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Abstract

Smart operation of building energy systems within
neighbourhoods has a tremendous impact on inte-
grating renewable energy, avoiding congestions in the
distribution grid, and reducing residents’ energy bills.
State of the art approaches often focus either on op-
erational optimizations for single buildings or provide
solutions to remote control the whole neighbourhood.
Distributed coordination relying on game theoretic
principles however, allows for an interconnected, au-
tonomous and non-discriminatory operation. Within
this study we evolve a game theoretic approach and
simulatively apply it to a residential neighbourhood.
We compare the consequential building energy system
operation to both central and a fully decentral oper-
ation optimization. Our results show that the game
theoretic approach offers advantages only in terms of
grid supportiveness. With regard to costs and emis-
sions, the compared approaches are preferable.

Key Innovations

� Development of a game theory based approach
suitable to both load and feed-in situations.

� Demonstration of a game theory based approach
for a neighbourhood of 113 buildings.

� Comparative analysis of a game theory based ap-
proach with state of the art approaches.

Practical Implications

Although central operation achieves very good results
in terms of energy sharing, autonomy and privacy are
affected. Consider hierarchical distributed coordina-
tions to provide integrated optimization. Thus, au-
tonomy and privacy are respected while grid states
and further overall system constraints can be ob-
served.

Introduction

Within the ongoing transformation of the energy sys-
tem, we observe a number of key drivers that re-
quire a conversion to localized energy system oper-
ation solutions (Reynolds, 2019), for example to the
integrated operation of a whole neighbourhood. On

the one hand, there is an increase of distributed en-
ergy resources and a higher demand of electricity due
to electrification of mobility and heating sector. On
the other hand, there are limited distribution grid
capacities. These factors lead to a growing need for
flexibilization of energy demand, for instance through
intelligently operated building energy systems (BES).
Local energy systems must be managed by means of
a whole system approach, which is robust and allows
for interconnecting localized solutions (Zhou et al.,
2020). Moreover, it is necessary that this solution is
able to deal with competing requirements on limited
resources.

This study aims to evolve a solution, fitting all these
requirements, by using a game theory based ap-
proach. Current literature reviews on optimal district
operation treat game theory as a promising approach
in local energy trading (Zia et al., 2018; Reynolds,
2019). For example Reynolds (2019) stated that “the
autonomous, distributed, and heterogeneous nature
of the smart grid make game theory well suited to
smart grid problems”. However, many studies inves-
tigated either load or feed-in situations, unlike e.g.
Celik et al. (2017) and Li et al. (2015). As neigh-
bourhoods of the future will certainly have to meet
both requirements, we introduced an approach which
tackles both (Henn et al., 2021).
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Figure 1: Comparison of control structures - opti-
mization boundaries, information and control signals

Furthermore, numerous studies compared the game
theoretic operation to an operation without usage of
flexibilities, e.g. Witte and Kaltschmitt (2017), Pilz
et al. (2017) and Nguyen et al. (2015). A compari-
son with intelligent alternative approaches of opera-
tion was rarely made, e.g. in Yaagoubi and Mouftah
(2014).
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Distributed structures enable users to actively par-
ticipate in the system and therefore add greater im-
portance to social wants (Coelho et al., 2017). In
application, they can be implemented as multi-agent
systems. For example, Prasad and Dusparic (2019)
showed a multi-agent system for a zero energy com-
munity in which the buildings intelligently learn to
collaborate.

As we aim for a user-autonomous but interconnected
operation, the game theoretic approach we investi-
gate in this study is realized by a distributed control
structure. We compare it to a central optimization
approach as well as to a fully decentral optimization.
Figure 1 depicts the control structure to be examined
and highlights their optimization system boundaries
as well as the directions of information and control
signals. In the following descriptions, we summarize
the definitions made by Diekerhof (2018), Zhou et al.
(2020) and Molzahn et al. (2017).

Within a centralized control structure there is a sin-
gle coordinator that controls the actions of all BES.
Communication originates exclusively from this cen-
tral organizational unit and the buildings are passive
members within the system. Based on the informa-
tion that the central coordinator receives, he inde-
pendently decides on future strategies for the entire
system. Thus, although there is a bidirectional flow
of information, there is a unilateral power of com-
mand. The advantage of centralized coordination is
that it prescribes optimal operation for the system as
a whole. This operation might not necessarily be the
best operation for the individual users. Centralized
coordination can lead to unfair ratios in which indi-
vidual users are disadvantaged to maximize the com-
mon good. Furthermore, it might severely limit the
user’s autonomy and privacy. In addition, the compu-
tational cost of a centralized coordination structure
increases sharply as the number of consumers and
generators increases.

A fully decentralized control system is based on a
network of autonomous acting buildings, which have
complete control over their BES. As all users strive
for their individual maximum, this can lead to nega-
tive effects for the overall system. For example crit-
ical states of the distribution grid can not be taken
into account without a central unit observing them.
Thus, a disadvantage of decentralized approaches is
the inclusion of constraints that affect the operation
of the entire system.

Distributed coordination is characterized by one or
more coordinators who collect information from the
buildings regarding energy demand or consumption.
However, there is not a unilateral command author-
ity as the users control their BES themselves. Rather,
the coordinator influences their actions indirectly, e.g.
by sending price signals that BES management can
use to adjust their profile themselves. Thus, in con-

trast to the centralized approach, there is an advan-
tage in terms of actor privacy. Constraints affect-
ing the overall system can be incorporated into the
model. However, the coordinator is still a single point
of failure.

Methods

Building energy system

In this study, we examine the optimal operation of
BES within a neighbourhood. Figure 2 shows the
schematic structure of the building energy systems
considered. Each building has a connection to the
local distribution grid, through which electricity can
be both purchased and fed into the grid. The heat
and domestic hot water demands are covered by an
air-water heat pump and an electric heater. A photo-
voltaic (PV) system additionally supplies the build-
ing with electrical energy. In order to favour a flexible
supply of the building, a thermal storage system and
an electrical battery storage system are considered.

Figure 2: Superstructure of the observed BES

To represent the operation of the BES, we implement
a mixed-integer linear program (MILP). In doing so,
we follow the approaches for formulating the opti-
mization problem by Schütz (2018). Thus, charg-
ing, discharging and inverter efficiencies are assumed
to be constant. Storage losses are neglected. The
COP of the heat pump is modeled to be temperature-
dependent but not power-dependent. The heat pump
can modulate continuously between 30 % and 100 %
of its nominal power. As the flow temperatur of the
heat pump is 35 ◦C, a continuous heating rod is in
charge of the remaining temperature lift for domes-
tic hot water provision. The energy balances of the
MILP are modeled according to the interconnections
of the components shown in figure 2.

Central optimization

Within the centralized optimization approach we con-
sider the operation of all buildings of the neighbour-
hood simultaneously. The above mentioned BES
model applies to every building. Moreover, the en-
ergy exchange of the buildings via the distribution
grid is modelled via a node-edge model.

For all nodes n and every time step t conservation
of energy is valid. Thus, power demands Pdem and
power injections Pinj occurring on node n result in
power flows Pedge over the connected edges [m,n],
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both directions possible. The energy flow over all
existing edges [m,n] is constrained via the existing
grid capacities.

Pdem,n,t − Pinj,n,t = Pedge,m,n,t − Pedge,n,m,t (1)

|Pedge,m,n,t| ≤ Pedge,max,m,n (2)

The objective of the central MILP is to minimize the
costs CGCP occurring due to energy exchange through
the grid connection point (GCP) of the neigbourhood.

min CGCP = Wdem,GCP · pel,supply
+ Ppeak,GCP · pel,capa
−Winj,GCP · rel,feed

(3)

The costs are composed of three parts: The supply
costs as a product of purchased energy Wdem,GCP and
supply price pel,supply, the capacity costs as a prod-
uct of peak load Ppeak,GCP and capacity price pel,capa
and the remunerations for feeding in renewable en-
ergy, e.g. from PV systems into the upper layer grid.
Where the remunerations are the product of energy
fed in Winj,GCP and feed-in tariff rel,feed.

Decentral optimization

In the decentralized optimization approach, the costs
Ci of all buildings i are minimised separately.

min Ci = Wdem,i · pel,supply
+ Ppeak,i · pel,capa
−Winj,i · rel,feed

(4)

The costs Ccum that must be applied for the assess-
ment of the entire neighbourhood are calculated as
the sum of the individual costs.

Ccum =
∑
i

Ci (5)

Furthermore, the costs CGCP that are applied when
electricity is billed at the GCP can be recalculated in
postprocessing. However, these costs were not min-
imised and therefore have no direct significance for
the evaluation of the resulting operation and thus
only serve as a comparative value.

The states of the distribution grid cannot be taken
into account directly in a fully decentralized ap-
proach.

Game theory based approach

The solution algorithm of our newly developed game
theoretic approach (Henn et al., 2021) consists of
three phases: Preparation phase, application of the
best response method and checking the Nash equilib-
rium.

The schematic flow chart representing the algorithm
is shown in figure 3.

1) Preparation
First, within a specified time interval T , each building
i calculates the residual load for each time step t.

yi,t = Pres,i,t = Pdem,i,t − Pinj,i,t (6)

Nash equilibrium

reached ?

Update strategy vector Y with 𝒚𝒊 as the new

strategy of player i

Initialize strategy vector Y0   

for all players N

Yes

No

Player i solves his local optimization problem

𝑚𝑖𝑛𝑼𝒊 𝒚𝒊, 𝒚−𝒊 = 𝒄𝟏 ⋅ 𝒚𝒊
𝟐 + 𝒄𝟎 ⋅ 𝒚𝒊(𝛀 − 𝐲𝐢)

Start

Calculate utility vector U0   

for all players N with 𝛀𝟎

𝑖 = 0

Calculate 𝛀𝒊

𝑖 + 1

End

Figure 3: Solution algorithm of the game theoretic
optimization approach, following Henn et al. (2021)

The residual loads of the individual buildings are now
used to form the matrix Y 0, which can be interpreted
as the initial value of the strategy matrix Y . The
strategies yi of the individual players i are summa-
rized in the matrix Y .

Y =


y1
y2
...
yn


T

=


Pres,1,1 · · · Pres,n,1

Pres,1,2 · · · Pres,n,2

...
. . .

...
Pres,1,t · · · Pres,n,t

 (7)

From these data, we can determine factor Ωi = f(y−i)
as a function of the strategies of the other players y−i.

Ωi =
∑
j

wji · yj with
∑
j

= N \ i (8)

Ωi represents the weighted share of the strategies of
the other players. As Ωi is exclusively dependent on
the actions of all i

th
player’s fellow players j, the sum

of the fellow players j is equal to the whole set of
players N without player i. With wji the strategies
of the respective players can be weighted differently.
For example, within a neighbourhood the strategy yj
of a direct neighbour j can have a stronger influence
on the actions of player i than the strategy of a distant
building. In our approach, for each turn of the game ϑ
the vectors Ωi are determined by the coordinator and
distributed to the players i. As the strategies of the
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fellow players are summarized and weighted, privacy
of single fellow players strategies is assured. Another
approach could be to provide full information of the
each fellow players strategy by distributing matrix Y .
(Henn et al., 2021)

2) Best response algorithm
The best response algorithm is an approach to calcu-
late the Nash equilibrium in non-cooperative games
(Fudenberg and Levine, 1999; Gibbons, 1992). Nash
equilibrium describes the state of a game in which
none of the players is able to improve its position
by acting unilaterally (Saad et al., 2012; Holler and
Illing, 1991).

Thus, each player i adapts his strategy yi within
turn ϑ in a way that it represents the optimal action
(best response) for him in consideration of the cur-
rent strategies of his fellow players. Iteratively, each
player adjusts his strategy until he can no longer im-
prove his strategy. The strategy is determined via
solving an optimization problem. Again, the above
described constraints for BES apply. The objective
function is as follows:

min

T∑
t=0

uϑi (t) (9)

uϑi,1,t = c1,1(Pϑ
dem,t)

2 + c0,1P
ϑ
dem,t(Ω

ϑ−1
i,t − P

ϑ
dem,t),

if Pϑ−1
res,i,t ≥ 0 and Ωϑ−1

i,t ≥ 0

uϑi,2,t = c1,2(Pϑ
dem,t)

2 − c0,2Pϑ
dem,t(Ω

ϑ−1
i,t + Pϑ

dem,t),

if Pϑ−1
res,i ≥ 0 and Ωϑ−1

i,t < 0

uϑi,3,t = c1,3(Pϑ
inj,t)

2 + c0,3P
ϑ
inj,t(Ω

ϑ−1
i,t − P

ϑ
inj,t),

if Pϑ−1
res,i,t < 0 and Ωϑ−1

i,t ≥ 0

uϑi,4,t = c1,4(Pϑ
inj,t)

2 − c0,4Pϑ
inj,t(Ω

ϑ−1
i,t + Pϑ

inj,t),

if Pϑ−1
res,i,t < 0 and Ωϑ−1

i,t < 0

(10)
Using this utility function ui = f(yi, y−i), notional
costs are determined which describe the player’s grid
supportiveness. The utility function ui,1 is used if
player i has a power demand at time t and the total
residual load is positive and thus the other players
also have a power demand. Hence, a player is mo-
tivated to adjust his demand to be smaller than the
total weighted residual load in order to minimize util-
ity. A player uses utility functions ui,2 or ui,3 as soon
as he acts contrary to the other players. The param-
eters c1 and c0 are set in a way that the player has
an advantage from behaving contrary to the other
players. These two utility functions thus implicitly
promote the exchange of electricity among the indi-
vidual players. Utility function ui,4 is applied when
player i has a surplus of electricity and the total resid-
ual load takes a negative value. If player i now feeds
more than the weighted total residual load into the
grid, the value of the utility function increases. This
is to be avoided by minimizing the utility function.

Due to the quadratic terms of the utility functions ui,
the optimization model is defined as a mixed-integer
quadratically-constrained program (MIQCP).

As revealed in our former study (Henn et al., 2021)
utility function ui,4 leads to unsustainable operation
of the BES. This is because injecting less than fel-
low players is awarded and thus energy is used inef-
ficiently. For this reason, we introduce an additional
constraint for BES operation. This constraint ensures
that the sum of injected energy over the observed time
interval is not less than feed-in Pinj,ref,i,t at reference
operation times a parameter β.

T∑
t=0

Pinj,i,t ≥ β ·
T∑

t=0

Pinj,ref,i,t (11)

As reference operation we choose the initial strategy,
meaning a BES operation without usage of flexibili-
ties. For parameter β we here assume 91.6 %, which
corresponds to the cyclic efficiency of the battery.
(Henn et al., 2021)

3) Nash equilibrium
As we want to minimize the utility function, which
reflects the operating costs in this study, the existence
of a unique Nash equilibrium (Nash, 1950) holds:

1. The strategy space Yi is compact and concave for
all players i ∈ N .

2. For all i ∈ I, ui(y) is continuous y ∈ Y and
strictly convex in yi.

In our study, the strategy space is compact since the
set of possible strategies is closed and bounded for
each player. This means that each player chooses a
value yi ∈ Y = [0, Pres,max ] within the continuous
strategy space. In addition, this set is concave, or
more precisely linearly concave, as on the interval Y
any value with yi = x and x ∈ [0, Pres,max ] can be
used. In order for this function to have strictly convex
properties, the following must hold for the parameters
c1 and c0: c1 ≥ c0. This ensures that there is exactly
one best response for each player to the other players’
chosen strategies. (Henn et al., 2021)

Thus, the utility of a player’s strategy y∗i chosen in
the Nash equilibrium is always at least as good as
the utility with another strategy yi ∈ Yi. The fol-
lowing relationship emerges for this game theoretic
approach:

ui(y
∗
i , y

∗
−i) ≥ ui(yi, y∗−i) (12)

In our study, we additionally implement a termina-
tion criterion to reduce the computation time. Simi-
lar to Pilz and Al-Fagih (2020), an error tolerance ε
is chosen to measure the difference in each player’s
strategies between two consecutive rounds of play
(equation 13). Parameter ϑ indicates the index of
the game round. If all players change their strategies
y only slightly compared to the previous game round
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and the selected error tolerance of ε = 0.1 % is not
reached, the algorithm terminates. We consider this
state to be the Nash equilibrium.

ε =

∣∣∣∣∣yϑ−1
i − yϑi
yϑ−1
i

∣∣∣∣∣ (13)

The states of the distribution grid cannot be taken
into account directly in this distributed approach.
For this reason, we identify possible grid congestions
in postprocessing. In the event that congestions oc-
cur in a feeder or the GCP, the optimization for the
adjacent buildings is carried out anew. Thereby, the
factor α within the following constraint of the BES
MIQCP is iterated until the grid limitations are met.

PPV,t ≤ α · PPV,gen,t (14)

This procedure results in a curtailment of the gener-
ated PV power PPV,gen.

Use Case

Using the three presented methods, we conduct oper-
ational optimizations for a residential neighbourhood,
which is part of the city of Bedburg in Germany and
is subject of the living lab project SmartQuart.

The neighbourhood consists of 55 smaller single-
family houses (SFH), 50 larger SFH and 8 multi-
family houses (MFH). The individual buildings of one
type differ in terms of their size and number of inhab-
itants. Thus, their demands differ as well.

For each building, we generate the annual electrical
load profiles using the richardsonpy, a tool based on
the findings of Richardson et al. (2010). The domes-
tic hot water demand is determined via the pyCity
tool (Schiefelbein et al., 2019). The heat demand of
the individual buildings is calculated by means of the
tool TEASER (Remmen et al., 2018). Each house is
equipped with the building energy system presented
in figure 2. However, in the here presented use case,
only 50 % of the buildings have a photovoltaic sys-
tem installed. This setup is chosen in order to favor
energy exchange between power-generating and non-
power-generating buildings and in order to take into
account a heterogeneity of the players. In order to
size the heat generators and TES, we apply DIN EN
15450 (2007). The number of modules for the pro-
suming buildings was chosen based on the size of the
useable roof area. An inclination of the PV modules
of 30° and south orientation is assumed. The battery
sizes are 8.4 kWh resp. 9.6 kWh for smaller SFH resp.
larger SFH and 12.0 kWh for MFH.

Figure 4 shows the structure of the distribution grid
within the neighbourhood. There is a main line from
which six individual network feeders branch off. The
maximum powers of the main line and the feeders
are assumed in accordance with the typical powers
of such a grid structure, according to Kerber (2011).
Within the game theoretic approach applied in this

building GCP

125 kW feeder

800 kW feederbuilding with PV 

building w/o PV 

neighborhood

GCP

Figure 4: Topology of the distribution grid observed

study, we assume the buildings belonging to a feeder
to participate in a seperate game. Thus, 6 games
with 8 to 25 players are played. The total number of
players results in N = 113.

In order to reduce the computational effort for our
study, we conduct a time series-aggregation. By
means of the k-medoids clustering method we de-
rive four representative weeks, containing profiles of
hourly resolution. Schütz et al. (2018) proved this
method to provide reliable results of superior quality
for the optimization of BES. With the knowledge of
the number of weeks per cluster, we are subsequently
able to extrapolate our results to annual values.

Results

We conduct an operation optimization for the game
theoretic, the central and decentral approach by solv-
ing the above described MIQCP and MILP with re-
gard to minimize operating costs. Within a scenario
analysis we vary the pricing schemes. Table 1 shows
our assumptions for the base scenario as well as for
price scenario (PS) 1 and 2.

Table 1: Price scenarios

Base PS1 PS2

Supply price [ct/kWh] 30.0 27.5 25.0

Capacity price [e/kW] 0.0 1.25 2.5

Feed-in tariff [ct/kWh] 8.0 8.0 8.0

Figure 5 shows the optimization results for a repre-
sentative week. It depicts the power flow at GCP for
all three operation schemes. The black line refers to
central operation, the grey line to decentral opera-
tion and the red line to game theory based operation.
Higher peak values, higher fluctuation and directional
changes in energy consumption behavior are observed
for centralized and decentralized operation. In con-
trast, game theoretic operation shows a smooth pro-
file with comparatively low values at peak.

In the base scenario only a supply price and feed-in
tariff apply, but no capacity prices. For the central-
ized and decentralized approach, this means that only
the amount of energy purchased is optimized. Thus,
operation of energy consuming plants of the BES is
shifted towards times of high efficiency. Electricity
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Figure 5: Power flow at grid connection point for a
representative week - base scenario

from PV is stored temporarily in order to use it at a
later point in time and thus save expensive electric-
ity costs instead of receiving a cheap feed-in tariff.
In the decentral case every building with PV system
firstly charges its own battery to maximum and then
feeds-in the later produced PV power. Thus, a high
simultaneity of feed-in can be observed.

In the central approach however, PV power is shared
with other buildings in a way feed-in through the dis-
trict GCP is reduced to a minimum. In doing so,
flexibilities (battery, thermal storage) are exploited
and storage losses are accepted, but only to a cost
efficient amount.

As within the game theoretic approach lower con-
sumptions or feed-ins in comparison to the neigh-
bours are awarded, peaks are implicitely shaved. For
this purpose, all possible flexibilities are exploited and
storage losses are accepted. Even the heat pumps are
operated inefficiently, e.g. in time steps with lower
ambient temperature.

Table 2: Annual performance evaluation

KPI Central Decentral GT

Energy [MWh] 522 517 566

Costs GCP [ke] 170 192 197

Costs cum [ke] 255 225 233

Self-con.[-] 94% 80% 86%

Autarky [-] 56% 53% 53%

Autonomy [h] 2646 0 0

Full load + [h] 1527 1890 3308

Full load - [h] 219 556 810

The behaviour described is reflected in the KPIs given
in table 2. All values are calculated for an observation
period of one year. Within the decentral approach
the energy consumption is the lowest. As expected,
the costs for energy supply at the GCP, meaning the
overall balance for the neighbourhood, are minimal
for the central approach. The cumulated costs are
minimal for the decentral approach. Game theory
(GT) performs poorly and leads to the highest costs
in both cases due to unsustainable operation.

It is worth noting that the costs in the overall bal-
ance are always lower than in the cumulative indi-

vidual balance. Thus, considering neighbourhoods as
a whole system holds potential monetary savings for
residents depending on the billing scheme as well as
future business models of energy suppliers and dis-
trict operators.

Examining further KPIs, the central coordina-
tion approach exhibits the highest values for self-
consumption ratio, autarky and hours of autonomy
from the higher-level grid. Here, autarky is defined
to be the ratio of self-used electricity from PV and
total electricity demand. Autonomy is defined as the
number of hours without any power exchange with
the superordinate grid. Although, the GT appoach
shows a high self-consumption rate, this cannot be
assessed positive as self-consumption is high only due
to inefficient operation. With regard to grid strain,
the smooth GT profile appears to be protective for
the operating resources, e.g. the transformer, as steep
load gradients are avoided. This is evident in a high
number of full-load hours for the GT approach. Full
load hours are a measure of the uniformity of use or
utilization of an energy plant. The term is also ap-
plied to the utilization of a GCP.

Figure 6 shows the optimization results for the same
representative week assuming price scenario 2.
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Central Decentral Game theory

Figure 6: Power flow at grid connection point for a
representative week - price scenario 2

As now capacity prices for energy purchases are taken
into account, the positive peaks are flattened for the
central and decentral approaches. Moreover, the pro-
files show lower frequencies and thus less fluctuation
of demanded energy amounts.

In figure 7 we compare the annual costs and peaks
at GCP for the central and game theoretic coordina-
tion approach. The costs per year are plotted on the
left y-axis and are represented by bars. The annual
peak values are plotted on the right y-axis and are
symbolized by triangles.

While in price scenario 1 the central approach is
3.5 % cheaper than in the base scenario, through
the GT approach 4.1 % of annual cost are reduced.
With even higher capacity prices the cost reductions
compared to the base scenario are 8.2 % respectively
7.6 % for the central respectively GT operation. The
peak value of the central energy demand decreases by
about 48.3 % while the GT peak stays uneffected.
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Figure 7: Costs (district balance) and peak power at
grid connection point for different price scenarios

Similar effects can be observed for a comparison of the
decentral and GT approach following the cumulated
cost calculation, as demonstrated by figure 8. As
costs for decentral operation reduce by up to 6.7 % be-
tween the scenarios, costs for GT operation decrease
by up to 4.3 %. The peak value for decentral energy
demand, measured at the GCP, is reduced by about
34 %.
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Figure 8: Costs (building balance, cumulated) and
peak power at grid connection point for different price
scenarios

In summary, the results of the scenario analysis show
that centrally and decentrally coordinated operation
of BES can be cost efficient adjusted by a change in
the economic boundary conditions. Both operation
approaches are advantageous compared to the game
theory based approach, even in the case of expensive
peak loads.

With regard to computational effort, we find that the
GT approach is the most time and resource intensive
method. In the selected setup the adjacent buildings
of a feeder play with each other. Depending on the
feeder, 4 to 13 rounds have to be played until the Nash
equilibrium is reached. Thus, costs of communication
of the GT approach are about 8 times higher than
those of the decentral approach and about 10 times
higher than those of the central approach.

Conclusion

Within this study we evolved a game theoretic ap-
proach and simulatively applied it to a residen-
tial neighbourhood. We compared the consequen-
tial building energy system operation to both central
and a fully decentral operation optimization. Our
results showed that the game theoretic approach of-

fers advantages only in terms of grid supportiveness,
as high full-load hours are realized. With regard to
costs, energy consumption, emissions and computing
effort the compared approaches were preferable. Cen-
tral coordination schemes were best in terms of self-
consumption ratio, autarky ratio and hours of auton-
omy from the grid.

Even in the neighborhood surveyed, with homoge-
neous building types and homogeneous BES, there
was a high potential for energy trading or sharing
among the residents. This led to significantly lower
costs for a cost balance regarding the whole neigh-
bourhood instead of a balance by building. Thus,
considering neighbourhoods as a whole system holds
potential monetary savings for residents depending
on the billing scheme as well as possibilities for fu-
ture business models of energy suppliers and district
operators.

Nevertheless, user privacy and autonomy should be
compromised as minimally as possible when design-
ing a neighborhood control system. Although game
theory is not the tool of choice according to our study,
we believe that distributed approaches generally offer
a favorable tradeoff between control performance and
autonomy.

In our future research, we will therefore address fur-
ther distributed approaches. For instance, we intend
to investigate energy trading with the help of local
markets. In particular, the influence of flexibilities
on trading potential is still a research gap. With re-
gard to the game theory approach, the fairness of
the approach has yet to be quantified and investi-
gated. Generally, properly designed game theoretic
approaches are considered to be fair compared to cen-
tralized approaches. For this purpose, the distribu-
tion of the utility of the individual players should be
compared.
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