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Solar-Powered Electrical Microgrid
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Abstract—A framework is proposed for an electrical power mi-
crogrid, such as for a colony or small township of homes that gen-
erate electrical power from solar energy and use it directly when
possible, and via stored battery power at other times. The situa-
tion is described as a demand and supply problem in a multi-agent
system with many consumers and suppliers and no explicit com-
munication or coordination among the agents. Such a demand and
supply problem is modeled as a Potluck Problem, a generaliza-
tion of the Santa Fe Bar Problem. Power produced by PV panels
and batteries may be used in the local market, in addition to being
consumed locally. The proposed microgrid system model is able
to determine the optimum operation of a solar-powered micro-
grid with respect to load demand, environmental requirements,
PV panel and battery capacities. The results indicate the effect
of various such parameters on the performance of these micro-
grids. This paper also analyzes and proposes, based on auction
theory, the most efficient and competing pricing mechanism in the
proposed microgrid system model. Two important market bidding
techniques, single bidding and discriminatory bidding, are consid-
ered. The microgrid is made to participate in the bidding process
to serve the consumers at a reduced price and to provide better
revenues. The viability of the model proposed is illustrated with
analyses using realistic assumptions and published historical data.

Index Terms—Auction theory, electricity markets, load manage-
ment, market design, microgrid, Potluck Problem, Santa Fe Bar
Problem, solar energy, weighted majority algorithm.

I. INTRODUCTION

O NE issue that needs to be dealt with in the design and
use of alternative energy sources is the creation of viable

grid systems that can use them. An especially relevant aspect
of this is the creation of systems where many small producers
and consumers can come together as a system, with the spe-
cial circumstance that primary power generation from alterna-
tive energy sources is generally not 24 7. A microgrid is a
system where local power production on a small scale such as
residential colonies, both in renewable (such as small wind, PV,
etc.) and nonconventional (micro-turbine, fuel cells, diesel gen-
erator) resources, are tapped and interconnected among them-
selves to form a LV utility system. These small generators with
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different owners supply loads locally with the help of local con-
trollers. The load controllers take decisions for scheduling of
generation as per load forecast (i.e., unit commitment). Micro-
grids may also be entirely off by themselves, or may be con-
nected to larger conventional power grids.

The demand and supply problem prevalent in microgrids is
described in this paper as a Potluck Problem [1], a generaliza-
tion of the Santa Fe (El Farol) Bar Problem [2], [3]. The system
model for resource allocation in a multi-agent paradigm is pro-
posed with many consumers and suppliers—no explicit com-
munication among the agents is presumed, and agents take de-
cisions using a weighted majority [4] of predictors. Some clas-
sical electrical engineering issues that arise in the design of such
a system are not discussed. Chief among these, no consideration
is given to design aspects of the photovoltaic solar panels and
the precise manner in which power generated by the solar panels
is converted into a form suitable for transmission over the mi-
crogrid, consumption in the home, or charging the battery. The
weighted majority approach is used here by homes (considered
agents) to predict the demand and decide on the supply to be
given to the microgrid. The analytical simulation results in this
paper are capable of representing the dynamic behavior of the
microgrid across various possible solar-power and battery tech-
nologies. Several parameters like the solar profiles including
daily solar irradiance, varying solar PV panel sizes and battery
capacities, battery efficiencies, different load profiles, environ-
mental conditions like cloudy/sunny days of the year, etc., are
considered. Our approach is tested against historical and real-
istic data, and the results clearly indicate how such parameters
would effect the performance of these microgrids—and based
on such factors, how viable microgrids would have to be de-
signed so that the customers benefit financially from such sys-
tems.

Another issue that is dealt in this paper is the pricing mech-
anism of the microgrid electricity market. Reducing the price
paid by consumers for electricity is invariably the first reason
given for introducing competitive electricity markets. Hence, in
this paper, we also analyze the pricing mechanism to facilitate
the supply and demand of an aggregated group of different kinds
of home profiles and different kind of consumers, and thus ad-
dress this issue. The consumers are categorized based on the
types of their load profiles. Auction theory is prominent in at-
tempts to understand electricity markets, and especially in mod-
eling auction participants and potential market performance [5],
[6]. In this paper, the auction model to select the bidding mech-
anism in a microgrid system follows the basic framework of the
sealed-bid multiple-unit auction [7]. In order to address alterna-
tive auction pricing mechanisms in electricity markets, we use
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a specific two-player auction game model having a big player
producing larger amount of power ready to sell a larger fraction
of the power generated, and a strategic small player.

The simulation model consists of a set of homes connected to
a microgrid, with each home having photovoltaic solar panels
that provide electrical power, as well as a battery that can be
charged from the power produced by its solar panels and used
to serve needs for power later. So at times when the solar panels
are active, each home has the option of either charging the bat-
tery, or sending any surplus generated power (after meeting local
needs) directly into the microgrid.

An advantage of using this proposed microgrid system model
is to be able to determine the optimum operation of a solar-pow-
ered microgrid with respect to a load demand, environmental
requirements, PV panel and battery capacities. No conventional
method of analysis suffices to do this. Our simulation results
show how the nature of the load demand, the variation of the bat-
tery efficiencies, the system central controller, etc., change op-
erating conditions of a microgrid. Another aspect of the system
model is the pricing mechanism. Due to the supply and de-
mand disparity, it is very necessary to determine the optimum
pricing mechanism so that the consumers have to pay less. We
consider two pricing mechanisms in this paper: uniform pricing
and discriminatory pricing, and show using game theory that the
total expected profits for the Nash Equilibriums under uniform
pricing and pay-as-bid pricing are not equivalent.

To confirm the theoretical result, we simulate the model
based on the auction model of Lemke and Howson [8]. We
first analyze the two-player auction game to show the core rea-
soning of each player under each auction pricing mechanism,
and show that the profit maximizing bidding strategy can be
dependent on the auction pricing mechanism. Then we analyze
the gaming in terms of bid price itself and compare the expected
revenue under each pricing mechanism. We compare the ex-
pected total revenues from the given Nash Equilibriums under
both pricing mechanisms. This theoretical and computational
analysis shows that the total payment of electricity bills for
consumers would be smaller under single-bid pricing than dis-
criminatory-bid pricing, because under single-bid pricing, the
homes participating as market players perform better, providing
a revenue equivalence, and they can enjoy profit-maximized
revenues without any risk of being dominated by the main
market grid which keeps the prices high. In contrast, under dis-
criminatory pricing, the market players are not able to enjoy the
profit-maximized revenues without the risk of being dominated
or “undercut.”

In this paper, we deal with the issue of selecting among
single-bid pricing and discriminatory pricing in microgrid
electricity markets from the viewpoint of the effect of strategic
bidding and market power in the short term which provides
better revenues to the customers. We ignore long-run effects in
this study.

The simulation proposed is illustrated with analyses using
published historical data from various sources. The simulation
requires data for the solar profile (the solar irradiance during
each hour of each day of the year in a given location), the load
profile (the electrical power consumption during each hour,
throughout the year) and the cost profile (the cost per unit of

energy, throughout the year). The solar profile data is obtained
from HOMER [9]. The cost price profile is obtained from
Nova Scotia Power [10]. The load profiles are obtained from
Southern California Edison [11]. These data belong to different
regions, hence the simulation is a composite one rather than
purely relating to one particular geographic location, but its
principles are valid.

Realistic assumptions such as PV output power, PV array
temperature, power to charge a battery, etc., are made about
equipment by collecting information about the PV panel and
battery parameters and their functionalities [12], [13].

The layout of this paper is as follows. Section III-A provides
details about the formulation of the basic problem of many
independent producers and consumers of electrical power
forming a microgrid as an instance of the Potluck Problem,
with the weighted-majority algorithm specified to achieve
demand-supply parity. Section III shows the specification and
analysis of an electrical power microgrid (which may also
be connected to a conventional grid) consisting of different
configurations of the load profiles/homes with solar PV panels
and batteries, real historical data for the load and solar power
generation profiles, and realistic values for the battery and
photovoltaic capacities. Section IV contains the formulation
and analyses of the pricing mechanism of microgrid system.
Finally, Section V provides the results and discusses the
evaluation of competing design choices, and suggestions for
how various parameters can be decided while building real
microgrid systems of similar or related types.

II. RELATED WORK

The Potluck Problem [1] is a generalization of the Santa Fe
Bar (El Farol) Problem. The Santa Fe Bar Problem (SFBP) has
been applied in engineering problems such as load balancing in
wireless LANs [14], congestion control in information networks
[15], [16], and others. The concept of autonomous agents acting
in concert in order to control electrical grids also exists [17].
The Potluck Problem itself has also been used in areas such as
air cargo demand prediction [18] and energy-efficient operation
of large server clusters [19], [20].

Much work has been carried out in bidding and auction
theory in the competitive electricity market. In single unit
auctions, Vickrey [21] proved that “English” and “Dutch” type
auctions yield the same expected revenue under the assump-
tions of risk-neutral participants and privately known values
drawn from a common distribution. Vickrey’s result is used in
the “Revenue Equivalence Theorem” (RET) [5]. The RET also
applies to multi-unit auctions when no buyer wants more than
one of the available objects [5]. The RET does not, however,
apply to general multi-unit auctions, which is a more appro-
priate model for an electricity market. Opinions have differed
on whether or not RET-like results apply to electricity markets.
In this paper, we tried to implement the RET auction model to
design the pricing mechanism for the microgrid system.

The choice between uniform and pay-as-bid pricing for mi-
crogrid electricity auctions has been one of most important is-
sues in newly-deregulated electricity markets [22]–[24]. Wilson
showed that there are “seemingly collusive” Nash Equilibria
(NE) in a uniform pricing auction for shares [23]. Back and
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Zender compared NE under single pricing and discriminatory
pricing in the U.S. Treasury auctions [25]. They also argued
that uniform pricing could yield collusive equilibria and that the
seller’s expected revenue would be smaller than in the equilibria
under discriminatory pricing.

“Buyers’ auctions” where there are several strategic bidders
offering to buy is described in the literature [5], [21], [25]. In
contrast, electricity markets are typically organized as “sellers’
auctions” with strategic sellers. In the later portions of this
paper, we will focus on “sellers’ auctions” as models of micro-
grid electricity markets.

III. MICROGRID SPECIFICATION AND SIMULATION

AS A POTLUCK PROBLEM

A. The Potluck Problem

The SFBP, also called the El Farol (Bar) Problem, was con-
ceived by W. Brian Arthur [2], an economist at the Santa Fe
Institute. This problem is an archetype of a repeated noncoop-
erative game among multiple agents with no coordination, and
is well known not to possess a Nash Equilibrium. The game
results in the “bar” (the shared resource) going through alter-
nations of overfull and underfull, i.e., oscillatory states in the
classical sense of Cournot [26], rather than converging to stable
behavior [3] (a steady number of patrons visiting the bar), even
as the number of occurrences tends to infinity. If all agents, who
are identical and do not communicate, believe that the bar will
be crowded one evening, they choose, with equal high proba-
bility, to stay home, resulting in an underfull bar; likewise, if
they all believe that the bar will not be crowded one evening,
they decide with the same high probability to go there, resulting
in an overfull bar. Therefore, “rationality precludes learning”
[27] in this problem.

In a game-theoretic fashion, the Potluck Problem [1] can be
described as a repeated, noncooperative game that generalizes
the Santa Fe Bar Problem. Say there are agents who are
players in the game. Consider one instance of the game (one
“dinner”), . For a player , the strategy set is

, where is the quantity of “food” carried to a dinner
by agent , and corresponds to going to dinner with the
maximum supply of food that agent can take. Let denote
the set of probability distributions over which defines the
mixed strategy for agent . Now if indicates the mixed
strategy of the player at instance of dinner, then the total quan-
tity of food at the dinner will be . The agent de-
cides on the mixed strategy by predicting the total demand
at the dinner.

In every dinner, all/some of the agents also act as consumers
by consuming the food brought to the dinner. The agents’ de-
mand for the food also varies over different dinners. The demand
for food by an agent , at an instance is given by . So the
total demand for food in the dinner is . Ideally,
the dinner is enjoyable if . This state of the game, where
the supply and demand exactly match, is the equilibrium state in
the Potluck Problem. If , then there is starvation at the
dinner, and if there is an excess. The Potluck Problem

is a repeated game of such instances and the oscillatory behavior
[1] in the Potluck Problem is similar to that in the Santa Fe Bar
problem.

B. System Model

The model we have considered in a multiple producer/con-
sumer scenario is a village/colony generating enough power on
average to meet the demand. The objective of the system is to
make the village/colony be at least cost-neutral in power. The
model also includes deciding on which pricing mechanism is to
be used among uniform and discriminatory bidding to improve
the revenue of the producers. Now we describe the microgrid
model in more specific detail. Consider a colony given by a set
of homes having different profiles , where
the first subscript denotes the type of home , , etc., and the
second the number of copies of the same in the system. Each
home has a controller that is considered an agent in a multiagent
system (we will hereafter use “home” and “agent” interchange-
ably). A home has a set of solar panels installed on it. The ca-
pacities of the solar (PV) panels are given in kiloWatts. Homes
are also equipped with electrical batteries of different capacities.
The maximum storage capacities of the electrical battery for all
the homes are given in kWh. The battery policy assumed is that a
home will sell power to the grid when the battery current charge
is more than 80% of its maximum capacity. When the battery
is below a threshold say 50%, a home will prefer to charge the
battery instead of selling it to grid. When the battery charge is
in between 50% and 80%, it decides based on a random pre-
dictor whether to sell to the microgrid or to charge the battery.
Different battery policies can be considered to check the per-
formance of the microgrid system as a whole in different condi-
tions. There will be operating costs involved with both electrical
batteries and solar panels. The objective of each home is to pay
as less electricity bill as possible. The cost profile is considered
to be static, i.e., only the price at every hour is considered, and
not the bidding prices as in spot market mechanisms. Now each
agent foresees the demand for the electricity over the whole mi-
crogrid, and also considers the state of its battery and decides
whether to charge the battery or sell some power back to the
grid and decides on how much to supply. Though agents act lo-
cally, it is necessary for the microgrid to achieve global stability,
meaning that the total production and the total consumption of
power are matched so that the microgrid is stable.

According to the microgrid system model, the power gen-
erated from the PV panel can be directed either to serve the
load or to charge the battery. The output power of a particular
home profile depends on both the amount of power generated
by the PV panel of that particular home, and on the power used
to charge the battery. These relationships may be expressed in
general form as

(1)

where is the output power from a home unit , the
power from the solar panel of a home unit to serve the load,

the power from the battery of home unit , and the
total number of homes.
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Hence, the power generated by the PV panel and power used
by the battery are used to determine the total output power from
a home .

The system has certain objective constraints as given below.
Power Balance Constraint: The total power available in the

microgrid must cover the total load demand

(2)

where is the total power consumption [kW] of a home .
Power Generation Capacity Constraints: For stable opera-

tion, the power output of each PV is restricted by lower and
upper limits:

(3)

where is the minimum operating power of a PV of a home
unit , and the maximum operating power of the same.

The power generated by the PV panel and the battery for a
particular home unit are calculated as follows, considering the
two types of components in the system.

Photovoltaic: The output power of the solar PV panel of
each home unit can be calculated as [28]:

(4)

where is the output power of the PV module at a given
incident irradiance for a home unit , the PV’s max-
imum power at a Standard Test Condition (STC), the irra-
diance at STC 1000 (in W per ), the temperature coefficient
of power, the PV temperature, and the reference temper-
ature.

The original data for the power generated by the PV panel at
each home is obtained from the solar profile for the location of
the home.

Battery: The power from the battery is needed whenever
the PV is insufficient to supply the load, or when both the PV
and the microgrid (i.e., power from other homes) together fail to
meet the total load demand. On the other hand, there is energy
stored in the battery whenever the supply from the PV exceeds
the load demand. The charging and discharging rates of a battery
play a somewhat important role in determining the efficiency
of the battery and its effects on the overall performance of the
microgrid, but we largely ignore this in our study, modeling the
battery as a storage device with a linear discharge characteristic.

An Algorithm to Predict Power Demand Using Nonrational
Learning: The demand and supply problem being the major
issue in a microgrid system, it is very necessary to predict the
demand as well as the supply. These are predicted by taking
into account the real data of the solar profiles and the load pro-
files for a year. As mentioned previously, a perfect rational ap-
proach may lead to oscillations in systems, in accordance with
the behavior predicted in the Potluck Problem. So the agents in
the game need a learning which is not perfectly rational. The
power management in the microgrid can be performed by pre-
dicting the demand for every interval of time to reduce the de-
mand-supply disparity. There are various predictors [1] that can
be considered by an agent in the microgrid system.

Various predictors that can be considered by an agent in the
microgrid system include

• average demand over the last (e.g., ten) instances of
hourly load profiles;

• randomly choosing the demand of one of the hours from
the last (e.g., ten) instances;

• the rational predictor (presuming that consumption the
next time will be the same as the last time);

• an oracle which predicts the consumption;
• a time-varying function.
A time-varying function of demand has been incorporated as

a predictor, i.e., in forecasting the demand for power (which is
typically higher during daytime than at night). This need not be a
single function, and can actually be a sum or other combination
of various time-varying functions, to account for different types
of time-dependent variations (e.g., daily, weekly, and seasonal).

Out of the various predictors available, each agent randomly
chooses predictors. Then each agent has predictions about
the power demand of the coming hour, each of which is denoted
by , representing the prediction made by agent ’s pre-
dictor for the next hour . The agent decides the power gener-
ation and a supply for the next hour based on the forecasts
of those predictors, using a weighted majority approach [4].
Each agent maintains a weight for each predictor at
time , and updates the same after each iteration, with the weight
of accurate predictors increasing and that of inaccurate ones de-
creasing. The initial weights of all predictors may be equal or
some random nonzero values.

The prediction for a particular instance of load demand [1] is
calculated by taking the weighted majority [4] of the predictions
made by all the predictors of an agent.

For a home , during an hour , the algorithm to predict power
demand is given as follows:

The iterative update and learning algorithm used by the
agents, i.e., the homes, is thus robust against new information
becoming available and new predictors being added, and does
not suffer greatly if some of the predictors used do not perform
well.

IV. ANALYSIS OF PRICING MECHANISM OF A

SOLAR-POWERED MICROGRID

There are two important pricing rules, which are generally
used in real-time markets:

• uniform or single price market clearing strategy;
• discriminatory or pay-as-bid market clearing rules.
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The first one is very common in electricity markets. The
theory behind a single pricing is that all bids to sell electricity
would be priced at the marginal cost of that electricity. In this
process, sellers receive the fixed market price for their elec-
tricity. As per the second rule, every participant with a winning
bid pays or is paid at the price of his bid. In this system, bidding
is made by guessing the cutoff price, not on marginal cost.
There is then a problem in guessing from observing the results
of the hourly bids, twenty-four hours a day. Some lower-cost
bidders may guess incorrectly and bid above the cutoff price.
Thus, some high-cost bidders may generate and sell power, and
lower cost bidders would remain idle. Cost of generation would,
therefore, be increased above the market clearing cost. The
pay-as-bid system could be expected to increase the total cost
of generating electricity, and would therefore be less efficient
than the uniform market clearing system. With the introduction
of deregulation in the power sector, the implementation of the
uniform pricing system comes as a natural choice, since it is
believed to offer to bidders the incentive to reveal their true
costs.

A. Pricing Mechanism Using Single-Bid Market

The system model also includes determination of the effi-
cient pricing mechanism in the microgrid system. There are two
pricing mechanisms considered: Uniform/Single-Bid Pricing
and Discriminatory/Pay-As-Bid Pricing. Let us consider the
single-bid market first and formulate the pricing mechanism.
In this market, the homes which are self-sufficient with their
power generations and can supply others, participate in the
bidding. Consumer demand of the consumers is considered
constant whatever be the market price. We have considered a
market comprising of only renewable generators (i.e., solar)
with a technology such as PV panels.

The pricing mechanism can be formalized as follows.
Let be the power generated by bidder 1 (a home with a

specific load profile) at a price :

(5)

where: is the power generated by bidder 1 (say, home 1
with profile 3) at a price , electrical power in kW
generated by the PV of home 1, power from the bat-
tery of home 1.

The power generated by the PV and battery are as indicated
in the previous section

(6)

where is the slope of the linear supply curve of bidder 1.
Similarly

(7)

where, is the power in kW generated by bidder 2 (home 2)
at a price .

Likewise, the combined supply curve for bidders is

(8)

(9)

(10)

where is the th bidder/consumer.
As demand is fixed at (say) in a single-bid market, therefore

at the market clearing price , equating the above to , we
get

(11)

(12)

B. Pricing Mechanism Using Double-Bid Market

In this kind of market, elasticity of the demand curve has
been considered. Both supply-side and demand-side bidding are
taken into account for determination of market clearing price .
Both linear supply and demand variations with price have been
considered for analysis.

, the combined demand at price obtained from bids of
numbers of consumers participating in the market, is given

by

where is the price-axis intercept of the demand curve that
varies with the type of consumers. If at a particular price ,
is considered the aggregated demand for all the participating
consumers, then

At the

(13)

(14)

C. Auction Model and Strategic Bid Price Classification

We follow the basic framework of the sealed-bid multi-unit
auction model for the current microgrid electricity market [7].
We assume a uniform tradable power unit size (for example, 15
kW) for the auction. We consider a sellers’ auction model Fig. 1
given fixed demands as in usual electricity pools. As mentioned
in the Introduction, typical auction theories model buyers’ auc-
tions [5], [21], [25]. However, most of the analysis still holds for
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Fig. 1. Linear demand and supply bid curves.

Fig. 2. Multi-unit auction in microgrid electricity market.

a sellers’ auction under similar assumptions. A seller (a home
with some amount of power to be sold) owning energy unit
having production cost sets a bid price for that unit. Bid
winners are determined by the ordered price bid stack given the
demand level. The general multi-unit auction in the electricity
market given units of demand is illustrated in Fig. 2.

The bid prices are shown as solid bars, potentially set higher
than the costs of the corresponding units of production. We de-
fine two pricing mechanisms for multi-unit auctions in elec-
tricity markets: single-bid and discriminatory pricing.

The bid price classification can be done using a two-player
auction model. In order to describe the strategic behaviors of
some players and in the two-player model, we classify the
bid strategies of players and . We divide player ’s price
bid actions into a three-categorized bid price set in the following
table:

'

Let player own two energy units , with costs ,
, respectively. Player owns only one unit costing
, with . We assume two units of demand

with a price cap in the market. Each player simultaneously
bids prices , , , with all prices not greater than .

, , are the prices if plays the strategies , , and
, respectively.

(Withholding) represents player attempting to exercise
market power due to high supply capacity. By withholding
and raising the price of to this extreme , player
tries to maximize his profit. (Undercutting) represents another
strategic action of player based on the belief that undercutting
player ’s bid price is more profitable. The price range of is
determined through the profit comparison with “withholding,”

(15)

with and denoting the profits in these cases.
However, (15) implies

(16)

From expression (16), we have

(17)

(Timid) represents the remaining range of prices that can
bid. Player has two options. He can take the conservative bid
by bidding

(18)

and to maximize profits under this condition, would choose
the largest bid that is less than . We call this
(Safe). A second option is for player to take the risk of being
undercut. We call this (Risky). The categorized bid price set
of player is summarized in the following table, where and

are the prices for the corresponding strategies:

'

Strategy

D. Auction Game Under Single-Bid Pricing

We analyze the auction game under uniform pricing. Under
uniform pricing, the resulting profits of the two players are
summarized in the following tables, respectively. We use the
notation for a Boolean function such that and

. Each entry in the following tables represents
the player’s profit when players and choose strategies

and , , respectively. From the tables
below, we can analyze each player’s best response to the other
player’s strategic choice. The tables show player ’s best
response given player ’s strategic choice under uniform
pricing, and player ’s best response given player ’s strategic
choice under uniform pricing.

By aggregating the results of best response analysis in the
following tables, we can get the information about the NE for
the auction game. When a player’s best response is condition-
ally limited, we call this a “conditional” best response hereafter.
Using the best responses in the following tables, we illustrate the
normal form game result.



MAITY AND RAO: SIMULATION AND PRICING MECHANISM ANALYSIS 281

'

'

'

'

E. Auction Game Under Discriminatory Pricing

We analyze the auction game under pay-as-bid pricing by
similar steps to that for uniform pricing. The following two ta-
bles show respectively, player ’s and player ’s profits in the
possible cases, with denoting ’s profit when plays
and plays , and so on

'

'

Player ’s profit for each case under pay-as-bid pricing is the
same as under uniform pricing. Player ’s profit for each case
under pay-as-bid pricing is changed since he is not paid the uni-
form market clearing price any more. However, there still exists
a mixed-strategy NE. By eliminating the player ’s dominated
strategy and player ’s dominated strategy , we get the set
of rationalizable price strategies and for each player.

V. RESULTS AND DISCUSSION

The system model described in Section III is applied to a
time-varying load as shown in the Fig. 3, which clearly indi-
cates that the power generated suffices for all but a tiny frac-
tion of the full load. Based on several load profiles available,
we construct different microgrid configurations and simulate
their performances. The simulation consists of three test beds

Fig. 3. Hourly load.

Fig. 4. Demand and supply curves.

of nine, ten, and 15 different load profiles, not all of them nec-
essarily unique. The results are obtained by verifying their per-
formances at different conditions. The load demand varies from
4 to 14 kW. Whatever power is available from the home’s own
solar PV panel is first used, subject to the power generation as
derived from the solar profiles. The remaining load demand is
served with battery storage when possible. Using the weighted
majority algorithm, the disparity between demand and supply is
seen to be reduced to a great extent as shown in the Fig. 4 for a
randomly chosen load profile of a home at a particular day (23rd
July, 2008).

To analyze the system model, we simulate a microgrid
system considering three different configurations of a colony
with nine homes, ten homes, and 15 homes, each having
different instances of load profiles. The maximum power
generating capability of PV cells of each home ranges from 1
to 2 kW. Each home with 1-kW PV cells is equipped with a
4.5-kWh battery. It can run for an hour with a load of 4.5 kW
or two hours with a load of 2.25 kW and similarly (the battery
is considered to have a linear discharge characteristic, as previ-
ously noted). All homes with 2-kW PV cells are equipped with
9-kWh batteries. A time resolution of one hour is considered
for calculating the load and solar generation profiles. At each
hour, every home predicts the total demand for the colony.
Based on the battery policy and battery discharging rates, each
home decides on a quantity to sell to the grid, if the battery has
sufficient charge. If not, it prefers to charge the battery and then
decide on the excess solar power to sell to the grid.
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Fig. 5. Energy consumption versus production on a sunny day (13th Sept,
2008).

Fig. 6. Energy consumption versus production on a cloudy day (3rd Oct, 2008).

TABLE I
PERFORMANCE OF A MICROGRID SYSTEM WITH NINE

HOMES BY VARYING BATTERY CAPACITIES

The above two figures compare the demand and supply dis-
parity on two different days of the year 2008.

When different copies of profiles are selected based on the
varying PV and battery capacities, it is observed that the homes
with higher capacities of PV cells are able to generate more
power, use sufficient amount for battery charging, and sell
the remaining power to the microgrid or to other homes, thus
making the bill close to zero, whereas the homes with 1-kW
PV cells are able to bring the cost down to only half. From
Figs. 5 and 6, it is evident that the demand and supply disparity
is more on a cloudy day, and the cost incurred on those days are
higher than other days as more power are drawn from the main
grid. Table I shows the performance of the load profiles for a
microgrid system with nine homes keeping the PV capacity
constant and varying the battery capacities (4.5 and 9 kWh),

LI is the load profile ID ( refers to the load profile type
and number of copies of the same chosen), LD (kW) is the load
demand in kW, EG is the energy generated in a year in kWh,
EC is energy consumed in a year in kWh, STG is the amount of
energy sold to the microgrid, BC is the amount used for battery
capacity, TRC is the percentage total reduction in consumption
(obtained by dividing the total amount of energy consumed per

TABLE II
% REDUCTION IN COST BASED ON VARYING PV PANEL CAPACITIES

Fig. 7. Average Production (July) with a battery storage of 4.5 kWh.

year and the remaining amount of energy used to sell to the grid
or to charge the battery).

From Table I, it is evident that the batteries with better effi-
ciencies and of higher size reduce the consumption cost from
the to a greater extent.

Similar experiments are done with different capacities of PV
panels, keeping the battery capacity constant for a configuration
of nine homes, as indicated in Table II.

LI is the load profile ( refers to the number of copies and
load profile type chosen), LC (kW) is the load demand in kW,
PV Cap is the capacity of PV panel in kW, EG is the cost of the
energy bought from outside (not in the microgrid) sources in a
year, TRC is the total percentage reduction in cost (obtained by
dividing the cost of the total amount of energy consumed from
the external grid only per year and cost of the amount of energy
bought from the external grid).

Fig. 7 shows the effect of average power production in the
month of July, 2008, given a battery capacity of 4.5 kWh with
80% efficiency.

The graph clearly indicates that a battery of 4.5 kWh in every
home cannot serve the load sufficiently and results in depen-
dency on power from outside the microgrid on most days, thus
increasing the cost of the entire system as a whole. Hence, there
is a need of batteries with larger capacities to be able to manage
the peak demand and provide balance between power consump-
tion and generation.

Figs. 8 and 9 show the cumulative energy balance per house-
hold for a configuration of ten homes, illustrated on the energy
stored in the battery during a day.

Figs. 8 and 9 illustrate the situation, with energy stored in
the battery during the day. It is seen from them that a battery
of about 6 kWh is needed to cover the mismatch between gen-
eration and load on a winter day and a battery size 4.5 kWh
will cover the mismatch between them on a summer day. When
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Fig. 8. Cumulative energy balance per household during a typical winter day
(14th Dec, 2008).

Fig. 9. Cumulative energy balance per household during a typical summer day.

TABLE III
% YEARLY REDUCTION IN COST FOR THREE

CONFIGURATIONS OF MICROGRID SYSTEMS

simulations are done for three different configurations of nine,
ten, and 15 homes, it is found that to reduce the demand-supply
disparity in the colony of 15 homes and to make the complete
system cost-neutral, the homes require batteries with capacities
larger than 10 kWh and PV panels of sizes larger than 4 kW.
Table III summarizes the results of simulations of total load for
three different configurations.

LI is the load profile ID ( refers to the number of copies
and the load profile type chosen), Number is the type of config-
uration, i.e., simulation of nine homes, ten homes, or 15 homes,
Batt Cap is the capacity of battery units in kWh, PV cap is Ca-
pacity of PV panels in kW, LC (kW) is Load demand in kW, EG
is cost of energy bought from outside the microgrid in a year,
TRC is the total percentage reduction in cost (obtained by di-
viding the cost of total amount of energy consumed from the
external grid only per year and cost of the amount of energy
bought from the external grid).

The table shows that a microgrid system with larger number
of homes requires equipment with larger capacities and better
efficiencies to meet the demand requirement.

VI. CONCLUSIONS AND FUTURE WORK

A model to determine the optimum operation of a solar-pow-
ered microgrid with respect to a load demands, some environ-
mental requirements, as well as PV panel and battery capaci-
ties is constructed. The optimization problem includes the en-
ergy sources that are likely to be found in a microgrid: PV ar-
rays and battery energy storage devices. Constraint functions are
added to the optimization problem to reflect some of the addi-
tional considerations often found in a small-scale power gen-
eration system. From the results obtained, it is clear that the
model works well and can give the optimal power for larger
battery capacities and batteries having more than 85% and for
colonies with less number of homes. In fact, even a relatively
small number of few cloudy days of the year play a very im-
portant role in increasing the cost enormously due to the time-
varying nature of the load demand (to cover the load on just
those few days, the system has to be made much larger). With
the variation of the battery efficiencies, the system also becomes
more complex—a smaller but more efficient battery can some-
times stand in for a larger of lesser efficiency. In all this, it is
presumed that there exists a central controller able to continu-
ally respond to changing operational conditions. The responses
are effected by several variables including weather conditions,
PV power generation and, of course, the actual power demand.

We have shown that the total expected profits for the Nash
Equilibria under uniform pricing and pay-as-bid pricing are not
equivalent. We also observe that the results obtained in this
paper for a two-player game can also be generalized to mul-
tiple player games. In future work, it is possible to treat the case
of multiple players in full detail. An extension of the theoretical
analysis may also be attempted, considering certain finer aspects
like nonlinearity in battery characteristics and the dependence
of solar power generation on the angle of the sun with respect
to a PV panel. Another direction of possible future work would
be the detailed engineering design of such an alternative-energy
microgrid system for other sources like wind energy, etc., taking
into account the available technologies as well as the needs of
the markets where such systems are to be deployed.
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