Load Shifting Agents for Automated Demand
Side Management in Micro Energy Grids

Abstract

This paper describes a novel approach for the automated
management of micro energy grids. In particular a market
based resource allocation mechanism is used to control
energy generators and consumers within a micro energy
grid. This approach requires energy consumers (producers)
to buy (sell) their energy demands (supplies) through a
specialized electronic auction platform. But as manually
negotiating all energy demands and supplies on such a
market is a tedious task, its automation is highly desirable
and thus leads to the main contribution of this paper: The
automation of the demand side bidding process through
electronic bidding agents, which are equipped with an
intelligent buying strategy that allows them to dynamically
react to market changes and adapt their bidding behavior
accordingly. More precisely, the agents are able to shift
energy demand within certain boundaries from (expensive)
peak hours to those times of the day where energy demand
and thus energy prices are lower in order to minimize their
cost. Moreover, as our results show, this behavior leads to
a smoothed load curve for the whole system, i.e. demand
peaks are reduced while base load increases.

Keywords: Micro Energy Grids; Markets; Electronic
Agents; Demand Side Management

1 Introduction

Currently the electricity infrastructure in Europe is
merely built on the back of a few centralized large-scale
suppliers generating most of the electricity required, which
is then distributed through a system of high-, medium-, and
low-voltage transmission lines to the consumers. This ap-
proach was feasible throughout the last decades to reliably
deliver power to customers, still it inherently bears several
problems: (i) the most oftenly used steam-electric power
plants usually achieve electric efficiency levels of only 33%
- 48% relative to the heating value of the fuel consumed,
(i) another estimated 7% of the generated electricity is lost

during transmission [21], and (iii) it becomes more and
more difficult to control the system as a whole with ris-
ing numbers of distributed energy producers. The latter
issue stems from the fact that decentralized energy gener-
ators (e.g. wind turbines) often have hard to predict pro-
duction schedules, which become even more difficult to be
forecasted with the continuously increasing amounts of dis-
tributed generator capacities installed in the field.

A promising approach to address these issues is to in-
creasingly decentralize energy production using micro elec-
tricity grid concepts [1, 7, 15]. Our contribution is a market
based control strategy for micro electricity grids which can
be seamlessly extended to combined heat and power grids
as well. The basic idea is to use double auctions as the
core control mechanism. To allow different energy prices
over time a regular day is divided into distinct time slots,
as shown in Figure 1 with separate double auctions running
for each time slot and each energy type. Participants of the
microgrid can continuously trade energy in their preferred
time slots and thus dynamically accommodate their (pos-
sibly changing) energy demands (supplies) by developing
individual bidding strategies. Overall such a market mecha-
nism assures an efficient matching of energy generators and
consumers — on average.

But efficiency on average also means that there may
occur specific situations in which buyers have to face the
fact that they cannot acquire the amount of energy required
while certain suppliers (e.g. an operator of a photovoltaic
system) on the other side may not always be able to sell the
energy they produce anyway. In other words, under certain
circumstances, market based control may fail to guarantee a
stable operation of the microgrid leaving the whole system
exposed to the risk of brownouts or blackouts. This issue
is addressed as follows: In our micro grid energy trading
is allowed for future time slots only, i.e. buying and sell-
ing energy for a particular time slot is suspended as soon
as it starts. This leaves participants with an even higher
exposure risk as their real demand / supply in the present
time slot might deviate from the previously predicted (and
negotiated) amounts at short notice. These deviations are
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Figure 1. Simultaneous Future Markets

compensated by a technical balancing power provider.! The
deviations between predicted (negotiated) energy amounts
and the real consumption are metered on a per user basis so
that afterwards the usage of balancing power can be charged
on a per-individual basis. The price for the consumption
of balancing power is determined ex-post to be at a cer-
tain percentage above the original market prices in order
to maintain a strong incentive for all participants to negoti-
ate their demands and supplies on the market. The market
based coordination can be thus integrated with the techni-
cal stabilization of the microgrid in an incentive compatible
manner.

In Block et al. [5] this market based coordination ap-
proach for combined heat and power microgrids is de-
scribed in more detail. Therefore, in this paper we mainly
focus on the automation of the consumer’s bidding process
which we try to automate through the utilization of elec-
tronic bidding agents. Automation is especially important
as energy customers are likely to adopt a new energy system
only if it is convenient to use, i.e. the necessary interaction
with the system is reduced to a minimum.

The remainder of this paper is structured as follows. In
section 2 we describe related work in this area of research
before we introduce an agent based approach for the au-
tomation of the demand-side bidding process in section 3.
Section 4 describes a prototypical implementation of our
system which is subsequently evaluated by means of simu-
lations in section 5. In section 6 we conclude the paper with

IFor the provisioning of balancing power within a micro energy grid
two different paradigms exist: The first one is to retrieve the required bal-
ancing power from the existing large scale power grid as it is done e.g. in
Denmark today. The second one involves the installation of local balanc-
ing power providers like batteries, flywheels, condensators, compressed air
energy storages and others. Bodach provides a detailed discussion on the
feasibility of these technologies [6].

a summary and an outlook on future research.

2 Related work

Related work on agent based energy trading and market
based coordination of microgrids comes from different ar-
eas of research. Auction theory and mechanism design pro-
vide insights on how to set up market rules (mechanisms)
in order to provide an incentive for individuals to maximize
their own utility by trading certain goods in a way that si-
multaneously maximizes the overall welfare for the soci-
ety [11, 16]. A lesson learned from previous research in
this area is that mechanism design is a non-trivial task as
even small adaptations of the rules can lead to significant
changes in the outcomes achieved [14]. Still many different
successful examples for the application of auction mecha-
nisms to novel application areas can be found. In 2001 and
2002 for example, auctions were used to award spectrum li-
censes for the third generation of mobile networks to poten-
tial network operators [13], around the same time electronic
auctions gained importance as an instrument for industrial
sourcing [3], and since the deregulation of electricity mar-
kets auctions have become an important instrument for trad-
ing future contracts on energy generation and transmission
capacities on a wholesale level [18].

Control theory as well Artificial Intelligence (AI) re-
search are two more areas for related work in out con-
text. A lot of work in these fields is devoted to electronic
agents, which are usually described as hard or software sys-
tems that are able to operate autonomously (within certain
boundaries), to interact with other agents, to react to events
perceived from their environment, or even to actively take
the initiative in order to achieve a certain goal [23]. Jen-
nings et al. report on the successful application of an agent-
based support system for electricity transport management
at a Spanish utility company [12]. Here agents are used
to support staff operating the energy grid but these agents
do not act autonomously. Engler and Tsikalakis employ an
agent based systems for the automated management of mi-
cro electricity grids [9, 20]. In this system each agent is able
to start bilateral negotiations with other agents of the micro-
grid in order to buy or sell electricity on behalf of their own-
ers. This work is merely focused on the technical stability
of the grid especially as agents are allowed to dynamically
join and leave the network. Akkermans developed a theory
aimed at unifying control theory and microeconomic the-
ory to provide an analytic framework for the assessment of
agent based electronic markets [2]. One of the applications
of this joint theory is the PowerMatcher system, which uses
a cascade of markets in combination with electronic agents
that trade on the different market levels to allocate energy
resources in power grids [22, 15].

Last not least, research on energy and energy systems



relates to our approach as well. In this area, literature is
mostly focused on technical aspects of energy systems and
energy system operation. Thus this part of literature pro-
vides the foundations for our work to build on. Bendel et
al. for example develop a bidirectional energy management
interface that is installed in private households [4]. It com-
municates directly with different energy consumers within
a household and is able to actively control the operation of
some of these (e.g. washing machines, heaters, etc.). On
the one hand the interface is able to shift loads by influenc-
ing the household’s energy consumption schedule. On the
other hand the interface is able to communicate with a cen-
tral grid-controller and to execute its commands in order to
technically limit the energy flow from and to the household.
The flexibility of such an intelligent demand side manage-
ment system could be further improved with the installation
of decentralized balancing power providers, which are able
to stabilize the operation of a household (or a micro grid)
even in islanding mode, i.e. the household being discon-
nected from the large scale grid. Bodach compares several
different power storage technologies for low-voltage grids
in order to identify suitable balancing power providers for
micro energy grids [6]. Furthermore Rong et al. develop
a technical control strategy for combined heat and power
generators, which can be used by an energy interface like
the one described above in order to technically determine
the optimal operation schedule of its generators [17].

3 Agent-Based Demand Management

As described before, energy consumers within our micro
grid (e.g. households) acquire energy for different times of a
day (slots) through the participation in double auctions with
separate auction instances running for each future times-
lot. Consequently, households need to determine and / or
plan their energy demands as precisely as possible prior
to actually consuming it in order to avoid being charged
higher prices for (non-market) balancing power consump-
tion. Hence, a household needs to forecast its future de-
mands for each future time slot of the day ahead. In order
to successfully participate in the respective auctions and to
acquire sufficient amounts of energy at competitive prices,
a household also needs to predict the overall demand (or in
other words the expected market prices for a future timeslot)
as precisely as possible. As continuous trading is possible
for all future timeslots, continuous readjustment of the fore-
casts is necessary too, especially as new information (e.g.
generator outages) becomes available.

Before a household can place bids in certain timeslots,
it has to determine the maximum willingness to pay (WTP)
for that particular slot. This task is rather complex and chal-
lenging as currently consumers consider energy prices to be
stable over a day and are probably unable to explicitly state

how much energy they need in a certain time slot and at
what maximum price. Eliciting these preferences is clearly
fundamental for our approach but not within the scope of
this paper. A combination of classical preference elicita-
tion methods such as conjoint analysis and machine learn-
ing techniques for demand forecasting seem to be promising
but need further investigation. Within this paper we assume
reservation prices and load profiles to be given.

Once a household has determined its load profile and its
reservation prices, it can start bidding in order to acquire en-
ergy for future time slots. Still the process remains complex
as multiple parallel auctions (one for each time slot) have
to be observed simultaneously and bidding strategy has to
be adapted accordingly. In particular transaction prices, the
share of energy acquired of a timeslot, the remaining quan-
tities and also the success rate of the bids placed have to be
monitored as they influence the household’s bidding strat-
egy over time.

Since energy supply is likely to change throughout the
day due to exogenous factors (changing weather conditions,
generator outages etc.) micro grid markets are subject to
volatile energy demands and supplies.

In summary an energy consumer in our micro grid has
to accomplish the following tasks in order to successfully
participate in the energy auctions:

R1 Forecast future energy demands

R2 Determine reservation prices for each time slot
R3 Trade simultaneously on multiple markets

R4 React to changing environmental conditions
RS5 Demand-side load management

In order to fulfill these requirements the household can
(i) adjust its bid prices according to the observed market
conditions, i.e. increasing limit prices in order to increase
order execution probability and vice versa. Additionally a
household can (ii) try to shift some of the forecasted loads
from peak hours (where energy is most expensive) to time
slots where energy supply is not scarce and thus cheaper.
Manually managing these tasks is tedious and error prone
and thus, in the next sections of this paper, we describe a
trading strategy for electronic agents that is specifically tai-
lored to meet the requirements R3 - R5 while — due to space
limitations — requirements R1 and R2 are assumed to be
given.

4 Agent Design and Implementation

In this section we present a demand agent design that
aims at meeting the aforementioned requirements. In our
paper, we focus (i) on the design of an appropriate bidding
strategy and (ii) a means for load shifting. Both agent com-
ponents are presented in the remainder of this section.



4.1 Bidding Strategy

After having determined the reservation prices and the
amounts of electricity to be bought for different periods of
time (load and price forecasting), a buyer agent has to de-
cide on whether to submit bids or not. Furthermore a limit
price (ask price or bid price) for a potential order needs to be
calculated. Our novel fuzzy logic strategy (FL) that mimics
human trader behavior and that reacts to external stimuli is
presented in the following. The explanations below refer to
a trader agent ¢ that bids on the market for a certain time
slot 7.

Basically, this strategy builds on three external factors
to reflect the agent’s current situation in a market: (i) the
success rate S, (ii) the target profit margin p and (iii) the
level of desperation D. These factors are used to deter-
mine order prices and quantities. The success rate S de-
scribes the agent’s share of successful bids in a market. It
is weighted with a momentum to gradually reduce the in-
fluence of past transactions on the calculation of the current
success rate. In other words, the more successful an agent
recently acted on a particular market, the higher the success
rate for it and vice versa. The target profit margin p mea-
sures the minimum profitability for an order. In particular
1 s calculated as the normalized difference between the ac-
tual bid price submitted to the market and the true private
reservation value for it. If an agent submits a buy order to
the market with a limit price of 20 cents per energy unit
and its internal reservation price for that market is 18, u
is calculated as 2%=1%) ~ 0.11. The desperation D takes
the remaining trade entitlement (the part of the originally
required energy amount an agent still has to purchase) and
the remaining time to bid into account. The less remain-
ing time and the higher the remaining trade entitlement the
higher the desperation. Overall, the agent strategy processes
two steps after each trading cycle. First of all, it determines
if the targeted profit margin x(¢) must be changed or not
which depends on the current success rate in the market. To
this end, a fuzzy system infers a value A for the profit mar-
gin alteration. This value is the amount the targeted profit
margin is to be increased (or decreased) in the next round.
After having determined A, the the new targeted profit mar-
gin fiyeq for the next round is calculated as shown in equa-
tion 1. Subsequently the new bid price pje,, for the next
round is calculated according to equation 2.

Pnew = H+ A (D

| (1 = pnew)X agentisbuyer, pipe, < 1 @)
Prew = (14 finew)A agentis seller

Here, ) is the reservation value (the maximum price a
buyer is willing to buy energy at). In a second step, the strat-

egy decides on the bid quantity for the next order. The quan-
tity is a percentage ¢ of the trade entitlement ¢! (amount of
energy to be bought) and is derived by fuzzy inference as
described later on. Based on the value of ¢, the bid quantity
x is obtained as z = min {qe?, "}, which basically ensures
that = is never greater than the remaining trade entitlement
€. If x = 0, no order is placed. With the new profit mar-
gin and the new bid quantity being calculated, the agent can
now place a new bid on the market. The steps for determin-
ing the profit margin alteration A and the bid percentage ¢
are presented in the following.

Determine Profit Margin Alteration A

First, the input values (i.e. success rate S and target profit
margin y) must be fuzzified as they serve as input for de-
ciding on how p needs to change for a potential order dur-
ing the next round. To this end, three fuzzy sets are defined
for each stimulus with the linguistic terms “low”, “medium”
and “high”. A distinct membership function belongs to each
fuzzy set. Figure 2 illustrates the membership functions for
w. The inference scheme subsequently processes the fuzzy
rule base with the values derived from fuzzification. All

rules are summarized in table 1. The rules mimic a mar-

Success Rate S

low [ medium [ high
low decrease | nochange | incrmuch
Profit Margin ¢ | medium decrease | nochange | increase
high decrmuch | nochange | increase

Table 1. Fuzzy Rules for Profit Margin Alter-
ation

ket participant that is checking on how successful bids were
and if profits were reasonable. As long as the success rate
is low, the agent tries to place more successful orders by
decreasing the targeted profit margin (decrease, decrmuch).
This behavior results in higher bid prices (i.e. higher max-
imum willingness to pay) for bidders and lower ask prices
for sellers. If the success rate is medium the agent waits and
will not change the limit price for the moment (nochange).
A high success rate on the other hand causes the agent to in-
crease its targeted profit margin (increase, incrmuch). The
defuzzification finally combines the inference results and
converts them into a crisp (numerical) value for A using the
“Center of Gravity” (COG) method.

To illustrate the FL strategy, let there be an FL buyer
agent with a reservation value of A = 18.00 that receives
the following, arbitrarily chosen market stimuli: S = 0.8,
@ = 0.075 and D = 0.2. The buyer’s trade entitlement is
¢! = 200 and since it has not purchased electricity yet, its
remaining trade entitlement is €” = ¢* = 200.
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Figure 2. Fuzzy Sets for Agent Stimuli

Figure 2 visualizes the membership degrees for fuzzify-
ing p. The dotted lines represent the resulting fuzzy values.
As far as the input p is concerned, the membership degree
for “medium” is 0.75 and for “low” it is 0.25. For p let the
membership degree for “high” be 0.3. Next, the rule base
is applied. Rules for p being “low” and “medium” and for
S being “high” fire. The resulting membership degrees for
the profit margin alteration A for “increasemuch” is 0.25
and for “increase” it is 0.3.
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Figure 3. Defuzzification of Profit Margin Al-
teration

Figure 3 illustrates how the center of gravity is subse-
quently determined. The method calculates a crisp value
for the profit margin alteration: A = 0.075. Therefore
equation 1 with § = 0.1 generates a new profit margin:
tnew = 0.075 + 0.075 = 0.150 Hence, the new bid price
is: Ppew = (1 — 0.15) - 18.00 = 15.30.

Determine Bid Percentage ¢

Once the bid price of a prospective bid is defined, the agent
proceeds with determining the percentage of the remaining
trade entitlement €” it wants to bid for. Also here a fuzzy in-
ference system calculates this percentage ¢. To this end, the
the desperation D is checked against the new profit margin
lnew- The two input values are fuzzified using the same
linguistic terms as before. For the bid percentage ¢, the
fuzzy sets with the following fuzzy terms are introduced:

CLINNT3

“verylow”, “low”, “medium”, “high”, “veryhigh”. Similar
to determining the profit margin alteration, a rule base with
9 rules is used for inferencing. There are two reasons for a
trader to bid for many items at a time: (i) when the agent has
little time to acquire much electricity (high desperation), or
(ii) if the targeted profit margin is high. The lower the profit
margin, the more reluctantly an agent trades and — provided
that its desperation is low — places orders for fewer items.
As before defuzzification and Center of Gravity method are
used to determine the new value for the bid quantity ¢

4.2 Load Shifting

After a market clearing took place, i.e. after all match-
ing bids and asks are executed through the market, a buyer
agent that uses load shifting can adjust its demands (entitle-
ments) according to changed market conditions potentially
reducing demand for time slots with high prices and shift-
ing these demands (within certain boundaries) to slots with
lower prices. In this section, a new heuristic is introduced
that allows electricity demands to be shifted between differ-
ent time slots in order to enable agents to react to chang-
ing market conditions. There are two main reasons why a
consumer might want to shift load: (i) to ensure that more
demand can be satisfied even if supply is scarce and (ii) to
save money.

Overall, the load shifting is based upon the idea of evalu-
ating a “market utility” U for each time slot 7. The market
utility expresses the attractiveness of a market associated
with slot 7 by calculating the trader’s potential utility from
buying energy on that market. In order to accomplish this
task the heuristic compares all market utilities and subse-
quently shifts loads from time slots with low “attractive-
ness” to time slots with higher ones (i.e. high market util-
ities). In the following each of these steps is described in
more details.

1. Update the Market Utility Values

For updating the market utility U of time slot 7 in round ¢,
an agent uses the following utility function:

U, (t+1) = Bu, + (1 — B)U-(t) 3)

The factor 3 is introduced in order to smooth the changes
in the market utility value, which helps to avoid strong fluc-
tuations (i.e. high forth and back demand shifts between
time slots) throughout the operation. wu, is calculated as
ur(t) = (14 S-()"°(1 = D-(£))(1 4+ P,(t)) with suc-
cessrate .S, and desperation D, being derived as described
before. The bargain factor P, compares the agent’s order
price p;(t) for time slot 7 with the agent’s order prices for
all other time slots. For the time slot with the highest price



the bargain factor is 0 and for the time slot with the low-
est order price, this factor is 1. Basically, U, indicates how
advantageous it is for a buyer to bid on a certain market.
The more successfully an agent bids on the market associ-
ated with time slot 7, the higher the utility U,. Similarly,
the utility decreases with increasing desperation. An agent
considers bidding on a market as less advantageous if he
still has to fulfill a large trade entitlement in a comparably
short period of time. These two factors accommodate the
need for demand satisfaction. Conversely, the bargain factor
considers the agent’s bid prices on all active markets. If the
price on the market for slot 7 is low compared to prices on
other markets (time slots), the bargain factor will increase
and so will the market utility. Therefore, this part of the
equation accounts for the agent’s aim to save money.

2. Compare The Market Utilities

In a second step, the heuristic determines the difference in
the market utilities when load is shifted from one time slot
7 to another slot 7. A% is defined as:

AV_(t) = U-(t) — U.(t) with 7#7 )

AUY._ represents the change in utility for shifting one unit
of energy demand from time slot 7 to 7. Only future time
slots are considered. The positive differences A%. > 0
are collected in an ordered list that contains the vectors
(A%,T, %). This list is ordered by decreasing values of
AY_. Beginning with the largest AU. in the list, the load
shifting iterates steps 3 through 5 until the end of the list is
reached. All values that are calculated in these steps refer to

a single trading cycle ¢, thus ¢ is omitted in the following.

3. Determine Maximum Shiftable Loads

In this step, the load shifting determines the maximum
amount of load to be shifted from slot 7 to T for the current
vector (ATUf, T, %). To this end, restrictions on the maxi-
mum and minimum load per time slot have to be consid-
ered: the trade entitlement e, can only be altered within a
(given) range [¢7", €m**] which can be set arbitrarily for
each time slot. These restrictions represent technical con-
straints since we assume that only a certain percentage of
the loads (that are produced by electrical appliances and de-
vices) is shiftable. The maximum amount of load 6%** that
can be shifted from 7 to T is obtained from:

0% = min {67— AN e e;} 5)

€, — €™ is the maximum amount that can be shifted
from 7 and €**® — ez is the maximum amount of load that
can be moved to 7. Figure 4 illustrates the current trade en-
titlement e with restrictions on the minimum and the max-

imum trade entitlements €”" and ¢™%* for two time slots.

As can be seen on the left diagram, the maximum shiftable
amount is: 072" = e'** — ez, If §72%7 is shifted, no more
load can be shifted to 7 and ez = €2'** (right chart).

e
max
& e f: H i
£ 7
4
= T T
timeslot 7 .. T timeslot T .. T t

Figure 4. Maximum Load Shiftable from 7 to 7

4. Determine Actual Load Shifting

AUY_ expresses a gain in utility. Hence, it is advantageous to
actually shift much of the maximum shiftable amount §7%**
for a high AY. whereas for small AY_, only a small per-
centage should be shifted. The following expression is used

to calculate the actual amount of load to be shifted:

AU
Sor = {6’” = J ©)

max
AU is the maximum of all utility differences deter-
mined in the previous step. As only discrete integer values

are allowed, a floor function is used.

5. Update Trade Entitlements
Finally, before processing the next item of the ordered list,
the trade entitlements are updated if 4.7 > 0:

new new
&Y =€ — 07,62 =€ + 077 (7

If the ordered list has a next element, the heuristic will
start over and processes steps 3 through 5. Once the end
of the list is reached, the load shifting is completed. For
performance reasons, the market utilities u, are only calcu-
lated once at step 1 ignoring the fact that load shifting leads
to slight changes of the desperation factors for the different
time slots D .

In the following example of an agent’s load shifting be-
havior we assume market utility values, trade entitlements,
and minimum / maximum trade entitlements as depicted in
table 2 for an arbitrary trader agent that trades on four mar-
kets for time slots 1 to 4. After having determined the mar-
ket utility values ., for all 7 (c.f. Step 1), the load shifting
logic computes the differences AY. as described in Step 2.
Subsequently, the positive differences are sorted in descend-
ing order. Table 3 represents the ordered list with the results
in form of vectors (ATUf, T, T) . Here, the maximum increase
in utility is AY = 0.4. Beginning with the first entry in



[ Timeslot (1) [T 1 7T 2]37] 4]
Market Utility (U ) 02 | 04| 06| 03
Original trade entitlement (e+) 90 70 70 80
Min entitlement (e7**™) 60 50 40 70
Max entitlement (e77**%) 100 | 90 80 110

Table 2. Example values for Load Shifting

H Source Slot (7) [ Target Slot (7) [ Utiltiy Increase (A_lr};) ]

1 3 0.4
0.3
0.2
0.2
0.1
0.1

4
1
2
4
1

NI (S RUS] I (O] RO}

Table 3. List of Positive Utility Differences

the list, vector (1; 3; 0.4), the heuristic determines the maxi-
mum amount that can be shifted from time slot 1 to time slot
3 by computing 67"§* = min {e; — €', €" — €3} =
10. Hence, only 10 items of electricity can be shifted from
slot 1 to slot 3. The actual amount d; 3 to be shifted is:
01,3 = 10. Consequently, the maximum amount of units
is shifted resulting in new trade entitlements for 7 and 7:

6'57’6"“ = 61 — 5173 — 80 and eg,ew = 63 + (5173 == 80 Table 4

(such as intedependencies between adjacent timeslots and
their respective markets) are not considered, instead trading
is examined for one single time slot only. Consequently,
load shifting is disabled in this setting.

As discussed in section 3, demand and supply in a micro
grid is most likely to change over time (e.g. due to gener-
ator outages or changing weather conditions). This setup
investigates how FL agents perform in such situations. In
particular we investigate how fast the agents agents read-
just themselves to a situation where (previously constant)
energy supply is suddenly reduced e.g. due to a generator
outage in trading rounds 30 and then increases again after
the partly reconnection of that generator at trading round
50. The ZIP [8] and GD strategy [10] serve as benchmark
strategies. To this end, simulations are conducted with ho-
mogeneous populations of i) ZIP agents, ii) GD agents, and
iii) FL agents. In this simulation we model two events in
a micro grid where supply and demand change during the
simulation runtime. Table 5 summarizes the changes in the
demand and supply during simulation runtime. The equi-
librium price p,. and the equilibrium quantity ¢, are deter-
mined by the intersection of the cumulated demand and sup-
ply curves and represent the optimal transaction price and
the maximum quantity that can be traded.

summarizes the 6 iterations of steps 3 through 5.

Round Pe Qe
0 19 656
30 17 928
50 17.5 1063

= o e g (g [ 5]
1—3 10 10 80 70 80 80
4 -3 0 80 70 80 80

0
1—2 20 0 70 80 80 80
2—3 0 0 70 80 80 80
2
2

—_

4—2 10 70 82 80 78
1—4 10 68 82 80 80

(=)W N SOV S | =]

Table 4. Load Shifting Iterations

5 Evaluation

The following simulation experiments are used to eval-
uate the performance of our load shifting agents in market-
controlled micro energy grids under realistic conditions. In
particular the evaluation is twofold. In Setup 1 we access
the system’s capability of automatically recovering from ex-
ogenous shocks (e.g. generator outages) while in Setuo 2
the performance of the agent’s load shifting behavior is as-
sessed on a per-individual as well as on a society level.

Setup 1 — Automated recovery from exogenous shocks

The first experimental setup models a micro grid with 10
suppliers and 10 consumers. Agents of a homogeneous pop-
ulation can choose to arbitrarily bid on a market for one sin-
gle time slot during 300 trading cycles. Interdependencies

Table 5. Changes in Demand and Supply

Table 6 summarizes the results of the three simulation
runs. The total welfare and Smith’s alpha are calculated
in order to compare the agent strategies. Smith’s Alpha
measures the deviation of transaction prices from the equi-
librium price and therefore indicates to what extent trans-
action prices converge to the theoretical equilibrium price.
The last two factors — purchase ratio (percentage of satis-
fied demand) and average costs (for purchasing one unit of
electricity) — concern demand agents only. With changing

Strategy ~ Welfare | Smith’s Alpha || Purchase Ratio | Avg. Costs
ZIP 3105 0.053 0.895 18.289
GD 2751 0.070 0.733 18.809
FL 3192 0.029 1 17.723

Table 6. Results of Setup 1

demand and supply, FL agents clearly outperform ZIP and
GD agents. The total welfare indicating how much utility
both supply and demand agents can gain from trading is
higher for FL agents than for the other two strategies. De-
spite the fact that supply and demand is suddenly altered,
FL agents can adapt quickly to a new equilibrium. Con-
sequently, Smith’s alpha is low compared to the value for



GD and ZIP agents. The benchmark strategies are not able
to adjust to the market dynamics in an analogous manner.
The deviations from the theoretical equilibrium price are
1.8 times higher for ZIP agents and 2.4 times higher for
GD agents. Considering the demand side metrics, FL buyer
agents yield the best results, too. These agents take advan-
tage of a lower equilibrium price and a higher supply be-
tween round 30 and 50. As a result, they can satisfy 100%
of their demands at lower average costs per unit. ZIP de-
mand agents acquire 10.5% less than FL agents and the sat-
isfied demand of GD buyers is even 26.7% lower. Hence,
it is particularly advantageous for consumers to rely on FL
agents in this scenario.

Price

0 50 100 150 200 250 300
Trading Rounds

[— zIP ——GD ——FL - - Equilibrium]

Figure 5. Automatic Readjustment to Exoge-
nous Shocks in Rounds 30 and 50

Figure 5 visualizes the theoretical market equilibrium
prices (dotted curve) as well as the observed prices from
the simulation runs as produced by a ZIP agent population
(dashed curve), a GD agent population (solid curve), and
a FL agent population (solid curve with dots). The chart
reveals that GD and ZIP agents can adapt their bidding be-
havior which results in transaction prices converging to the
equilibrium. However, both strategies cannot react to the
sudden changes in round 30 and 50. Only after a longer pe-
riod of time (around 200 rounds for ZIP agents and more
than 250 rounds for GD agents) the transaction prices for
the ZIP and GD setups converge to the theoretical equilib-
rium price. FL agents on the contrary instantaneously react
to a changing equilibrium which results in changed transac-
tion prices on the market that quickly reflect the new situa-
tion.

To summarize, FL agents are shown to adjust well in
situations where exogenous demand or supply shocks oc-
cur. The FL strategy described here takes prevailing market
conditions and the agent’s current state into account (suc-
cesses, profits, desperation). Additionally, FL agents have
comparably lower informational requirements as they does
not require knowledge about bids placed by other market
participants, while this information is necessary for ZIP and

GD agents to run.

Setup 2 — Demand Peaks and Load Shifting

This setup consists of 15 FL agents that try to satisfy the
energy demands of a whole day for their respective house-
holds. Therefore the day is divided into 96 time slots each
of 15 minutes length. The consumers’ demand profiles, i.e.
the energy demand for each of these timeslots, are based
on the VDEW-HO load profile, which is a norm load profile
that representats a German norm household [19]. The actual
load profiles chosen for the agent bootstrapping were calcu-
lated for a norm workday during summertime for house-
holds of sizes between 1 and 2 MWh annual demand. In
order to avoid overlay effects, the HO profiles were salted
with a slight random noise. In this setup the energy is pro-
duced at a constant level by 5 different suppliers that vary
in their reservation prices only. In a real micro grid, such
providers could e.g. be small hydropower generators or mi-
cro turbines. Lastly, supply and demand forecasts are not
changing throughout the simulation runs.

Depending on the supplier, the costs (and thus the seller
agent’s reservation value) range between 0.15 EUR and
0.17 EUR per kWh. A supplier produces at the same costs
for all time slots. The reservation values for demand agents
are 0.20 EUR per kWh plus an increment that correlates
with the amount of electricity to be acquired for a certain
time slot. In this way, a buyer’s reservation value is 0.25
EUR for the time slot with the highest and 0.20 EUR for the
time slot with the lowest demand. This variation in reser-
vation prices represents a consumer’s knowledge about the
micro grid’s trading history: A buyer agent anticipates high
prices in times of peak demands and therefore has a higher
reservation value for the corresponding time slots.

Figure 6 shows the results of the simulations. One can
see that without load shifting at least some of the consumer
agents cannot satisfy their complete trade entitlement in this
first scenario due to insufficient supply in peak times. This
is the case in the periods between time slots 34 - 41, 46
- 56, and 74 - 91 where the aggregated initial demands of
all consumers (dashed curve) exceed the aggregated sup-
ply of all producers (solid horizontal line). With load shift-
ing however, demand agents are allowed to partly reallocate
their energy consumption to other timeslots. In particular,
the consumer agents are allowed to shift at most +30% of
their original energy demands to other timeslots. The light
dashed curves in figure 6 illustrate this (aggregated) target
corridor within which overall load shifting is permitted.

In order to evaluate the system and in particular the buyer
agent’s behavior, different measures are used. The total wel-
fare generated by all traders for all slots is calculated and,
for scenario a) with constant demand and supply curves, the
average efficiency of all slots is determined. Moreover, the



average Smith’s alpha is calculated in order to measure de-
viations of transaction prices from the theoretical equilib-
rium prices. Concerning the demand side, additional mea-
sures are used. The purchase ratio indicates the percentage
of the total demand satisfied (for all buyer agents and all
slots) and the average costs indicate the average unit price
(in EUR) a buyer had to pay for acquiring one kWh of elec-
tricity. Finally, the total amount of unsatisfied electricity de-
mand (in kWh) is determined. Table 7 presents the results
for the individual scenarios. During the first simulation run

Scenario a) b)
Total Welfare 21.676  21.878
Average Alpha 0.103 0.095
Purchase Ratio 0.954 0.984
Average Costs 0.192 0.189
Unsatisfied Demand 5.904 2.118

Table 7. Performance after Load-Shifting

no buyer agent is allowed to shift loads. As far as the de-
mand side is concerned, buyer agents can satisfy 95.4% of
their electricity demands. Due to demand peaks, 6% (5.904
kWh) cannot be bought.

After enabling the load shifting module and rerunning
the simulation, the agents perform better than before. The
agents were able to produce a slightly higher total welfare.
Smith’s alpha remains at a low level for FL agents, even
decreases. Regarding the demand side, the buyer agents
using load shifting were able to satisfy the complete total
demand. The average costs for buying 1 kWh of energy
are lower. Figure 6 illustrates the smoothed aggregated de-
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Figure 6. Cumulated Demand and Supply af-
ter Load Shifting

mand curve (solid curve) as a result of load shifting activ-
ities. The peak demands stemming from the original total
demand (dashed curve) are noticeably reduced. In the real
world, this means that expensive peak load generation ca-
pacities can be reduced. Despite the fact that demand agents

have no information on the current availability of electricity
for a time slot, they proved to correctly interpret the market
signals: with the aid of load shifting, they could adjust their
demand and satisfy virtually all demand with the existing
supply (given that a reasonable minimum amount of energy
supply is available). Overall, applying the FL strategy lo-
cally to decentral consumer agents also affects the society
as a whole as the individual agent’s load shifting behavior
also leads to an overall better balanced energy grid through
energy demands being more evenly distributed over time
thanks to price signals (and thus consumer incentives) that
reflect the true scarcity of the traded good.

6 Summary & Outlook

In this paper we presented a market-based approach for
coordinating micro energy grids. In particular, our contri-
bution is a fuzzy logic trading strategy (FL) that can be used
by electronic agents to efficiently acquire energy on behalf
of their owners, i.e. energy consumers such as households.
In order to accomplish this task, our agents (i) automatically
adjust their bidding behavior (reserve prices, demand quan-
tities) to changing market conditions using a fuzzy logic
approach and (ii) shift parts of their energy demands from
expensive peak hours to cheaper times of the day where en-
ergy demands are lower.

Our evaluations show that FL agents readjust much
quicker to sudden market changes (e.g. exogenous shocks
such as generator outages) than classic ZIP or GD agents.
Furthermore we can show that the myopic load shifting op-
timization performed by each individual agent is not only
benefitial for the agent itself, but also leads to overall peak
reduction on the society level. This effect helps saving
energy and might also be an interesting possible solution
approach for better integrating decentralized energy con-
sumers and producers into our existing large scale energy
grid infrastructure. Providing decentralized consumers and
producers with the right (price) incentives gives them the
possibility to adjust their consumption and production lev-
els myopically and still leads to overall demand peak reduc-
tions.

In summary our work presented in this paper is very in-
teresting as it opens up an ally for future research on various
related topics. Further research needs to be conducted on
the elicitation of consumer demand profiles. Currently they
are assumed to be given exogenously but this clearly needs
to change in future. Therefore a lot of additional data on re-
quirements, habits and technical side constraints of energy
consumers as well as energy producers have to be taken into
account. Similarly the amount of energy that is shiftable
between different time slots needs to be determined in more
detail. Currently this amount is assumed to be a constant
percentage of the whole energy demand for a certain time



slot.

In reality however the shiftable amount of energy is

likely to vary over time and also heavily depends on the
type of energy consuming devices that are running within a
certain time slot.
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