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Abstract

The idea that large-scale generating units will operate at marginal cost when given the ability to offer their power for sale in a

uniform price auction is at best wishful thinking. In fact, both real and experimental data show that the more uncertainty a supplier

faces (e.g., load uncertainty, uncertainty of other suppliers, etc.), the more they will hedge their profits through higher than

marginal cost offers and through withholding units if permitted. This makes predicting unit commitment and dispatch ahead of

time difficult. This paper explores characteristics of software agents that were designed based on the outcome of human subject

experiments on a uniform price auction with stochastic load. The agent behavior is compared to the behavior of the subjects. Both

subject and agent behavior is classified based on the data. Differences and similarities are noted and explained. Based on the result

of the simulation, a model was suggested to explain an offer submitted in deregulated markets based on double layer diffusion.

D 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Restructuring of the electric power industry has

been going on in many countries over the past 10 or

so years. In all restructured markets, auctions play a
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major role in determining the price for electricity.

Auction-based markets are thought to be more

effective and in the long run, more efficient than

traditional regulation. As a result of the new mech-

anisms where generation set points are determined by

market forces rather than by engineering design, new

tools are needed both for planning the new system and

for operating it. Our aim in this paper is to discuss the

agent-based components needed to develop a new tool

for power system planning. Specifically, we wish to

develop a planning tool that uses the results of a
40 (2005) 449–460
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market-based simulation using software agents as a

replacement for the human agents used in the real

world to offer energy into a market. Well-designed

software agents can be used to emulate the offer

behavior of human agents provided that it can be

shown that, in some sense, their behaviors are roughly

identical.

Our experiments with trained humans have shown

that humans adopt one of a small number of offer

strategies for any given market design. So, a

simulation should require only a limited number of

different software agents. We seek to identify the

combination of strategies that could cause anomalous

operating conditions for a power network. Each of

the agents represents a firm that owns several

generators. Since it takes too much time to test all

the possible permutations of all the software agents,

we seek a way to identify only those combinations

that will produce interesting results. That is, if there

is a way to classify agents into small number of

groups, not based on the code but based on the

effects the agents have on the market and on the

network, significant computational and design time

will be saved.

All well-functioning agents, whether human or

software, are driven to maximize their individual

profits. Of the several different types of strategies

used by human agents in a uniform price auction, the

most prominent strategies are to either offer marginal

cost or to use some degree of speculation, either by

withholding capacity or by offering high prices or

both. Individual earnings are determined by the

market clearing price and quantity dispatched. A

marginal cost offer agent tries to maximize quantity

dispatched by offering low prices while free riding on

the efforts of a speculator to raise prices. A speculator

is interested in hedging his uncertainty and risk by

raising the market-clearing price. While it is easy to

model a marginal cost offer agent since it offers all its

blocks at marginal cost, there are many different types

of speculators depending on the degree that they

speculate.

In this study, five standardized agents were

designed for simulation and classification—four

different types of speculators and a marginal cost

offer agent. A human agent and a software agent

competed against combinations of the standardized

agents. They were classified into five different groups
based on their performance as discussed in the

sequel.
2. Electricity market

Agents develop auction rules for themselves based

on the rules of the auction they are participating in

and, in repeated auctions, based on the actions of their

competitors. In the design considered here, the

electricity market was assumed to be a uniform price

auction with an inelastic but time varying load

demand. In this market, an independent system

operator (ISO) provides a load forecast and collects

offers submitted by six participating agents. The ISO

then clears the market and checks the security of the

system.

In every period, each agent is asked to submit a

price and quantity. No price can exceed a reservation

price meant to represent the price above which no load

would be willing to pay for power. The offers

submitted by all the agents are then ranked according

to the offer price from lowest to highest. Then, the

ISO dispatched blocks beginning with the lowest offer

until actual demand (which is different than forecasted

demand) is met. If two or more blocks were offered at

the same price, the ISO randomly selected which

block(s) to be dispatched. All the winning agents were

paid according to a second price auction, meaning that

winners were paid at the same price (uniform price

auction). If the actual demand were larger than the

capacity offered, ISO would recall capacity from the

blocks withheld at the price of the last accepted offer.

The agent whose block was recalled would be charged

a recall cost. After clearing the market, ISO published

the market clearing price and quantity dispatched to

corresponding agents. Each agent received informa-

tion only related to its own generator such as the

dispatch quantity and price. One scenario was

comprised of 200 periods.

Six agents each had the same capacity with five

blocks. Their generators had identical operating costs

including fuel cost and standby cost as well as

interest charges. For the sake of simplicity, startup

costs were not taken into account. Based on its

maximization algorithms, available history data and

load forecast, each agent decided how many blocks

to offer and the offer price of a block if offered.
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Exchange of information among agents was not

allowed.
Table 1

Offer strategies of the standardized agent when the fair share block

is the jth block

Base

unit

( j�1)th

block

jth

block

( j+1)th

block

Higher

block

MC MCO MCO MCO MCO MCO

WS MCO MCO MCO S W

SS MCO MCO S W W

SS2 MCO S W W W

SS3 S S S W W

Here, MCO, S and W stand for the marginal cost offer, speculate

and withhold, respectively.
3. Standardized agents

Five standardized agents consisting of one mar-

ginal cost offer agent and four speculators were

designed and used in a test bed whose purpose is to

a classify other software or human agents. That is,

the thesis is that an agent with unknown behavior

can be classified based on its play with known agent

types. The marginal cost offer agent (MC) is an

agent that offers all five blocks at marginal cost

without any withholding. The four speculators had

different degrees of speculation. In order to be a

speculator, at least one block must be offered at a

high price.

It is crucial to an ability to implement a

speculator to be able to determine which block or

blocks are to be offered at a high price. For

simplicity, any offer submitted at a high price was

made at the same price regardless of the type of

speculation. A fair share of the market was

calculated based on the load forecast. The block

in which the fair share quantity falls is termed the

bfair share blockQ. If this were the last block chosen

for the unit by the auction, then it would be the

units’ marginal block. Thus, the fair share calcu-

lation is just a means for trying to predict a unit’s

marginal block a period ahead and any calculation

that accomplishes that prediction is suitable for the

purpose we have in mind. Since all the competitors

in the market considered here have the same

capacity, fair share was calculated simply by

dividing the load forecast by the number of market

participants. If there were differences in the gen-

erating capacity being represented by an agent, the

formula for a fair share is more complicated. In

addition, if some agents have a locational benefit

over others, their fair share should not be a simple

dividend of a forecast. In this case, suppose all the

agents that have the same locational benefit submit

offers in order for them to get dispatched in the

same fraction, which is the ratio of quantity

dispatched to total capacity. The block containing

the fair share was defined as the fair share block.

For three speculators, only one block was offered at
a high price, and the blocks with a lower operating

cost than the fair share block were offered at

marginal cost. The blocks with a higher operating

cost than the fair share block were withheld from

the market. There are several reasons why a

speculator would withhold some of its capacity

from the market. First, a speculator may suspect that

the withheld block will not be dispatched if offered.

In such a case, the speculator may avoid paying the

standby cost which results in decreasing profit.

Another reason is that physically withholding

capacity increases the chance that a high offer will

need to be dispatched since load must be met. If

standby costs are ignored, the effect of withholding

is essentially that of moving the supply curve to the

left.

The strategies for offers of the standardized agents

are shown in Table 1. The standardized agent with the

weakest degree of speculation, called a weak spec-

ulator (WS), was designed to speculate with the block

that is adjacent to and more expensive than its fair

share block. If the load forecast had no significant

error (i.e., if the forecast was similar to the actual

demand), the behavior of WS was found to be similar

to that of an MC with some withholding capacity.

Since no speculator could speculate less than WS, the

agent was called weak speculator. The agent with a

stronger degree of speculation, termed strong spec-

ulator (SS), offered a high price for its fair share

block. This agent took the risk not being dispatched

for a higher market-clearing price. Two stronger

speculators (SS2, SS3) were also implemented. One

of them (SS2) offered at high price for the block

before the fair share block while the other did from the

first to the fair share block.
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4. Classification of an agent

In a simulation, five agents composed of some mix

of the standardized agents and one agent of interest

that was either a software design or a human agent

were used. A specific combination of the five stand-

ardized agents comprised one scenario. It turned out

that only six different scenarios were needed for a

classification. Each software and human agent par-

ticipated in the chosen six scenarios at a time. For

each scenario, the six agents participated in 200

periods, and their earnings were collected and plotted

as a function the earning of the agent of interest at

each period. Fig. 1 shows one simplified plot of the

earnings of all participating agents. The six lines show

how the corresponding agents performed in each

period. All the lines have different slopes, which

characterizes the type of agent. Among the lines, the

line showing y=x represents the earning of the agent

of interest. If the y=x line is bcloseQ to one of lines

showing the earnings of a standardized agent, the

agent of interest is classified as an agent whose

behavior is similar to that of the standardized agent

that produced the close line. For example, the agent

shown in Fig. 1 is classified as a strong speculator

(SS). In the scenario that produced this plot, the MC

(no speculating) agent earned the most while SS3 (the

speculator with the strongest degree of speculation)

earned the least. In simulations with software agents,

this feature was found to be true in general. However,

an agent with a less degree of speculation made the

market more competitive and consequently made
Fig. 1. Earnings of the standardized agents and the agent of interest.
everyone including the agent itself earn less. This

might encourage an agent to speculate if it wants to

maximize its own profit without concern for the

profits of others.
5. Expected earnings

It was assumed that the earning of a standardized

agent was highly correlated to that of an actual agent

of the same type. To calculate the earnings of six

different types of agents, an electricity market was

simulated only with the standardized agents. From the

simulation, the earnings of participating agents were

obtained in each scenario.

Expected earnings of the software agents were

calculated based on the actual distribution of the

software agents once they were classified. After

classification, one could calculate the earning of each

agent from each scenario, and then multiply the

earning by a weight factor. The weight factor is

calculated based on the probability that the agent

might be in the same group in agent competition as

the competition where it earned the profit considered

now. For example, suppose that there were 24 agents.

Suppose we had classified them as 5 speculators and

19 marginal cost offer agents. Now, suppose we were

interested in one of the speculators competing with

five other agents from the group of 24. The following

enumerate the choices: Number of possible choices

when selecting 5 agents without regard to type from

the 23 agents left in the pool is: 23C5�1C1=23!/

((23�5)!5!)�1!/((1�1)!1!)=33,649. The number of

choices that have no speculator in a group is 11,628

(=4C0�19C5�1C1). From similar calculations, the

possible number of choices can be calculated for

other mixes of agents. The corresponding probabilities

can also be calculated. For example, the probability

that the agent of interest participates in a market with

no speculator is 0.3456 (=11,628/33,649). The prob-

abilities that the market has one, two, three and four

speculators are 0.4608, 0.1728, 0.0203 and

5.65�10�4, respectively. That is, the probability that

all marginal agents are competing with the chosen

speculative agent (i.e., there are no speculators in the

competition other than the chosen speculative agent)

is 0.3456. If, for example, the agent of interest earns

US$100, US$300, US$700, US$1800 and US$2500
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in each of five competitions where each has a different

mix of competing agents as listed above, then the

weighted earning of agent k, Ek, is about

Ek ¼
X

iapossible group

pki � eki cUS$332

where pi
k and ei

k stand for probability that agent k is in

group i and the earnings for agent k is in the group i,

respectively. The expected earnings obtained in this

way were used for a further comparison of the actual

earnings.
6. Simulation results

In the fall 2002, 14 different software agents were

submitted by the students taking the class ECE 551/

AEM655 at Cornell University. These agents were

competed in a class competition and subsequently

used as early tests of the classification ideas

presented here. From experiments performed in the

same class with the students, it was believed that

MC, WS and SS were the most competitive types of

agents. Therefore, only those types of standardized

agents were used. After performing simulations in

which all possible combinations of the three stand-

ardized agents were used, the classifications of each

agent of interest by certain of those simulations were

found to be redundant, i.e., classifications using one

scenario and that by using another different one was

identical. It was found that of the all the combina-

tions of three agents choose five that are possible,

only six were needed to produce distinctive classi-

fications. The following scenarios were selected since

they were found to be a complete set for the

classification:

4 WSþ 1 MC; 3 WSþ 2 MC; 4 SS

þ 1 MC; 3 SSþ 2 MC; 1 SSþ 2 WS

þ 2 MC and 1 SSþ 1 WSþ 3 MC:

One randomly selected set of the forecasted and

actual load was assigned for one scenario. Average

load was 470 MW, and the maximum error between

forecast and actual load was 20 MW.

Each of the 14 software agents and 5 standardized

agents formed a group for the simulation, and
corresponding plots were generated based on the

results of the simulations. According to the plots, the

14 agents were classified into three groups—five MC,

four WS and five SS. It seemed that most agents

tested speculated to some extent with the degree of

speculation somewhere between WS and SS. It is

worthwhile noting that from a scenario the earnings of

an agent was close to that of the standardized agent

classified as the same type of the agent. Fig. 2 shows

one example of the plots of the earning of a randomly

selected software agent classified as SS. The classi-

fication of the software agents was fairly easy since

the strategy used seemed consistent for a given

scenario, which means no learning algorithms were

implemented. For most of the agents, strategies

seemed not to change for different scenarios, i.e.,

type of competitors. It was also found that no agents

developed by the students used learning algorithms

which would alter the results significantly.

For a simulation with a human agent, 20 students

were recruited from the class ECE 451, electric power

systems, at Cornell University. Each of the 20 students

participated in the simulation with five standardized

agents just like the software agents. The purpose of

this experiment was to find out if the same technique

that was successful for classifying software agents

could be used to determine human strategies. The

same sets of forecast and actual load were used for the

simulation. They learned from experience, and were

consistent only in some scenarios. Therefore, the data

obtained only after a learning period were useful for

classification of the scenarios. After examining earn-

ing data, 10 periods were assigned to the learning

period. It was also found that one behaved SS in some

scenarios while the same person did WS in other

scenarios, i.e. different strategies were used for

different types of competitors, which is logical

behavior. Strategies other than ones used by the

standardized agents were also observed. The con-

clusion was that the set of standardized agents was not

rich enough and that it was possible to classify some

of the different strategies by adding by the speculating

agents SS2 and SS3 to the mix. A typical simulation

result is shown in Fig. 3.

In the case of (a) and (b), one was classified as SS2

and SS3 while the same one was classified WS and SS

in the case of (c) and (d), respectively. When SS3, a

standardized agent with the strongest degree of



Fig. 2. Example of a performance of the software agents: in the plot, square and circle stand for the earning in a period of MC and speculator

(WS or SS), respectively.
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speculation, participated in a scenario described

above, plot (b) was a common feature. What SS3

did was effectively withhold its whole capacity from

the market unless the market-clearing price was high.

Therefore, the market-clearing price was high even in

low-demand period, which caused the earnings of all

competitors to increase considerably. Even though this

type of strategy seemed not reasonable, it was often

observed especially when the market was very

competitive, i.e., for markets with an agent mix such

as 3 WS+2 MC that is in aggregate not very

speculative. In less competitive mixes such as 4

WS+1 MC or 3 SS+2 MC, the strategy was rarely

used.
For the case in which it was possible to classify a

human agent, the total earning of a human agent from

the scenario was compared to that of the standardized

agent of the same type from the same scenario. The

comparison between the two earnings is shown in Fig.

4. The red line corresponds to a perfect correlation,

which is y=x. In Section 5, it was assumed that

standardized agent earnings were highly correlated to

the earnings of actual agent of the same type. Fig. 4

shows the assumption was satisfied in the experiments

performed in this study. The correlation between two

earnings was checked for both a software agent and a

human agent as long as it was possible to classify the

agent of interest.



Fig. 3. Example of a performance of the human agents: square and circle stand for the earning in a period of MC and speculator (WS or SS),

respectively.
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There was an interesting software agent worthy of

special note. It offered some capacity into the market

at marginal cost, but started to withhold some from

the fair share block. Therefore, its offer function was

similar to that of SS except for withholding capacity

from the fair share block instead of offering at a high

price. This offer behavior is known as a Cournot

speculator [1,3]. This agent was classified as SS as

long as at least one speculator exists in the market

regardless of type such as WS or SS. For a further

investigation, other types of agents were imple-

mented. For example, an agent similar to WS that

withheld its normally high offer block was tested. The
agent was classified as WS by classification tests. It

was concluded that the degree of speculation is

closely related to which, block of capacity an agent

chooses to deviate from the marginal cost (or low

offer).

In an agent simulation, it was found that in general

a higher earning for everyone was achieved, as the

speculation got stronger. However, in a given sce-

nario, the agent who earns most was the least

speculating agent—MC, WS, SS, SS2 and SS3 in

decreasing order. For the agent simulation, the

objective of each agent was the profit maximization.

The best strategy of an agent to serve the objective



Fig. 5. Two common offer curves in all the deregulated markets

These specific offer curves were found in the PJM market where D8

and Y6 stand for the company code.

Fig. 4. Actual earning vs. Expected earnings calculated from

simulation.
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depended on the scenario in which the agent

participated. Therefore, it is important to figure out

the type of the competitors in the market.

In the class ECE 551/AEM 655, a round robin type

tournament was designed to determine a winner

among submitted agents based on earnings. In the

tournament, submitted agents were randomly divided

into three groups of six agents. A group of six agents

participated in a simulation. Based on earnings from

the simulation, two agents from each group were

selected for a final simulation. The winner was chosen

from the final competition composed of two winning

agents from each of three groups. The winner was

classified by using the classification method, and

turned out to be a type of MC. In such a competition,

not many combinations were given to agent even

though the group selection was random. Therefore, it

is reasonable that the winner was an MC type when

one considers that the least speculating agent (MC) in

a given scenario is the most rewarding agent.

When all possible combinations were tried (com-

plete search), the winner was a type of an SS. The

method seems fair to all the agents, but it takes too

much time because a large number of simulations are

needed. For an alternative method, it was suggested

that one should select only small number of agents,

and then give all the combination for the selected

agents. It is important how effectively and fairly one

can select the small number of agents out of all the

agents. Based on expected earnings, Ek, obtained by
using the method described in Section 5, one can rank

all the agents by assuming that the actual earning of

agent k has a good correspondence with the expected

earning, Ek. The rank is to be used for a selection of

small number of agents. By using this method, 10

agents were selected for the final competition. Eight

out of 10 selected agents were ranked in top 10 from

complete search method. The winner determined by

this method was also turned out to be the winner from

the complete search.
7. Diffusion model

In this study, four different types of standardized

agents were used for a simulation. Each type has a

different degree of speculation defined by the block

(quantity) at which the offer price deviates from

marginal cost. It was observed that in most scenarios

the most rewarding strategy is some degree of

speculation such as SS or WS. However, in very

competitive scenarios, the most rewarding one is

marginal cost (MC). The same characteristics of the

speculators and marginal cost offer agent have been

found in all the deregulated markets we have looked

at. Fig. 5 shows the most common types among the

offer curves submitted in the Pennsylvania–New

Jersey–Massachusetts (PJM) market during 1998 for

example. In the figure, D8 and Y6 stand for the

company codes named by the PJM ISO.
.
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It is difficult to determine the type of the agents D8

and Y6 since the load forecast data were not provided.

If the fare share of D8 were less than 1500 MW and

that of Y6 were larger than 6100 MW, D8 and Y6

would be classified as a marginal cost offer agent and

a speculator, respectively. In the setup for the current

software agents, they could decide only offer prices—

not offer quantities. In real life, each generator was

allowed to submit several blocks and each company

owns many generators. There have been suggested

two different ways to overcome this limitation. The

one was implementing many blocks for each agent

classified such that quasi-continuous offer could be

submitted. It is easy to modify in such a way, but

introducing many blocks may be computationally

demanding. The other suggestion was to allow each

agent to decide the quantity as well as the price of

each block. In order to decide quantity and price

consistently, a proper model is needed.

As shown in Fig. 5, there exist at least two different

types of agents in a real market. There are two different

blocks in the offer curve of Y6—the one shows low

price offers with a plain increase, and the other does

high price offers with a steep increase in offer price. In

the offer curve of D8, only the first block showed up.

To model the different types of agents consistently, the

underlying different objects of two blocks were

considered. The first block was submitted at a low

price in order to be dispatched while the second was

done for the purpose of raising the dispatched price.

Due to these objects, the very beginning of the first

block is exposed to the minimum offer price, and the

end of the second is done to the maximum price that an

agent might think of. In comparing two blocks, the

second block is more sensitive to the change in the

market condition determined by the competitiveness of

the market. It is reasonable to assume that as the

market condition changes the change in the offer price

depends on the offer price gradient with respect to the

offer quantity, Fick’s first law [2].

jp1 ¼ D1

Bp1

Bq

jp2 ¼ D2

Bp2

Bq
ð1Þ

where j, p, D and q represent the offer price change

with respect to the change in the market condition, offer
price, diffusion coefficient and quantity, and subscript 1

and 2 stand for the 1st and the 2nd block, respectively.

In this model, limits such as a maximum generator

capacity and reservation price are ignored. In other

words, if there were no limitation (i.e., all the agents

were allowed to submit any offer), there would be two

blocks visible in an offer curve. Due to all the physical

limits, each agent has a limited window to the whole

offer curve. It cannot submit an offer price higher than

a reservation price, and quantity larger than its

maximum capacity. With the limited window, an

agent decides where to locate the window to max-

imize its profit. Furthermore, it can also partially close

the window by withholding its capacity. This locating

and partially closing window is determined based on

an optimization process of each agent.

This modeling can be described by solving Fick’s

second law [2] (i.e., diffusion equation that is derived

from Fick’s first law) with proper boundary conditions,

Bp1

By
¼ D1

B
2p1

Bq2

Bp2

By
¼ D2

B
2p2

Bq2
ð2Þ

p q ¼ qminÞ ¼ pminð

p q ¼ qmaxÞ ¼ pmaxð ð3Þ

where y represents the market condition. By solving

the diffusion equation [4], one obtains an expression

for offer price as a function of market condition, y, and

quantity, q, for the 1st block ( qbqb where qb is the

quantity at the boundary between two blocks)

p1 y; qð Þ ¼ pmax � pmin

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D1=D2

p erfc
qb � q

2
ffiffiffiffiffiffiffiffi
D1y

p
�
� pb1

� ��

ð4Þ

where

pb1 y; qð Þ ¼ exp h1 qb � qð Þ þ h21D1y
� 	

� erfc
qb � q

2
ffiffiffiffiffiffiffiffi
D1y

p þ h1
ffiffiffiffiffiffiffiffi
D1y

p ��

h1 ¼
k

D1

1þ
ffiffiffiffiffiffi
D1

D2

r ��
ð5Þ



Fig. 6. Fitting results of two offer curves in a same day to Eq. (11). Two blocks are visible only in (b), but the same pmax was used for both

fittings.
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and for the 2nd block ( qNqb)

p2 y; qð Þ ¼ pmax � pmin

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D1=D2

p

� 1þ
ffiffiffiffiffiffi
D2

D1

r
erf

q� qb

2
ffiffiffiffiffiffiffiffi
D2y

p
� �

þ pb2

� �� �

ð6Þ

where

pb2 y; qð Þ ¼ exp h2 q� qbð Þ þ h22D2y
� 	

� erfc
q� qb

2
ffiffiffiffiffiffiffiffi
D2y

p þ h2
ffiffiffiffiffiffiffiffi
D2y

p ��

h2 ¼
k

D2

1þ
ffiffiffiffiffiffi
D2

D1

r ��
ð7Þ

where the superscript b means boundary effect, which

came from the different characteristics of the sub-

stances, and k stands for the boundary constant

quantifying the boundary effect.

If a generator (or a firm) has only one decision

maker submitting its offer, there should be no boundary

effect, i.e., kYl. In such a case, both p1
b and p2

b

approach zero, and the expression for the offer price is

p1 y; qð Þ ¼ pmax � pmin

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D1=D2

p 1� erf
qb � q

2
ffiffiffiffiffiffiffiffi
D1y

p
�� ��

ð8Þ

p2 y; qð Þ ¼ pmax � pmin

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D1=D2

p 1þ
ffiffiffiffiffiffi
D2

D1

r
erf

q� qb

2
ffiffiffiffiffiffiffiffi
D2y

p
�� ��

ð9Þ
Furthermore, the maximum offer price might be

considered shared information, which means that all

of the participating agents have practically the same

price for a given condition. With these assumptions,

offer curves could be fitted to the following

equation

p y; qð Þ ¼ H qb � qð Þp1 y; qð Þ

þ H q� qbð Þp2 y; qð Þ ð10Þ

where H stands for the Heavyside function;

H xð Þ ¼ 0 if xb0

1 otherwise

�
ð11Þ

The data shown in Fig. 5 were used to fit Eq. (11),

and the results are shown in Fig. 6. The cutoff

quantity, qc, can be defined as an agent’s maximum

offer quantity. The cutoff quantities for D8 and Y6

were about 1500 and 6200 MW, respectively. The qc
of D8 was larger than the quantity at the boundary, qb,

while that of Y6 was smaller than qc. In order to

characterize the behavior of an agent, it is useful to

define the deviation quantity

qdumin qc; qbf g ð12Þ

Then, the distance from the fair share to the deviation

quantity is a measure of the degree of speculation in

accordance with the simulation result in this study.

With this model, it is possible to submit a price,
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corresponding to a quantity. Five standardized agents

were modified in accordance with this model in a

following way;

(1) Degree of speculation, qd—fair share, is set to

+5, �5 and �15 MW for WS, SS and SS2,

respectively—for MC and SS3, the quantity

( qd—fair share) is not relevant,

(2) The relative distance from qc to qd equals to 0

and 8 MW for MC and speculators (WS, SS and

SS2)—for SS3, the relative distance is not

relevant,

(3) Other parameters such as maximum and

minimum offer price, diffusion coefficients

do not change with the type of the stand-

ardized agents.

With the modified standardized agents, the soft-

ware agents submitted by the students taking the class

ECE 551/655 were tested in the same simulation. The

results of agent classification and expected earnings

were identical to those with the original standardized

agents.
8. Conclusions

In this paper, several simplifications have been

made for the system for both a market and agent used

here such as all equal marginal cost, equal capacity,

no startup cost and no line constraints. From a

market simulation with those simplifications, offer

strategies under a uniform price auction are classi-

fied. Under the auction rule, the last accepted block

determines the market-clearing price, second price

auction. The earning is approximately determined by

the quantity dispatched as well as the market clearing

price. To maximize earnings, a software and a human

agent choose several different strategies. Each strat-

egy produces a different offer function. The main

results of this paper describe how to classify the

strategy not by inspecting individual offer function

but by comparing the result of simulation with its

competitors. Different types of agent can be charac-

terized by their degrees of speculation. The degree of

speculation is closely related to where its offer

function deviates from the low offer or marginal

cost offer. The most rewarding strategy is to
speculate in most cases while a marginal cost offer

strategy is one that is preferred when speculators are

present. A model for both marginal cost offers and

speculation was developed based on a diffusion

model. The diffusion model was fit with real data

from the PJM market. This paper also shows that

only a small number of standardized agents need be

used for the classification, and their earnings have a

good correspondence with the earning of an actual

agent.
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