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Abstract. This paper describes a computational approach to energy use that as-
signs importance to human psychology and social interactions. Specifically, this
paper describes our investigations into computational mechanisms that encourage
prosocial behavior on the part of consumers. Examples of prosocial behavior in
the context of electrical energy use are reducing average aggregate consumption
and peak total consumption. We consider an approach that combines minority
games and cake-cutting that includes elements of human decision-making in sit-
uations that are hybrids of competitive and cooperative settings. For example,
people may be motivated to reduce their consumption if that were posed as a
competition wherein they would win a game, possibly by collaborating with their
neighbors. And, people may be motivated to behave in a prosocial manner if sel-
fish behaviors were shunned in their social group. Previous approaches disregard
such dynamics from technical studies, relegating them to psychological analyses;
yet the interrelationship of the human and the technical aspects is crucial in a
complex sociotechnical system such as the power grid.

Keywords: Multiagent systems, electric power, demand-side control, social
computing.

1 Introduction

There are many facets to the world-wide electric power problem, concerning |
electric power can be generated in an environmentally sound way, how it car
stored and distributed efficiently, and how it can be used wisely. Although enx
resources can be viewed strategically as an advantage for geopolitical entities
own the resources, we prefer to view them broadly as societal resources to be shi
among the members of a society. The control of energy resources is not soci
however: it is centralized at the energy provider, where preferences of the membei
the society are generally not considered.

We are investigating the modulation of electric power demand via socially int
gent computing. We seek to develop efficient consensus and incentive-based con
tational mechanisms for decentralized control of demand that respects system-t
objectives and individual preferences. Our mechanisms will influence consumer ¢
sions regarding local energy usage, generation, and storage, as well as overall en
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iply and demand, according to local consumption preferences and global supply
ectives of grid operators. The societal benefits are lowered peak demand, improved
rrating efficiency, and lowered capital expenses.

Current Situation

general terms, our problem involves the allocation of electric power (treated as a
rce societal resource) among independent consumers (households and small busi-
ses). Recent approaches collected under the term “smart grid” enable consumer
rices to be controlled by electric power utilities. The objective is to shed demand
en it exceeds supply. For example, household air conditioners can be turned on or
easily from a central controller. However, deciding whether and when to turn
m on or off based on consumer preferences is nontrivial. The smart grid is smart
y from the viewpoint of the electric power utilities. Because consumers typically
nt their preferences to remain private, centralized approaches that allocate re-
irces by fiat are not acceptable. How can consumers with diverse preferences make
al decisions about the allocation and management of electric power that are global-
effective? The problem is exacerbated by large consumer communities and
juently changing preferences.

Two forms of demand-side management are being used to solve energy resource
ycation problems. In one, a central control form, a utility enters into agreements
h customers, for a rebate incentive, under which the utility can directly control
liances, usually for load shedding when needed [1]. Central control does not ad-
ss customer comfort and exception requests. In the other form, home management
tems monitor and manage appliances. Some utilities are considering providing
I-time pricing signals to improve the effectiveness of such systems. Home man-
:ment systems suffer from customer reluctance to participate and lack of clear
wefits [2]. Utilities have begun to realize that pure technical or economic approach-
are not effective, so they are investigating alternatives to better engage their
tomers [3, 4].

Here is an example of the problem we are trying to address. Charging an electric
iicle is equivalent to approximately four houses using all of their appliances. The
asformers in a neighborhood (the ones you might typically see on a pole) are sized
approximately ten houses. If 3 or 4 people in a neighborhood buy an electric ve-
le and try to recharge it at the same time, the transformer will fail. To prevent this,
power company could double or quadruple the capacity of their lines and trans-
mers, which would be very expensive, or the power company could take control of
en people can recharge their vehicle, OR the neighbors could cooperate with each
er in staggering when they recharge. We believe that the last is the best solution,
-t requires the neighbors to be cooperative and possibly altruistic, and it must be
1e with local consumer cognizance of the global context.
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1.2 Imvestigation Framework and Research Hypotheses

Our investigations are being conducted in a framework of realistic premises desis
to make this large problem manageable. The premises are

Premise 1. Current pricing incentives are insufficient, because they are based
history of past aggregate behavior and have little predictive value.

Premise 2. The community of consumers exhibits rich social relationships
energy usage dependencies that can be handled better through peer-to-peer inte
tions rather than through centralized control.

With these as a basis, the key is fostering peer-to-peer interactions among consur
to guide their individual control decisions and, by aggregating the decisions, proc
effective system-level control. Individual demands are coordinated to reduce |
demand, flatten overall demand, and yield a power factor closer to 1.0. We bel
that two levels of peer-to-peer interactions will be needed. At the macro-level, i
ractions create consensus on the overall goals and trade-offs, producing the equiva
of supply-and-demand curves. At the micro-level, interactions cause individual «
trol decisions to be as dissimilar as possible, so as to spread demand as uniforml
possible." To investigate this foundation for a demand-side approach, we have for
lated the following hypotheses:

Hypothesis 1: Participation. A sufficient number of people in a society can be r
vated to participate either directly or indirectly via their intelligent software agent
the management of an essential and limited resource (electric power).

Subhypothesis 1.1: Influence. Consumers’ decisions can be influenced to pron
prosocial behavior, if such behavior does not detract from their personal pr
rences.

Subhypothesis 1.2: Privacy. Consumers will share some private information (i
rectly via their agents) so as to cooperate in promoting prosocial behavior,
Subhypothesis 1.3: Cooperation. Consumers are more amenable to promo
prosocial behavior if they can cooperate with known parties, not with anonym
strangers. Consumers who cooperate will achieve better outcomes.
Subhypothesis 1.4: Competition. A game environment offering competition am
consumer groups can motivate consumers to exhibit prosocial behavior.
Subhypothesis 1.5: Trust. Consumers will trust software agents to represent t
interests in negotiating for resources.

Hypothesis 2: Stability. A system of interacting agents cooperating and compe
for resources on behalf of a community of users will produce a controllable, sta
and prosocial allocation of resources.

! We also recognize that at times it is important to develop “herd behavior.” For exampl
power is largely solar, then it is preferable to use that energy as it is being produced. C
industry needs large power during working hours, then it is desirable to push all reside
demand into the nighttime so that the net consumption becomes flatter.
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“he scientific results will be improved understanding of how the macro-level and
ro-level aspects of control come together and how users remain in control while
aging in socially desired behaviors. There will be three interdependent types of
:ro-level and micro-level interaction among providers, consumers, and the soft-
e agents representing individual interests (see Figure):

ixpressing preferences: software agents interact with consumers to acquire their
yeferences and provide incentive-based feedback to influence their behavior.
Reaching consensus: macro-level interactions among agents to optimize their dis-
ributed demand decisions based on computational collective intelligence and con-
iensus-based optimization, resulting in supply-demand curves based on local prefe-
ences and system objectives.

Achieving objectives: micro-level interactions between groups of consumer agents
ind resource provider agents to minimize impact on resources (i.e., reduce peak
jemand) based on field theory from particle physics, cake-cutting algorithms from
studies on negotiation among multiple agents, and incentive-based optimization
nechanisms.

: problem of allocating shared resources matches naturally with socially intelli-
it computing—the intersection of social behavior and distributed computational
tems—and multiagent systems. Multiagent systems can apply social computing
investigate the technical problem of how to allocate, distribute, and govern
rce societal resources in a sustainable manner across a sufficiently coherent
nmunity of users, each potentially having different preferences for the resources
| when to consume them. This is difficult, because communities are large and
ferences will change frequently and, from a centralized viewpoint, unpredicta-
. The sharing should accommodate member preferences, yet provide fair and
ry-free incentives to those whose preferences most promote sustainability. Be-
1se preferences are mostly personal and private, centralized approaches that
scate such resources by fiat are usually not acceptable in a free society. The key
this is fostering peer-to-peer interactions among the participants so as to ac-
nmodate both the personal and the interpersonal dimensions of decision making
rational, social participants.

The two complementary strategies we have investigated for the interactions are
sed on: (1) control systems and (2) a negotiation approach that combines minority
mes, particle physics, and cake-cutting algorithms. Multiagent negotiation is one of
. decision-making mechanisms that can be used to provide for the allocation of
ources. The results of such negotiations, from the viewpoint of the consumers,
suld be fair and envy-free, which motivates the investigation of “cake-cutting”
proaches.
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2 Background and Significance

Crowdsourcing [5] has drawn a lot of interest lately. Crowdsourcing involves (usu
implicit) collaboration between usets to solve a problem. However, crowdsourt
approaches are fundamentally limited to solving centrally allocated problems wi
the mode or median or individual solutions converge to the ideal solution. We refe
such central tendencies loosely as the majority. In majority problems, a statist
aggregation of individual solutions proves effective. To follow Galton’s exan
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m 1907 of the wisdom of crowds, if 800 people estimate the weight of an ox by
t looking at it, their individual estimates may vary a lot, but in a Gaussian manner:
ir majority estimate (the median) could be close to the actual weight of the ox. So
ch so that when we have no other means to determine the weight of an ox, we
iht rely solely on the majority estimate, which is what crowdsourcing pursues.
:h solutions can be promoted by giving users an incentive to be nearest to the ma-
ity. Notice that if we gave users an incentive to be far from the majority, the result
uld be meaningless.
In the case of resource usage, however, the participants’ interests are not well
med with the majority. If increased peak demand causes the price to go up, con-
ners are better off spreading their individual loads to lower the peak and, thus,
ver the price. In such settings we are not seeking a majority view of the “right” time
consume energy, but to influence consumers to distribute their consumption. The
isumer in effect has an incentive to be in a minority. Minority settings in general
highly volatile. Are there social mechanisms that can motivate behavior to
iduce effective solutions in minority settings?
The minority game [7][9] is defined as a game with a large number of players, N,
h each player making a choice between two alternatives at each round of the game.
er all players have made their choice, the players that are in the minority each win
: point. This is relevant for electric power distribution, because the preferred
ution is for consumers to request power at different times.
A variant of the minority game is the Kolkata Paise Restaurant Problem [8] where
number of choices (n) as well as the number of players (N) are relatively large. It
1 repetitive game where information regarding the history of choices made by dif-
ent players is available to everyone. Assuming that n = N, a player € N wins a point
making a choice € n made by no other player. If a choice is made by more than one
yer, one is randomly selected to earn a point. Hence, while each player gains a
nt for making a unique choice, the resource utilization is maximized when each
sice is made by at least one player.

Power Systems and Conirol Theory

rrent demand-side management approaches fall into two main categories. First, in
itral control, the utility enters into agreements with customers, for a rebate incen-
e, under which the utility can directly control appliances, usually for load shedding
en needed [1]. Central control does not address customer comfort and exception
[uests. Thus, customers are reluctant to participate and only a few do. Second,
me management systems monitor and manage appliances (e.g., by turning them on
1 off, or adjusting temperature settings). The consumer is expected to play a major
e in (paying for) installing and configuring such systems. Utilities can provide
ltime pricing signals to improve the effectiveness of such systems. Walker and
sier [2] observe that home management systems suffer from customer reluctance to
ticipate, and lack of clear benefits. They also observe that some kind of automation
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is essential: as they found, in settings where consumers sought to control their :
conditioner usage manually, they would turn on their respective air conditione
precisely at peak times thus exacerbating peak demand.

As support for the significance of our proposed approach, Berst [3] points out tt
pure technical or economic approaches are not proving effective and utilities are i
vestigating alternatives to better enlist their customers’ support. Similarly, the Fede:
Energy Regulatory Commission [12] acknowledges the challenge of communicati
the importance of demand response and engaging consumers effectively.

In recent influential works, Sean Meyn [4] has articulated well some of t
challenges of relying purely on pricing mechanisms for system control. At the mac
level, such approaches have led to well-known problems though they have demc
strated that consumers can change their demand in response to severe price signa
However, this doesn’t mean that the resulting allocations are equitable or that cc
sumption is smoothed in the process. Mathieu et al. [14] study different types of -
dustrial and commercial consumers and observe challenges in prediction, specifical
that variation may often be dominated by model error rather than due to explicit
sponse. Shao et al. [15][16] study residential load profiles, including the charging
electrical vehicles, which creates heavy loads. Shao et al. are concerned with capt
ing consumer priorities regarding various appliances and being able to control them
a way to shape the overall load.

Japan’s Digital Grid Consortium envisions large-scale energy grids that can han
power the way the Internet handles data, using routers and service providers to e
ciently direct the flow of electricity [17]. The consortium seeks to develop technolc
that can track units of energy across an entire grid, tagging them with their source ¢
destination similar to the way Internet packets are handled. The consortium plans
inputs to include existing power plants, solar facilities, and other alternative sourc
The grid will include local power storage systems, such as large-scale batteries
homes. The units of energy will be managed by service providers, tracing and cha
ing for them like a currency exchange. The energy “messages” are intended
supply-side management, but could be adapted to serve demand-side management.

Because power systems are inherently distributed, agent-based approaches ap
naturally therein to support local control. They contrast with extant approaches, wh
develop centralized solutions, placing all the intelligence in central controllers. Ba
and El-Markabi [18] show how to characterize a multiagent protocol that facilit
control in the presence of local sensitivities as long as appropriate communicat
assumptions are met. Herndndez et al. [19] study the modeling of power sources
smart grids. Pipattanasomporn et al. [20] apply multiagent systems from the uti
standpoint. They show how their approach can isolate a local system from the ¢
adaptively as needed. Pipattanasomporn et al. [21] motivate a home power netw
architecture, which accords with our conception. Their proposed home managem
system corresponds to an agent that controls local loads on behalf of a consumer :
responds to signals from the grid.



2 Multiagent Negotiation for Multiplayer Resource Allocation

n important feature of multiagent systems is that the agents can behave autonomous-

considering the interest of the people they represent. Fairness and envy-freedom are
iteria used to judge the effectiveness of allocation procedures. Assume the resource
ing allocated is measurable. An allocation procedure is called fair if it distributes a
source among »n agents such that every agent values its portion as exactly 1/n of the
tal value of the resource. An allocation procedure is called envy-free if every agent
lues its portion at least as much as the portions allocated to other agents. Thus,
wvy-freedom is stricter than fairness. When a mediator is involved in resource alloca-
m, an additional desirable criterion is that the mediator is unbiased. In addition, the
ocedure should be efficient in time and space complexity, strategy-proof, and
mstructive.

In open multiagent systems there is generally no global control, no globally consis-
ot knowledge, and no globally shared goals or success criteria [22]. So the agents
mpete to maximize their own utilities. We assume each agent’s utility function is
ivate. A negotiation protocol should be immune to information hiding and lying by
¢ agents. In addition, protocols can be evaluated on various criteria such as fairness,
vy-freedom, equitability, and efficiency. Brams and Taylor [23] discuss various
ocedures for allocating resources. They show that it is generally difficult for any
ven procedure to fulfill more than two of the above mentioned criteria. These crite-
| are by no means exhaustive, but may be taken as an initial test of the allocation
ocedure that is being proposed. For example, other criteria that can used to evaluate
otocols are: simplicity, computational complexity, and verifiability.

A protocol for negotiated resource allocation—the basis for the multiplayer game
visioned here—is said to be verifiable if the allocation of the resource is invariant
the bias of the mediator (game engine). Iyer and Huhns [10][11] address verifiabili-
in a resource allocation procedure for one or two-dimensional resources, proving
at if the agents follow a specified multiagent negotiation protocol, it is possible to
ve a fair and unbiased allocation of the resource. At the end of the negotiation, one
the agents volunteers to act as a mediator and executes the procedure. Based on the
mputation of agent preferences, there are two outcomes: the procedure (i) finds a
lution and all agents get a fair deal; or (ii) fails to find a solution and all agents re-
ive the conflict deal, i.e., no agent receives any part of the resource. The salient
int is that the agents can detect if the mediator attempts to manipulate the results.
:nce the results of this method are verifiable to any agent who wants to check them
d the mediator need not be a trusted outsider. Importantly, the utility functions of
> agents are not compared and therefore are unconstrained: all that matters is how
> agents’ preferences relate to one another.

Analysis

t us consider one concrete scenario of how sustainable energy use can be treated as
societal problern. This scenario seeks to reduce peak demand but does not address
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reducing total demand. That is, we would like consumers to shift their individual «
mands in time so that the peak aggregate demand at any time is reduced. Doing so |
benefits in yielding a more stable load and reducing the need for capital expenses.

The most traditional approach would be to determine the popular times of the ¢
or week for demand and to set the price higher for such times, so as to encour:
consumers to move away from such times. Such an approach works from histori
data and lacks knowledge of and flexibility in addressing changing situations.

A more modern approach is to apply real-time pricing. However, real-time pric
is difficult from a practical standpoint because of characteristics of power syste
that cannot match production to demand instantaneously. Further, real-time pricin
difficult for consumers to deal with, and often leads to chaotic outcomes [5].

We now describe the interactions between a consumer, a power supplier, and |
proposed system, which could be thought of as a mapping to an energy service f
vider (ESP) [13]. Let’s begin with a variant wherein the consumers act independet
of each other.

As the Figure shows, a consumer assisted by an agent submits constraints on
expected future load profile. A local broker/manager considers all the submitted f
files and determines a nonbinding allocation for each consumer that reduces the p
demand and demand variations. The allocation is guaranteed to satisfy each const
er’s stated constraints. A simple way to find such an allocation is to order the ¢
sumers randomly and, for each consumer in turn, allocate power usage timeslot:
that consumer in a way that greedily minimizes the peak consumption. E
consumer may or may not act according to the allocation.

A consumer who follows the recommended consumption profile pays the aver
price for the current total demand in each time slot. A consumer who consumes po
arbitrarily either by never participating in our approach or by participating but dev
ing from the recommendation pays the usual marginal rate.

The price for power increases with the instantaneous demand at the time of
sumption. With some key assumptions, this scenario provides a way to address sc
important properties:

¢ Prosociality. The local broker/manager charges a higher price to ad hoc consun
than for plan-ahead consumers, which creates an overall incentive to reduce [
demand.

¢ Individual rationality. Those who submit a profile and follow the resulting all
tion benefit by paying a smaller price for the power they draw. Thus particip
pay a lower price for power in a given slot than someone who consumes the s
amount of power in the same slot but without a prior submission. Thus consur
are motivated to participate in the brokering and management.

e No coercion. Those who submit a profile are free to ignore the suggested all
tion. They pay the same price for that consumption as if they had never par
pated.

¢ Budget balance. When consumers as a group create more expensive deman
the power source, they pay more for the privilege.

However, this approach assumes the consumers have NO knowledge of the -
straints (preferences) of other consumers or of the constraints of the power gener:
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d distribution system. That is, a consumer might be willing to shift its need for
wer to a slightly different time interval if it would result in a major savings in cost,
t has no way of discovering this. This approach forms an imperfect information
me.

Our approach combines pricing with social mechanisms. Consumers join coopera-
es, which we assume are small, such as neighborhood blocks. Each cooperative
ks to minimize its overall cost in terms of financial units or in terms of environ-
:ntal impact. Thus the members of each cooperative, must negotiate with each other
th respect to their individual preferences as such preferences are affected by impor-
it externalities such as the changing price of energy, changing weather, and social
;tors such as whether it is a holiday season.

We are investigating some key challenges that arise from our vision, such as power
stem models, social interaction models, design models of agents, user models, and
»nomic models. In addition to formal models and simulations, we are using games
explore how consumers interact in different circumstances and how we may effec-
ely promote prosocial behavior. The interactions among power consumers might
e the form of

Auctions, with the following features:

— Individuals base their bids on their own preferences

— Individuals do not reveal their preferences

— Individuals could maintain and use a history of interactions. Based on this, in-
dividuals could learn the strategies of others, although the auctions might be de-
signed to reduce or eliminate the need for this

— The auctions do not allow any future considerations

Round-robin power scheduling, where individuals take turns having first prefe-
rence for power use, in an endless cycle.

Direct negotiating among consumers, involving promises / commitments for future
use, and which might be multiparty.

ticle physics provides both a metaphor and a mathematical basis for solving the
ource allocation problem. Particle physics dictate that particles tend to occupy
most energetically favorable states, while certain other particles cannot occupy the
ne state together. This translates into an analogy of electric power resources that
1er any number of consumers can share or that only one consumer can have.

Research Agenda

> goal of the power company (maximize profit) is different than the consensus
Is of its customers (minimize cost, maximize comfort, protect environment). Al-
ugh the proposed project studies household electrical power consumption, its re-
s could be applied to a broader class of societal resources, such as fresh water,
s promoting sustainability in such settings as well. Our approach applies social
nputing to sustainability problems. We treat consumers and providers as important
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participants and rely upon their mutual interactions—mediated by computatio
agents—as a basis for arriving at high-quality solutions. Each user delegates so
authority to an agent, which then acts on the user’s behalf. Traditional social com
ting approaches are limited to information problems where consensus is important
contrast, our approach applies to allocation problems where the dissimilarity of
participants’ decisions improves social welfare and helps capture each participal
local preferences. There are two main considerations:

1. Can a sufficient number of people in a society be motivated to participate either
rectly or indirectly via their intelligent software agents in the prosocial mana
ment of an essential and limited resource (electric power)?

2. Will a power distribution system managed from the edge by consumers be cont
lable and stable in a control system theory sense?

4.1 Uninvestigated Hypotheses

The following hypotheses are relevant and deserving of investigation, but this has
yet been done:

e Bottom-up preferences negotiated among users in a neighborhood are more sec
than top-down control of appliances by power companies, as is envisioned for
ious “smart grids.”

e Being cognizant of global warming and climate change, people will act altruisti
ly towards their neighbors in allocating electric power resources.

e It remains to be shown that the grid will be more efficient and more fair if cons
er preferences are considered.

» Because they have only local information and minimal global information, ¢
sumers have been shown to act suboptimally when the global grid is consid
and not even in their own best interests locally when allowed to participat
decisions about the distribution and usage of electric power.

e Agents expressing local preferences and exchanging information with provi
and other consumers can obtain a global view and can act optimally in bot}
individual and global sense.

References

1. Rahman, S.: Integration of demand response with renewable energy for efficient pi
system operation. In: IEEE PES ISGT Middle East Conference and Exhibition (2011)

2. Walker, LS., Meier, A.K.: Residential thermostats: Comfort controls in California ho
Project Report LBNL-938E, Lawrence Berkeley National Laboratory (March 2008)

3. Berst, I.: How cities (and their utilities) are blowing it: New research reveals three fail
Smart Grid News (December 2011), http: //www.smartgridnews.com

4. Meyn, S.P., Negrete-Pincetic, M., Wang, G., Kowli, A, Shafieepoorfard, E.: The val
volatile resources in electricity markets. In: Proc. 49th IEEE Conference on Decisior
Control (CDC), Atlanta, pp. 1029-1036. IEEE (December 2010)



PLITFE BFRIVISTIC )

Howe, J.: The rise of crowdsourcing. Wired 14(6) (June 2006), http: / /www.wired.
com/wired/archive/14.06/crowds.html

Rahman, S.: Integration of demand response with renewable energy for efficient power
system operation. In: IEEE PES ISGT Middle East Conf. and Exhibition (2011)

Challet, D., Marsili, M., Zhang, Y.-C.: Minority Games: Interacting Agents in Financial
Markets. Oxford University Press, Oxford (2005)

Gualdi, S., Medo, M., Zhang, Y.-C.: Crowd Avoidance and Diversity in Socio-Economic
Systems and Recommendation (January 2013), arXiv:1301.1887

Tarko, V.. Minority Games (2012), http://news.softpedia.com/news/
Minority-Games-38625.shtml

Iyer, K., Huhns, M.N.: Multiagent negotiation for fair and unbiased resource allocation. In;
Meersman, R., Tari, Z. (eds.) OTM 2005. LNCS, vol. 3760, pp. 453-465. Springer, Hei-
delberg (2005)

Iyer, K., Huhns, M.N.: A procedure for the allocation of two-dimensional resources in a
multiagent system. International Journal of Cooperative Information Systems 18(3-4),
381422 (2009)

FERC. National action plan on demand response. Docket AD09-10, Federal Energy Regu-
latory Commission, Washington, DC (June 2010), http: //www.ferc.gov/legal/
staff-reports/06-17-10-demand-response.pdf

ESP. Energy service providers (2012), http://www.csd.ca.gov/Programs/
Energy

Mathieu, J.L., Callaway, D.S., Kiliccote, S.: Variability in automated responses of com-
mercial buildings and industrial facilities to dynamic electricity prices. Energy and Build-
ings 43(12), 3322-3330 (2011)

Shao, S., Pipattanasomporn, M., Rahman, S.: Demand response as a load shaping tool in
an intelligent grid with electric vehicles. IEEE Transactions on Smart Grid 2(4), 624-631
(2011)

Shao, S., Pipattanasomporn, M., Rahman, S.: Grid integration of electric vehicles and de-
mand response with customer choice. IEEE Transactions on Smart Grid 3(1), 543-550
(2012)

Alabaster, I.: Japan group to build smart power grids that treat energy like network data
(December 2011), http: //www.computerworld.com/s/article/9222580
Baran, M.E., El-Markabi, LM.: A multiagent-based dispatching scheme for distributed ge-
nerators for voltage support on distribution feeders. IEEE Transactions on Power Sys-
tems 22(1), 52-59 (2007)

Hernéndez, L., Zorita, C.B., Aguiar, J., Carro, B., Sdnchez-Esguevillas, A., Lloret, J., Chi-
narro, D., Gémez-Sanz, J.J., Cook, D.: A multi-agent system architecture for smart grid
management and forecasting of energy demand in virtual power plants. IEEE Communica-
tions Magazine 51(1), 106-113 (2013)

Pipattanasomporn, M., Feroze, H., Rahman, S.: Multi-agent systems in a distributed smart
grid: Design and implementation. In: IEEE PES Power Systems Conference and Exposi-
tion (PSCE), pp. 1-8 (March 2009)

Pipattanasomporn, M., Kuzlu, M., Rahman, S.: Demand response implementation in a
home area network: A conceptual hardware architecture. In: Procedings of the 2nd IEEE
PES Conference on Innovative Smart Grid Technologies (ISGT), Anaheim, California, pp.
1-8. IEEE Power & Energy Society (January 2012)

Rosenschein, 1.S., Zlotkin, G.: Rules of Encounter. MIT Press, Cambridge (1994)

Brams, S.J., Taylor, A.D.: Fair Division: From Cake-Cutting to Dispute Resolution. Cam-
bridge University Press, Cambridge (1996)



Juan M. Corchado Javier Bajo
Jaroslaw Kozlak Pawel Pawlewski
Jose M. Molina Vicente Julian
Ricardo Azambuja Silveira

Rainer Unland Sylvain Giroux (Eds.)

Highlights on Practical
Applications of Agents
and Multi-Agent Systems
International Workshops of PAAMS 2013

Salamanca, Spain, May 22-24, 2013
Proceedings

@ Springer



Volume Editors

[uan M. Corchado
University of Salamanca, Spain
E-mail: corchado@usal.es

lavier Bajo
Universidad Politécnica de Madrid, Spain
E-mail: javier.bajo@upm.es

Jaroslaw Kozlak

AGH University of Science and Technology
Krakow, Poland

E-mail: kozlak@agh.edu.pl

Pawel Pawlewski
Poznan University of Technology, Poland
E-mail: pawel.pawlewski@put.poznan.pl

Jose M. Molina
Universidad Carlos Il de Madrid, Spain
E-mail: molina@ia.uc3m.es

Vicente Julian
Universidad Politécnica de Valencia, Spain
E-mail: vinglada@dsic.upv.es

Ricardo Azambuja Silveira
Universidade Federal de Santa Catarina
Florianépolis S.C., Brazil

E-mail: ricardo.silveira@ufsc.br

Rainer Unland
Universitét Duisburg-Essen, Germany
E-mail: rainer.unland @icb.uni-due.de

Sylvain Giroux
Université de Sherbrooke, QC, Canada
E-mail: sylvain.giroux @usherbrooke.ca

[SSN 1865-0929 e-ISSN 1865-0937

[SBN 978-3-642-38060-0 e-ISBN 978-3-642-38061-7
DOI 10.1007/978-3-642-38061-7

Springer Heidelberg Dordrecht London New York

Library of Congress Control Number: Applied for
CR Subject Classification (1998): 1.2.11,1.2, K.3,K.4,H.3,J.1,J.2,1.7,1.6, H4, G.3

© Springer-Verlag Berlin Heidelberg 2013

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be obtained from Springer. Violations are liable
to prosecution under the German Copyright Law.

The use of general descriptive names, registered names, trademarks, etc. in this publication does not imply,
even in the absence of a specific statement, that such names are exempt from the relevant protective laws
and regulations and therefore free for general use.

Typesetting: Camera-ready by author, data conversion by Scientific Publishing Services, Chennai, India
Printed on acid-{ree paper
Springer is part of Springer Science+Business Media (www.springer.com)



Organization

Workshops

Invited Talks

W1 — Workshop on Agent-Based Approaches for the Transportation Model
and Optimization.

W2 — Workshop on Agent-Based Solutions for Manufacturing and Supply Ch:
‘W3 — Workshop on User-Centric Technologies and Applications.

‘W4 — Workshop on Conflict Resolution in Decision Making.

‘W5 — Workshop on Multi-Agent System-Based Learning Environments.
‘W6 — Workshop on Multi-Agent-Based Applications for Sustainable Ene
Systems.

‘W7 — Workshop on Agents and Multi-Agent Systems for AAL and e-HEAI1

Invited Talks

Michael Huhns
Sascha Ossowski
Juan M. Corchado

Workshop on Agent-Based Approaches for the
Transportation Modeling and Optimization Committee

Organizing Committee

Jean-Michel Auberlet

(Co-chair) ilFSTTAR, France
Flavien Balbo (Co-chair) Université Paris-Dauphine, France
Jaroslaw Kozlak (Co-chair) AGH-UST, Poland

Program Committee

Jean-Michel Auberlet IFSTTAR, France
Flavien Balbo Université Paris-Dauphine, France
Didac Busquets Imperial College of London, UK
Paul Davidsson Malmo University, Sweden
Emmanuelle Grislin-Le

Strugeon University of Valenciennes, France

Otthein Herzog University of Bremen, Germany



s R

der Koukam UTBM, France

-oslaw Kozlak AGH-UST, Poland
g P. Miiller Clausthal University of Technology, Germany
dy Negenborn Delft University of Technology,
The Netherlands
scha Ossowski University Rey Juan Carlos, Spain
saldo Rossetti University of Porto-LIACC/FEUP, Portugal
zolas Saunier Polytechnique Montreal, Canada
rtlomiej Sniezynski AGH-UST, Poland
nusz Wojtusiak George Mason University, USA
1hdi Zargayouna IFSTTAR, France

'orkshop on Agent-Based Solutions for Manufacturing
1id Supply Chain Committee

-ganizing Committee

wel Pawlewski Poznan University of Technology, Poland
igniew J. Pasek IMSE/University of Windsor, Canada
‘ogram Committee

wl-Eric Dossou ICAM Vendee, France

zegorz Bocewicz Koszalin University of Technology, Poland
ibela E. Nielsen Aalborg University, Denmark

anna Kolodziej Cracow University of Technology, Poland
ter Nielsen Aalborg University, Denmark

7orkshop on User-Centric Technologies and Applications
ommittee

rganizing Committee
sé Manuel Molina

Lépez (Co-chair) University Carlos III of Madrid, Spain
136 Ramén Casar

Corredera (Co-chair) Polytechnic University of Madrid, Spain
anuel Felipe Cétedra

Pérez (Co-chair) University of Alcald, Spain

wier Ortega-Garcia

(Co-chair) Autonomous University of Madrid, Spain



Table of Contents

Invited Talks

Social Control of Power System Demand Based on Local Collaborative
Preferences. .. ... ..o
Michael N. Huhns

Agent-Based Applications for the Smart Grid: A Playground
for Agreement Technologies ......... ... ... ... ... i ...
Sascha Ossowski and Matteo Vasirani

Practical Applications of Virtual Organizations and Agent
1) Vo) o
Juan M. Corchado, Gabriel Villarrubia, Juan F. De Paz,
Sara Rodriguez, Carolina Zato, Fernando de la Prieta, and
Javier Bajo

Workshop on Agent-Based Approaches
for the Transportation Modeling and Optimization

Agent-Driven Variable Pricing in Flexible Rural Transport Services . . ..
C. David Emele, Nir Oren, Cheng Zeng, Steve Wright,
Nagendra Velaga, John Nelson, Timothy J. Norman, and
John Farrington

Solving Road-Network Congestion Problems by a Multi-objective
Optimization Algorithm with Brownian Agent Model .................
Bin Jiang, Xiao Xu, Chao Yang, Renfa Li, and Takao Terano

A Norm-Based Probabilistic Decision-Making Model for Autonomic
Traffic Networks .. ... i e e
Maksims Fiosins, Jorg P. Muller, and Michaela Huhn

Reactive Coordination Rules for Traffic Optimization in Road Sharing
Problems ...... ...
Mohamed Tlig, Olivier Buffet, and Olivier Simonin

Workshop on Agent-Based Solutions
for Manufacturing and Supply Chain

Multimodal Processes Cyclic Steady States Scheduling................
G. Bocewicz, P. Nielsen, Z. Banaszak, and Q.V. Dang



ing Multi-agent Systems for Developing an Enterprise Modeling
Ted To0L . ot e 86
Paul-Eric Dossou, Philip Mitchell, and Pawel Pawlewski

Multi-agent Control Architecture for Supply Chains Using

>redictive Pull-Flow Perspective ............. ... .. ... ... . ... 94
J. Lemos Nabais, Rudy R. Negenborn, R.B. Carmona Benitez,

Luis F. Mendonga, Jodo Lourengo, and M. Ayala Botto

uated MAS Approach for Freight Trains Assembly ................. 106
Pawel Pawlewski

nultaneous Scheduling of Machines and Mobile Robots ............. 118
Quang-Vinh Dang and [zabela Nielsen

‘'orkshop on User-Centric Technologies and
pplications

\aracterization of the Radio Propagation Channel in a Real

S AT (o AU 129
Maria Jesis Algar, Ivdn Gonzdlez, Lorena Lozano, and

Felipe Cldtedra

mamic Propagation Analysis in Urban Environments . . ............. 139
Maria Jesis Algar, Ivdin Gonzdlez, Lorena Lozano,
Maria Ferndndez, Gabriel Caballero, and Felipe Cdledra

ymbining Machine Learning Techniques and Natural Language

ocessing to Infer Emotions Using Spanish Twitter Corpus........... 149
Gonzalo Bldzquez Gil, Antonio Berlanga de Jesus, and

José M. Molina Lopéz

ymmparing Agent Interactions of Distributed and Centralized
ulti-Agent Systems for Context-Aware Domains.................... 158
Javier Carbo, Nayat Sanchez-Pi, David Griol, and Jose M. Molina

«commending POIs Based on the User’s Context and Intentions . .. ... 166
Hernani Costa, Barbara Furtado, Durval Pires, Luis Macedo, and
Amilcar Cardoso

notion-Based Recommender System for Overcoming the Problem
Information Overload . ...... .. .o 178
Hernani Costa and Luis Macedo

Review on Mobile Applications for Citizen Emergency

ANAGEIMNEIE . ..ottt e 190
David Gémez, Ana M. Bernardos, Javier 1. Portillo,

Paula Tarrio, and José R. Casar



