh with high variations. Price activity at the two peak time
intervals 17e18 and 21e22 display patterns similar to the time
interval 11e12, except that the minimum prices attained are lower
(around 20 $/MWh). Another observation is that the average price
for the time interval 21e22 is higher than the time interval 17e18.
In general, these four time interval price graphs indicate that,

� low demand time intervals feature low prices and low
variability,

� transition time intervals feature higher prices and variability,
� peak time intervals feature higher prices but lower variability
(relative to transition time intervals).

Profit of a generator is the difference between its’ income due to
the electricity sales and the cost of generating electricity or keeping
the generator ready for the next scheduled generation time in case
of no load, and the cost of starting up the generator if it had been
shut down earlier. Figs. 5e8 display the profit performance of
selected1 generators (with demands and locations as described in
Table 7) in the reference scenario. The profit performance of
Generator 1 in the time intervals described in Table 10 is displayed
in Fig. 5. As can be seen from the bottom line, profit can be as low as
almost nil in the time interval 3e4. In the transition time interval
11e12, average profit rises to over $2000 and the maximum profit
attained may go up to $6000 at certain periods of the year. In the
peak time intervals 17e18 and 21e22, the average profit is above
$2000 in general with higher competition; the minimum profit can
go down to $500 per hour. One issue that should be emphasized is
that the general trends of the profit curves are quite similar to that
of the demand curve, as displayed in Fig. 3. At certain periods of the
year, however, the maximum profit curves are more responsive
(ascending much faster than the demand curve in case of demand
increase) to demand levels.

The profit performance of Generator 3 in the time intervals
described in Table 10 is displayed in Fig. 6. As presented in Table 7,
the technical parameters of Generator 3 are more advantageous



Fig. 4. Electricity price behavior during the planning horizon in the reference scenario at selected time intervals (the MCNF case).

a Low b Transient

c First Peak d Second Peak

Fig. 5. Profit performance of Generator 1 in the reference scenario at selected time intervals (the MCNF case).
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Fig. 6. Profit performance of Generator 3 in the reference scenario at selected time intervals (the MCNF case).
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than those of Generator 1. Accordingly, at the time interval 3e4 the
average profit of Generator 3 is between $200 and $300, while the
maximum levels may rise up to $1200. Regarding the minimum
levels, zero level profit is frequently observed. For the transition
time interval 11e12, the average profit is greater than $500 and the
frequency of zero profit occurrences is much lower. Additionally,
the maximum profit values in this case reach to $2000 levels.
a woL

c First Peak 

Fig. 7. Profit performance of Generator 4 in the reference
Similar observations can be made for the peak time interval 17e18
except that the frequency of zero profit occurrences is higher,
which is also true for the peak time interval 21e22. The situation in
the time interval 11e12 can be explained through the higher flex-
ibility of Generator 3. On the other hand, the high frequency of zero
profit occurrences of Generator 3 can be explained by the disad-
vantageous network position this generator.
b Transient 

d Second Peak 

scenario at selected time intervals (the MCNF case).
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Fig. 8. Profit performance of Generator 7 in the reference scenario at selected time intervals (the MCNF case).
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The profit performance of Generator 4, in the time intervals
described in Table 10 is displayed in Fig. 7. For Generator 4, the
average profit is close to zero in most of the tracked time intervals.
For the low demand time interval 3e4, all measures, the average,
theminimum and themaximumprofit are all zero. At the transition
time interval 11e12, maximum profit goes up to $7000 per hour,
but the average is still close to zero for most of the year. At the peak
time intervals 17e18 and 21e22, the frequency of non-zero profit is
similar to the transition day time 11e12, but peak values are lower.
The general analysis indicates that Generator 4 is used as a peaking
power plant by the system operator. The fact that the primary
resource of Generator 4 is the highest priced resource (oil) supports
this behavior.

The profit performance of Generator 7 in time intervals
described in Table 10 is displayed in Fig. 8. For Generator 7, the
average profit is also close to zero in most time intervals. For the
low demand time interval 3e4, it can reach maximum levels of
profitability (which is around $1000 highest during the simulation
horizon). Nevertheless, for other time intervals, the average profit is
slightly higher than zero, besides the maximum profitability can go
up to $12,000. Although this generator has the cheapest primary
energy resource, this behavior of the system can be explained by
the network structure.

4.2.1. Parameter change responses
The effect of transmission capacity changes on the electricity

prices is investigated as a next step. Two levels of line capacities (a
half and a fourth of the levels in the reference scenario) are
considered. Fig. 9 displays the resulting electricity price behavior
(charts on the left are associated with the one-half case, while
charts on the right with the one-fourth case in comparisonwith the
corresponding reference case time interval at the top row). It can be
observed that such transmission line capacity changes do not cause
significant changes in average electricity prices. However,
maximum prices show significant increases and minimum prices
are also higher with respect to the reference case.

Next, the effect of transmission line fee changes on the price of
electricity is investigated. Fig. 10 displays the resulting price
behavior for two levels (double and quadruple of the levels in the
reference scenario) of transmission line fees (charts on the left are
associated with the fee doubling case, while charts on the right
with the fee quadrupling case in comparison with the corre-
sponding reference case time interval at the top row). As can be
seen, transmission line fees have considerable effect on the prices.
Increasing the transmission line fees lead to significant price
increases with respect to reference case. This indicates that the
transmission network pricing policy has significant affect over the
system price. This effect may be used to promote local generation of
electricity.

On the other hand, further analysis of the system behavior
indicates that the minimal impact of transmission capacity
constraints is very much dependent on the network layout and
generator characteristics: Lesser transmission capacity has induced
heavier reliance on Generator 6 (which does not use the trans-
mission lines). Since that generator uses one of the cheapest
primary resources, the capacity reduction did not lead to any
change in the prices. Fig. 11 shows how the Generator 6 load levels
and profit changes when line capacities are reduced (charts in the
top row are the reference load and profit performance for time
interval 21, while charts on the mid row are associated with the
one-half capacity and bottom row associated with one-fourth
capacity).

Fig. 11 also indicates one important side of the linear network
approach, the flexibility of the use of generators in supplying
demand. Simulation with fewer numbers of constraints and lower
level of complexity (compared to the AC case) had pushed Gener-
ator 6 out of competition in the base case (only the reduction of line
capacities increased the competitiveness of Generator 6). In the
AC-OPF approach, Generator 6 is one of the powerful agents
effecting the price formation in most of the scenario sets consid-
ered, due to the technical constraints.

4.2.2. Response comparisons of the bidding algorithms
The scenarios considered in this subset are intended to facilitate

a better understanding of the learning effects. Fig. 12 displays the
impacts of the “Market Share” learning algorithm with 0.1 effect
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Fig. 9. Impact of transmission line capacity on the electricity prices at selected time intervals (the MCNF case).
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factor on electricity prices. When compared with the reference
scenario, it is observed that this algorithm does not influence the
price formation structure significantly. Besides, the electricity sale
prices are affected for the peak demand time intervals 17e18,
21e22 and the transition time interval 11e12. However, in the
low demand time interval 3e4 the algorithm pushes the prices
upward and significantly changes the supply mix.

Fig. 13 displays the price behavior with the Price Tracking
Algorithm applied with 0.05 effect factor. As can be seen, evenwith
a woL

c First Peak 

Fig. 10. Impact of transmission line fees on electricity
such a small factor, the price behavior is impacted; price levels are
driven up, and settlement (formation of a smooth average price
level) time is delayed. The price impact is higher when the number
of competitors is fewer (as in the case of low demand time interval
3e4); however, through the end of planning horizon, the settle-
ment prices get closer to the reference scenario case. For the
transition time interval 11e12, the average electricity sale prices are
pushed above $40 and the maximum price levels attained show
large deviations compared to the reference scenario. For the peak
b

d Second Peak 

prices at selected time intervals (the MCNF case).



Fig. 11. Impact of transmission line capacity on load and profit performance of Generator 6 (the MCNF case).
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day time intervals 17e18 and 21e22 the price impact is high as the
transition time interval 11e12, but the prices are more responsive
to the demand levels in this case. The average prices do not
converge to the reference scenario levels; instead they display an
increasing trend similar to the demand levels, thereby resulting in
increasing prices through the end of the year.

The last algorithm investigated is the Market Power Algorithm.
Fig. 14 displays the price behavior under the Market Power Algo-
rithm. The low demand time interval 3e4 is not affected by the use
of this algorithm. It is mainly influential on the price behaviors of
the other time intervals. For the transitional time interval 11e12,
the peak demand time intervals 17e18 and 21e22 show an
upward price trend; whenever demand shows a growth trend
during simulation time, the impact is much more significant than
the reference case, while the impact on variability is less relative to
mean trend. This indicates the high sensitivity of prices to the gap
between peak demand levels and physical capacity. If the gap
between the total demand of a time interval and physical capacity
increases, the price behavior converges to that of the reference case.
The impact of the algorithm at peak demand and transition time
intervals also lead to lower prices at low demand intervals since
they have to be operational at those time intervals in order to be
able to produce electricity at peak and transition time intervals.
This indicates a different dimension of competition leading to
lower prices.

4.3. Results of the simulation/AC-OPF case

The second modeling approach used for power generating/
transmission system modeling is the alternative current (AC)
optimumpower flow (OPF)modeling. Similar to the linear case (the
minimum cost network flowmodel), the reference scenario for this
approach features the self-learning reinforcement algorithm
embedded in bidding strategy formation. Twelve instances of the
simulation model are deployed with distinct seeds, each run
covering a period of 365 days. After the integrated simulation/
optimization runs, the resulting average, maximum and minimum
values (over the 12 runs) for the electricity price, real load, reactive
load, and generator profit values are computed for each 1-h time
interval. For the reference scenario, four time intervals, which are
displayed in Table 10, are selected for detailed analyses. The
resulting average price levels are displayed in Table 11.

4.3.1. Parameter change responses
In this part of the study, it is tried to better understand the

effects of the key parameters of the transmission network, without
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Fig. 12. Impact of the “Market Share” learning algorithm on electricity prices at selected time intervals (the MCNF case).
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changing the basic infrastructure. First, the effect of transmission
lines capacities is investigated, through a capacitated transmission
line scenario, where line capacities are taken as displayed in
Table 12 (in general, lines with higher rated voltage levels are
assumed to have higher capacities). Then the effect of transmission
line fee is analyzed by considering two extreme end-pricing
policies.

The analysis includes the investigation of electricity prices and
loads/profitability of generators under the altered conditions.
a Low 

c kaePtsriF

Fig. 13. Impact of the “Price Tracking” learning algorithm on el
In Table 13, the electricity prices of the capacitated lines scenario
and the reference scenario are compared by the means of the
averages and standard deviations. The comparison of the prices
reveals that the peaking and transient time interval electricity
prices feature significant increases, while low demand time inter-
vals prices are lower compared to the reference scenario. In addi-
tion, the standard deviations levels are lower in low demand time
intervals, supporting the argument that line capacity have minimal
effect in low demand time intervals. An interesting effect of line
b Transient 

d Second Peak 

ectricity prices at selected time intervals (the MCNF case).
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Fig. 14. Impact of the “Market Power” learning algorithm on electricity prices at selected time intervals (the MCNF case).
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capacities is that since very profitable high prices are being realized
at peaking time intervals, generator agents do not hesitate to lower
their bids at low demand time intervals in order to keep the plant
operational at the beginning of peaking demand portion of the day.

In the transient time intervals such as 9e10 and 11e12, even
though the prices have increased the standard deviations are
lowered. This indicates how transmission line capacity would
significantly drive the prices up, while reducing volatility. In the
peaking time intervals, high prices are still realized, but the stan-
dard deviations are also comparatively higher, indicating more
uncertainty in price formation.
Table 11
The reference scenario electricity prices for all time intervals (the AC-OPF approach).

Hours The AC-OPF reference scenario

Average electricity price ($/MWh) Standard deviation of price

0e1 143.0 58.5
1e2 151.2 53.1
2e3 138.2 50.6
3e4 122.5 25.5
4e5 170.2 52.6
5e6 172.9 48.6
6e7 151.2 34.8
7e8 167.8 38.9
8e9 181.8 76.2
9e10 345.7 205.3
10e11 164.9 45.9
11e12 280.2 161.6
12e13 238.2 103.7
13e14 153.1 48.9
14e15 170.6 66.1
15e16 193.2 106.6
16e17 163.0 45.0
17e18 203.7 55.3
18e19 178.9 48.8
19e20 172.6 53.6
20e21 194.6 63.0
21e22 186.7 69.6
22e23 240.1 94.0
23e0 160.5 48.0
Regarding Generator 8, Table 14 displays this generator’s, i) the
average real load dispatched, ii) profit levels, for all time intervals
under the reference and the capacitated line scenarios. In the
capacitated lines scenario, this generator is one of the losers in the
system, based on average load scheduled. Primarily due to its
location, transmission line capacities introduce barriers to it in
peaking time intervals. Accordingly, especially in the peaking time
intervals, general production levels of this generator falls,
compared to the reference scenario.

However, in terms of profit, Generator 8 is quite awinner. Even in
the low demand time intervals, profit levels are higher than that of
the reference scenario. On the other hand, except for the low
demand time intervals, standard deviations are very high compared
to average profit levels. This indicates that capacitated lines bring
higher uncertainty in profitability for this agent. This uncertainty
shows the risks inherent in higher profits, due to possible similar
behavior of agents driving the prices to higher and/or lower levels.

In the capacitated lines scenario, Generator 7 is observed as the
most successful agent regarding load increases (compared to the
reference scenario). Especially the profit increases, in the transient
and peaking time intervals, are significant as displayed in Table 15.
This generators’ case shows how a disadvantageous position in the
network may become favorable due to capacity limitations that
may be present in the network.

As a result of its success in real load taking, the average hourly
profits of Generator 7 in the capacitated lines scenario are also
significantly better than the reference scenario, as displayed in
Table 15. In the low demand time intervals, standard deviations are
also lower due to the prices formed in the scenario. However, the
Table 12
Transmission line capacities in the capacitated lines scenario.

Branch numbers Capacity (MW)

1e10 150
10e39 100
40e41 150



Table 13
The average electricity prices in the reference scenario and capacitated lines
scenario for all time intervals (the AC-OPF case).

Hours The AC-OPF reference scenario The capacitated lines scenario

Average price
($/MWh)

Standard deviation
of price

Average price
($/MWh)

Standard deviation
of price

0e1 143.0 58.5 171.9 41.5
1e2 151.2 53.1 169.7 40.4
2e3 138.2 50.6 135.3 34.1
3e4 122.5 25.5 108.5 23.8
4e5 170.2 52.6 119.6 23.0
5e6 172.9 48.6 108.7 24.2
6e7 151.2 34.8 126.1 24.2
7e8 167.8 38.9 160.9 35.7
8e9 181.8 76.2 187.0 49.0
9e10 345.7 205.3 255.7 94.3
10e11 164.9 45.9 287.2 110.3
11e12 280.2 161.6 319.9 124.9
12e13 238.2 103.7 314.0 143.9
13e14 153.1 48.9 257.8 93.4
14e15 170.6 66.1 281.1 133.5
15e16 193.2 106.6 242.1 110.5
16e17 163.0 45.0 225.1 69.5
17e18 203.7 55.3 265.5 90.2
18e19 178.9 48.8 252.5 83.7
19e20 172.6 53.6 346.8 186.0
20e21 194.6 63.0 263.8 87.2
21e22 186.7 69.6 328.5 153.6
22e23 240.1 94.0 293.9 145.6
23e0 160.5 48.0 253.3 103.3
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peaking and the transient time intervals feature standard devia-
tions as high as average levels, indicating high uncertainty even for
a successful agent.

The general situation in the capacitated transmission lines
scenario can be briefly explained by examining. In the reference
scenario, the use of transmission lines 1, 2 and 4, that are the ones
connecting buses 1, 3, 4 and 2, is not preferred, since lines 8 and 9
able to supply all the electricity of bus 5, which is the bus with
highest demand. However, with the introduction of limited trans-
mission capacity, this path become inadequate, forcing the use line
5, which connects bus 2 and 5 (but at an additional cost). Accord-
ingly, Generator 7 becomes very much competitive since other
nearby generators use higher marginal cost primary fuel.

Next parameter considered is the transmission fee. Two
scenarios are formed by setting the transmission fee to lower and
higher levels respectively. The main aim for the construction of
these scenarios is to better understand the effect of transmission
cost over the electricity price formation in the system. Table 16
Table 14
Average real load and profit performance of Generator 8 in the reference scenario and in

Time intervals The AC-OPF reference scenario The capacitated lines scenari

Average real
load (MW)

Standard dev.
of real load

Average real
load (MW)

Standard de
of real load

Off-peak (0e6) 39.8 12.4 37.0 12.1
Day time (6e17) 49.5 15.6 41.8 12.3
Peak load (17e24) 54.9 16.6 45.5 12.7

Table 15
Average real load and profit performance of Generator 7 in the reference scenario and in

Time intervals The AC-OPF reference scenario The capacitated lines scenario

Average real
load (MW)

Standard deviation
of real load

Average real
load (MW)

Standard devia
of real load

Off-Peak (0e6) 27.7 13.3 35.5 13.2
Day time (6e17) 31.9 15.5 38.9 15.8
Peak load (17e24) 34.7 15.7 44.7 17.4
displays the low transmission fee scenario, high transmission fee
scenario and the reference scenario results, regarding the prices
and standard deviations. In the low transmission fee scenario, the
cost of transmitting power over a branch is taken as one third of the
reference scenario (which is 0.67 $/MW). It can be observed that,
price levels have increased significantly in all except five time
intervals; (1e2, 4e5, 5e6, 8e9 and 9e10). Especially, the prices for
the peaking time intervals close to 21e22, feature significant price
increases. This behavior indicates that the low transmission fee
levels open a way of collusion behavior in the sense of indepen-
dently adopted similar bidding strategies.

The next setting of considered is the high transmission fee
scenario. In this scenario, the cost of transmitting power over
a branch is taken as three times of the reference scenario (that is
6 $/MW). It can be observed that increased transmission fees help
lower generation prices substantially. The pressure of the trans-
mission prices lead to lower bidding values of generators
(compared to the reference scenario) that leads to lowering of
overall prices. The uncertainty in electricity prices decreases in
such lower price conditions, (since generators have less room for
manipulation and hence the competition is not as fierce).

In summary, these scenarios indicate that raising or lowering
the transmission fee is an effective parameter in electricity price
formation. Higher fees led to pressure over the generators, which
lower the average prices and variability simultaneously. This effect
is mainly due to the generators at the buses which are far away
from the high-demand points. On the other hand, lower fees open
the door for price manipulations, which elevate the prices and
increase variability considerably.

As displayed in Table 17 lower transmission fees have a negative
effect on Generator 9, regarding the average load taken. This case
highlights how lower transmission fees can reduce the local market
power of a generator: Since transmission of power between buses
is now cheaper (compared to the reference scenario), the high
marginal cost Generator 9 suffers from this parameter change.

However, the negative effect of lower transmission fees cannot
be seen in profit levels, due to the increase in prices. The effect of
higher prices counters the reduced load taken and the profit
performance is better than that of the reference scenario. However,
standard deviations and thus uncertainty are higher, due to higher
price and load uncertainties.

Lower transmission fees have a positive effect on the perfor-
mance of Generator 7. As displayed in Table 18 the average load
levels scheduled to this generator increases. The case of Generator 7
serves as a good example showing how a generator may become
competitive by changes in transmission fees. Since this generator is
the capacitated line scenario for all time intervals (the AC-OPF case).

o The AC-OPF reference scenario The capacitated lines scenario

v. Average profit ($) Standard dev.
of profit

Average profit ($) Standard dev.
of profit

7902.6 5766.8 8515.0 3616.8
13,342.8 10,382.3 15,675.2 9163.4
13,382.6 8229.1 20,183.0 12,846.1

the capacitated line scenario for all time intervals (the AC-OPF case).

The AC-OPF reference scenario The capacitated lines scenario

tion Average hourly
profit ($)

Standard deviation
of hourly profit

Average hourly
profit ($)

Standard deviation
of hourly profit

4792.8 4414.2 5464.4 2687.8
9292.7 8963.6 11350.3 8032.3
9475.6 6967.1 14660.0 11795.6



Table 16
Average electricity prices in the reference scenario, the low transmission fee scenario and the high transmission fee scenarios for all time intervals (the AC-OPF case).

Hours The AC-OPF reference scenario The low transmission fee scenario The high transmission fee scenario

Average price
($/MWh)

Standard deviation
of price

Average price
($/MWh)

Standard deviation
of price

Average price
($/MWh)

Standard deviation
of price

0e1 143.0 58.5 242.2 103.7 95.6 24.8
1e2 151.2 53.1 146.9 55.8 116.1 23.0
2e3 138.2 50.6 173.8 63.8 141.6 38.8
3e4 122.5 25.5 142.0 47.3 127.5 29.6
4e5 170.2 52.6 136.1 45.0 111.8 23.7
5e6 172.9 48.6 150.0 61.1 147.0 31.3
6e7 151.2 34.8 158.3 60.5 134.3 35.6
7e8 167.8 38.9 282.9 126.1 136.8 34.6
8e9 181.8 76.2 153.6 56.1 134.1 45.1
9e10 345.7 205.3 152.4 59.7 122.9 32.2
10e11 164.9 45.9 285.7 125.7 166.2 49.0
11e12 280.2 161.6 310.9 140.5 152.3 41.0
12e13 238.2 103.7 318.7 142.2 147.0 47.1
13e14 153.1 48.9 229.8 89.7 152.6 44.1
14e15 170.6 66.1 250.0 108.8 134.9 33.6
15e16 193.2 106.6 218.8 90.0 129.1 33.5
16e17 163.0 45.0 188.2 69.2 120.7 34.9
17e18 203.7 55.3 204.5 81.5 163.2 45.0
18e19 178.9 48.8 237.5 97.6 165.7 45.9
19e20 172.6 53.6 338.3 155.5 160.9 44.1
20e21 194.6 63.0 265.0 109.0 137.2 41.1
21e22 186.7 69.6 462.6 220.3 127.4 37.4
22e23 240.1 94.0 237.4 115.5 126.4 36.5
23e0 160.5 48.0 204.5 90.5 103.0 27.1
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far away from the high-demand buses, the reference scenario
transmission fee pushed it to a disadvantageous state, while lower
fees allow Generator 7 be more competitive and carry more active
load in the system.

Profit levels of Generator 7, supported by the increased real load
taken, show increases in every time interval (except intervals 4e5
and 9e10, where prices decrease significantly). The higher stan-
dard deviations, (comparable and higher than the average profit
levels), indicate higher uncertainty in profit realization due to the
competitive behavior of the opponents in the market.

In the high transmission fee scenario, Generator 7 is the loser
due to its disadvantageous location in the network. Its loss of load is
at substantial levels in every time interval considered. Nearly 50% of
the load is lost compared to the reference scenario (the loss is lesser
only in the peaking time interval 21e23.). This indicates how
a generator far away from demand centers may be pushed out of
the market, if transmission fees are substantially increased.

As displayed in Table 18, profit levels of Generator 7 also
decrease dramatically. This however is expected, since both the
load assigned to Generator 7 and generation prices in general have
decreased in this scenario. Relatively higher profitability is attained
in the transient time intervals. It may be conjectured that due to
sharply changing demand levels of the transition periods, less
flexible competitors are less able in price/bid manipulation.

4.3.2. Response comparisons of the bidding algorithms
The scenarios considered in this section are intended to facili-

tate a better understanding of the learning effects deployed in the
bidding strategies, under the AC-OPF model.
Table 17
Average real load and profit performance of Generator 9 in the reference scenario and in

Time intervals The AC-OPF reference scenario The low transmission fee scen

Average real
load (MW)

Standard deviation
of real load

Average real
load (MW)

Standard devia
of real load

Off-peak (0e6) 32.8 9.9 25.2 10.8
Day time (6e17) 40.5 11.5 32.3 12.6
Peak load (17e24) 43.8 11.5 35.7 13.5
The impacts of various learning effects are analyzed by first
investigating the electricitypricesbehavior at selected time intervals.
Next, the generators’ responses in this environment are investigated
to observe the effects of the learningalgorithms. Table19displays the
electricity prices under the “Market Share learning effects” based
bidding strategy, the “MarketPower learning”basedbidding strategy
and the “Learning by Price Tracking” based bidding strategy.

Regarding the “Market Share” bidding strategy, as can be
observed from Table 19, the average prices in all time intervals have
declined substantially, compared to the reference scenario. Addi-
tionally, the decline in the standard deviations is significant in
every time interval (especially for the transient demand time
intervals). It is conjectured that this reduction in price and its
variations are caused by the introduced Market Share maximiza-
tion concept inherent in this strategy which enhances competition.
Accordingly, the strategy is deemed successful both in terms of
lowering the electricity price and its variation.

Regarding the “Market Power learning based” bidding strategy,
as can be observed from Table 19, each time interval shows
different price responses, compared to the reference scenario.
Generally, a significant decrease in price is observed in low and
transient demand time intervals For peaking time intervals,
decreases in prices are not significant, while some price increase is
seen for the time interval 18e19. On the overall, the purposed
strategy smoothes down the prices in non-peak time intervals.
Higher prices in peaking time intervals lead to lesser prices at non-
peak time intervals (to be operational close to peak times), which is
in line with the objective of the strategy: maximizing profit while
minimizing uncertainty.
the low transmission fee scenario for all time intervals (the AC-OPF case).

ario The AC-OPF reference scenario The low transmission fee scenario

tion Average hourly
profit ($)

Standard deviation
of hourly profit

Average hourly
profit ($)

Standard deviation
of hourly profit

3757.4 2797.6 4920.0 3406.4
7216.8 5955.8 8399.2 5784.4
6850.1 4092.9 11,756.1 8179.4



Table 18
Profit performance of Generator 7 in the reference scenario, the low transmission fee scenario and high transmission fee scenario for all time intervals (the AC-OPF case).

Time intervals The AC-OPF reference scenario The low transmission fee scenario The high transmission fee scenario

Average hourly
profit ($)

Standard deviation
of hourly profit

Average hourly
profit ($)

Standard deviation
of hourly profit

Average hourly
profit ($)

Standard deviation
of hourly profit

Off-Peak (0e6) 4792.8 4414.2 8075.8 5977.0 2033.0 1249.2
Day time (6e17) 9292.7 8963.6 12,472.2 9381.5 3189.8 2196.3
Peak load (17e24) 9475.6 6967.1 16,341.7 12,566.1 3615.0 2450.9
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Regarding the “Price Tracking” based bidding strategy, as can be
observed from Table 19, the standard deviations are higher by ten-
fold compared to the reference scenario and any other learning
based pricing strategy, which leads to standard deviations being
larger than the average prices in certain time intervals. Such high
level of uncertainty in price makes it harder to form an expectation
for future price levels based on past data. Since the self reinforcing
learning algorithm, which forms the basis for the bidding process,
rely on expectations, this situation effects the decision-making
processes of the generators significantly.

As can be seen in Table 20, under the Market Share bidding
strategy, Generator 4 is the successful generator in terms of average
load increase, nearly for all time intervals. The level of load increase
is highest at the peaking time intervals, with the transient time
intervals following the peaking time intervals. The increase in load
levels does not significantly affect the standard deviations, while
a decreasing trend is observed close to peaking time intervals. Even
though Generator 4 is regarded as successful with respect to the
increases in real load levels, profits show substantial decreases
compared to the reference scenario. The success of real load
increase prevents further profit decrease.

As displayed in Table 21, Generator 7 loses substantial amount of
real load in most time intervals, under the Market Share bidding
strategy. This situation can be explained with the longminimum up
and down times of this generator resulting in long time intervals
without load that reduces profitability. In addition, price levels are
not sufficiently high to compensate startup costs; thus the
Table 19
Average electricity prices in the reference scenario and under the various learning based

Hours The AC-OPF reference scenario The Price Tracking bidding strategy

Average price
($/MWh)

Standard deviation
of price

Average price
($/MWh)

Standard deviation
of price

0e1 143.0 58.5 250.6 147.5
1e2 151.2 53.1 293.9 220.3
2e3 138.2 50.6 295.5 326.6
3e4 122.5 25.5 214.5 199.5
4e5 170.2 52.6 176.9 136.5
5e6 172.9 48.6 249.5 181.3
6e7 151.2 34.8 252.6 174.5
7e8 167.8 38.9 297.5 328.4
8e9 181.8 76.2 206.1 120.2
9e10 345.7 205.3 310.1 318.0
10e11 164.9 45.9 374.7 334.7
11e12 280.2 161.6 374.5 279.9
12e13 238.2 103.7 483.8 524.0
13e14 153.1 48.9 332.8 280.0
14e15 170.6 66.1 415.3 343.4
15e16 193.2 106.6 340.0 299.7
16e17 163.0 45.0 414.7 436.7
17e18 203.7 55.3 368.5 309.1
18e19 178.9 48.8 364.3 313.8
19e20 172.6 53.6 302.5 237.7
20e21 194.6 63.0 337.8 265.6
21e22 186.7 69.6 261.9 167.0
22e23 240.1 94.0 250.1 196.5
23e0 160.5 48.0 252.0 196.6
generator prefers to bid higher prices and take fewer load assign-
ments, while maintaining profitability.

The profit of Generator 7 shows substantial decreases under the
Market Share bidding Strategy, as displayed in Table 21. The two
main underlying dynamics affecting this outcome are, i) prices
moving to lower levels, ii) loss of load (to other agents) because of
the high competition during the planning horizon.

Under the Price Tracking strategy, Generator 4 turns the new
situation into an advantage by taking more load relative to the
reference scenario as can be observed in Table 22. Especially in the
peaking time intervals, the increase in real load levels is coupled
with lower standard deviations. Generally, difference between the
reference scenario and the scenario implementing the Price
Tracking bidding strategy is between 5 and 10 MW.

As can be seen in Table 22, the profitability of Generator 4 shows
a fluctuating performance compared to the reference case. During
peak demand time intervals, profit levels are well above the refer-
ence case. For other time intervals, profit levels are less compared to
the reference case. Even though load assigned to this generator
increase nearly for all time intervals, the dominant effect of price
increase is observed over the profitability. Besides, very high stan-
darddeviations (compared to averageprices) are seen in some cases,
which highlights the inherent high level of uncertainty that makes
the average values aweak estimate of the expected profit levels. The
situation also indicates the ongoing fierce competition.

The resulting price behavior shows the importance of the
physical location of the generators and the network layout over
bidding strategies for all time intervals (the AC-OPF case).

The Market Share bidding strategy The Market Power bidding strategy

Average price
($/MWh)

Standard deviation
of price

Average price
($/MWh)

Standard deviation
of price

97.9 19.2 128.6 30.3
118.0 27.0 148.8 31.7
99.2 17.6 131.6 26.3
79.6 14.3 133.7 26.6
72.1 13.6 118.4 22.1
91.1 18.3 141.0 29.2
83.1 13.9 135.2 27.8
95.2 19.2 116.6 25.0
81.2 17.5 187.8 58.6
90.7 16.8 113.4 22.9
88.3 18.2 135.2 37.4

111.5 30.4 229.3 78.3
117.5 32.2 236.0 76.5
136.9 36.4 265.5 100.7
102.0 23.9 234.9 76.6
106.7 17.6 122.5 27.0
103.3 23.0 128.4 35.8
120.2 25.2 200.4 46.9
106.5 25.0 246.0 85.9
136.2 38.5 162.5 36.1
125.2 30.6 165.5 52.4
103.7 31.3 188.8 63.8
104.2 27.0 126.3 25.0
66.1 11.4 141.6 32.3



Table 20
Average real load and the profit performance of Generator 4 in the reference scenario and in the Market Share based bidding scenario for all time intervals (the AC-OPF case).

Time intervals The AC-OPF reference scenario The Market Share bidding
strategy

The AC-OPF reference
scenario

The Market Share bidding
strategy

Average real
load (MW)

Standard dev.
of real load

Average real
load (MW)

Standard dev.
of real load

Average
profit ($)

Standard dev.
of profit

Average
profit ($)

Standard dev.
of profit

Off-peak (0e6) 46.7 14.2 51.7 15.5 10,341.2 7250.4 5817.6 3007.0
Day time (6e17) 63.7 19.4 70.8 19.2 16,436.3 12,595.7 7296.9 3607.3
Peak load (17e24) 72.1 20.6 78.2 19.6 15,789.1 10,120.4 8779.1 4467.9
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price formation. This highlights the need of policies for siting the
power plants with an eye to overcoming monopolistic/oligopolistic
behavior in the market. This is crucial for market stability and
efficiency.

4.4. Discussion of results

In this study, a model is developed to investigate and better
understand the implications of a competitive power market (under
transmission line and production technology based constraints,
and different behavioral/learning algorithms assumed for power
generators) on generator profits, electricity prices, availability and
supply security. An integrated simulation/optimization approach is
used in the modeling and analysis of the decentralized electricity
market. The primary electricity supply/demand issue tackled is the
“day-ahead hourly market balancing” based on the available
transmission network, estimated demand profiles and supply bids
offered by the electricity providers present in the system. For this
purpose, an agent-based simulation model and two alternative
network flow optimization models are developed and integrated to
mimic bidding and oversee/optimize electricity flows, while
enforcing technological and other constraints. In the simulation
model generators try to maximize profit under existing market
conditions and technical constraints, while their decision-making
mechanisms are designed in a way to benefit (learn from)
previous actions. The system operator collects hourly bids (of
specific amount of electricity production at specific prices) from
generators and accepts the bids starting from lowest price until the
period’s demand is satisfied, so that all demand is satisfied at
minimum cost of generation and transmission. The system operator
oversees a predefined set of power generators and a power trans-
mission network, while pursuing cost minimization through
generation scheduling and power flow decisions. The characteris-
tics and capacities of the generators and transmission lines are
represented through two alternative network flow optimization
models, a linear minimum cost network flow model and a non-
linear alternating current optimal power flow model.

Within this framework, various hourly and daily bidding
strategies (of individual generator agents) are developed and
tested, and further policy analysis is carried out under various
settings of market parameters, such as demand heterogeneity,
supplier number, size and distribution over the network. In this
context, new generators are introduced at various locations in the
Table 21
Average load scheduled and profit performance of Generator 7 in the reference scenario an

Time Intervals The AC-OPF reference scenario The Market Share bidd
strategy

Average real
load (MW)

Standard dev.
of real load

Average real
load (MW)

Sta
of r

Off-peak (0e6) 27.7 13.3 22.6 13.
Day time (6e17) 31.9 15.5 28.5 14.
Peak load (17e24) 34.7 15.7 31.0 15.
network to see the possible effects over price formation and agent
behavior.

Table 23 summarizes the main underlying differences of the
AC-OPF and the linear network approaches. The number of demand
components and constraints, together with the characteristics of
the constraints, increases the complexity of the integrated simu-
lation/optimization accomplished as is reflected by the run times.
The increased complexity however brings the simulation/optimi-
zation model closer to the real world it represents.

First, it should be noted that, the effect of the transmission
network on market price formation is minimal in the linear
network case. The price remains in the 20e70 $/MWh range, which
is very close to the marginal cost of production. Besides, the
transmission capacity is not very crucial in the linear case. The
flexibility of the optimization for the flow of electricity is high
enough so that disturbance over the prices is minimal as long as
excess capacity is present within the system. Transmission fee has
a significant role in market formation; an increase in the trans-
mission fee directly increases the electricity price. On the other
hand, even though the most cost-effective producers are selected
repetitively in the optimization, those producers which are able to
exercise market power (via their lower marginal costs or capacities
or technologies) benefit by pushing prices upward in their bid to
maximize their own profit.

Implemented bidding strategies, namely theMarket Share based
bidding strategy, the Market Power bidding strategy and the Price
Tracking bidding strategy, turned out to have different effects at
different time intervals. The Market Share bidding strategy is found
to be especially effective at low demand time intervals where low
marginal cost producers dominate the market. These producers
exercise market power with their influential Market Share and this
affects the pricing mechanism considerably. The Market Power
bidding strategy, on the other hand, is found to be effective at
peaking demand time intervals, where the gap between capacity
and demand narrows considerably. The Price Tracking bidding
strategy is observed to be effective at all time intervals by higher
price formation coupled with significant volatility, which is
surprising since the market seems to be competitive by its excess
production and unlimited transmission capacity. This indicates the
possible dramatic outcomes of a deregulated electricitymarketwith
good macro indicators, which shows the opportunities for the
bidders in themarket based on the structural details such as siting of
the generators with respect to demand nodes, AC constraints, etc.
d in theMarket Share based bidding scenario for all time intervals (the AC-OPF case).

ing The AC-OPF reference
scenario

The Market Share bidding
strategy

ndard dev.
eal load

Average
profit ($)

Standard dev.
of profit

Average
profit ($)

Standard dev.
of profit

2 4792.8 4414.2 2358.8 1386.6
4 9292.7 8963.6 3187.6 1885.9
5 9475.6 6967.1 3779.4 2501.1



Table 22
Average load and profit performance of Generator 4 in the reference scenario and in the Price Tracking based bidding scenario for all time intervals (the AC-OPF case).

Time intervals The AC-OPF reference scenario The Market Share bidding
strategy

The AC-OPF reference
scenario

The Market Share bidding
strategy

Average real
load (MW)

Standard dev.
of real load

Average real
load (MW)

Standard dev.
of real load

Average
profit ($)

Standard dev.
of profit

Average
profit ($)

Standard dev.
of profit

Off-peak (0e6) 46.7 14.2 50.1 13.1 10,341.2 7250.4 12,954.2 14,584.8
Day time (6e17) 63.7 19.4 68.3 17.9 16,436.3 12,595.7 21,412.4 23,929.1
Peak load (17e24) 72.1 20.6 78.4 18.7 15,789.1 10,120.4 21,174.9 20,128.9
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Regarding the AC-OPF case, due to the non-linear nature of the
AC, the network structures (and limitations) have considerable
effect on market price formation. This situation is better observed
on average electricity sale prices. The resulting prices are higher for
each time interval (as compared to the linear network model). In
the base run, the average electricity price changes between 120 and
350 $/MWh depending on the time interval. This wide price range
indicates the capability of this modeling approach in capturing
real-life possibilities (at the price of increased complexity in terms
of coding and increased computational time as pointed out in
Table 23). In this case, unlike the linear network approach, lowering
of the transmission capacity has significant effects on price
formation. In low demand time intervals, due to low energy needs,
network capacity is rarely fully utilized, exhibiting no noticeable
effect over prices. However, in the peak and transition time inter-
vals, when the line capacity utilization is much higher, the pricing
mechanism is deeply affected by the higher local market power
potential of generators close to demand locations. Unlike the linear
case, even if excess production capacity is present within the
system, the system operator cannot effectively use the excess
capacity to maintain the desired supply/demand balance.

Transmission fee is also found to be one of the parameters in the
AC-OPF case that responds in reverse direction compared to the
linear network approach. Lowering the transmission fee leads to
manipulative behavior among the generators leading to higher
prices compared to the reference case. Setting the transmission fee
to higher levels forces the generators that are far from demand
centers to lower their bids, so that they will have a better chance of
getting awarded load assignments throughout the day. Since the
nature of the AC effects the producers that are far from the demand
in a negativemanner, higher transmission fees let no alternative for
the far away generators other than cutting their prices.

The Market Share bidding algorithm is observed to be effective
at all time intervals. It is found that underutilized generators
producing less than full capacity lower their bid prices in order to
increase Market Share. This pulls down prices to levels nearly equal
to those of the linear case. This finding leads to two possible policy
design concerns: first, the market design should motivate genera-
tors for maximizing their Market Share leading to lower prices and
volatility; second, this situation indicates how the linear model and
the AC-OPF model diverge at load schedule and assignments
leading to reverse effects.

The Market Power bidding strategy produces results similar to
the linear network approach while the Price Tracking bidding
Table 23
Comparison of descriptive information for two modeling approaches.

Linear network AC-OPF

# of demand components Single (real) Two (real and reactive)
Simulation time (each run) 5 min 40 min
Number of constraints 70 149
Type of constraints All linear All non-linear
Closeness to reality Not much Yes
strategy exhibits a different behavior than the linear case. Under
the Price Tracking bidding strategy, at low demand intervals
significant price decreases are observed, followed by extraordinary
high prices at peak demand time intervals. Generators motivated
by the high prices at peak demand intervals compete to take load in
advance (in prior transition periods) in order to be in operational
state at peak demand intervals. This behavior lowers prices
considerably at time intervals close to peak load, thus introducing
an interesting dynamics triggered by high peak time prices.
5. Conclusions

This study has indicated the importance of transmission
network, location of demand centers, and siting of generators for
the successful design of a competitive electricitymarket. It has been
shown that the design of an electricity market is far more complex
than just having excess production capacity to meet demand. It is
found that physical network parameters have dramatic impact on
price levels and stability. Additionally, the behavior of generators
has significant effect on price formation, as pointed out by different
bidding strategies. For an efficiently functioning competitive elec-
tricity market, careful system design, giving due consideration to
physical network parameters including demand location and
generator siting, is inevitable.

From the investor/generator viewpoint, the picture is somewhat
different. Since the general objective of the generators is to maxi-
mize profit, this target is seen to be achieved by two strategies. The
first strategy is to maximize the assigned load levels so that the gap
between the cost of production and price is fully accounted as
profit. The second strategy is tomanipulate the prices, through well
designed bidding strategies, so that the gap between the electricity
price and production cost is maximized. In this study it is shown
that siting of the generator in the network, selection of its size and
technology are the main strategical decisions in a decentralized
competitive power market.

Siting of generator is a key strategic factor since it determines
the market power potential of a generator for different time
intervals. A generator may be very advantageous at a certain bus at
transient time intervals just because of technological flexibility
since all other close neighborhood generators can be very inflexible
due to their inherent technical parameters. In this case, such
a generator’s market power will enable it to push up prices until
a remote comparable rival’s disadvantageous situation is compen-
sated by the price increases and its active competition stabilizes the
prices.

Another important parameter for the investor is the difference
between high and low load intervals, and the length of transient
period for this load change at the close proximity of a candidate bus
for the a generator. This may increase the value of technological
flexibility of the new generator or diminish the technological
advantage due to other flexible rivals or daily demand patterns.
Locations permitting price manipulation, such as highly inter-
connected buses, should be selected for profit maximization. Other
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profitable conditions may arise on buses with higher quality
transmission lines permitting smoother flow to the high-demand
centers with lower electricity loss. Such a case will also bring the
generator into an advantageous position in the market, allowing
partial power for manipulative behavior.

In order to feature a competitive power market, the regularity
authority should analyze each candidate bus for capacity expansion
with possible opportunities for investors. Buses could be classified
so as to indicate the ones permittingmanipulative pricing behavior.
Once such a classification is done, the installation permits may be
prioritized such that capacity expansion plans developed contain
mainly buses that are permitting profit maximization only by
increasing load levels. In this case capacity expansion will yield
smoother and more stable prices in the market.
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