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1 Introduction
Solar generation is one of the key technologies in decarbonizing and decentralizing the energy
system. While solar PV on single-family houses is a well-established and integrated solution, there
have been relatively few such installations on multi-unit apartment buildings so far. Also, with the
rapid urbanization, cities - mostly with a high share of apartment buildings - are becoming the
largest energy consumers globally. Hence, to address the energy-climate challenge innovative
solutions have to be developed to make better use of distributed energy resources (DERs) in urban
locations.
By comparing apartment buildings with single-family houses, multiple differences can be
identified: Firstly, a higher number of consumers (owners/tenants) are involved; secondly,
consumers have to agree on an energy allocation method, because they share a common energy
resource (e.g., solar PV, possibly combined with energy storage). Thirdly, individual consumer
objectives have to be taken into account with the possibility of conflicting objectives between
different parties. Finally, interactions with the surrounding system (local power grid, utility,
electricity market) must be considered.
Publications in the literature address solar generation in multiple ways. Up to now, the studies focus
on topics like grid parity4, the power system’s perspective5 or grid integration concepts6. In the
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recent years, advanced concepts and allocation schemes have been developed for microgrids789,
often times using game theoretical approaches101112.
Consequentially, we will further improve these applications and develop a framework for
apartment houses. While many studies are dealing with multiple households and DERs, our study
will focus on one solar generation plant in combination with a battery as a shared energy resource
one apartment building. The novelty of this work is that we consider the consumers’ preferences
by allowing them to adjust the weights for multiple objectives in choosing between different energy
resources. Additionally, we will develop a bi-level optimization model for clearing and pricing
local generation and consumption. We will apply the model to a typical apartment building, under
different technical and economic assumptions. The building has a shared solar PV plant, and we
also consider battery as a shared energy storage resource. We define a set of individual consumer
preferences and search for the optimal allocation of local and grid energy resources.
The paper is organized in following way. In Section 2, we will introduce a framework for sharing
DERs in an apartment house. Section 3 includes the data assumptions for an illustrative example,
while Section 4 shows the concurrent results. Section 5 discusses and concludes the paper.

2 Methodology
The proposed methodology addresses one single apartment house with 𝑖 ∈ 𝒩 consumers and 𝑡 ∈
𝒯 periods13. Figure 1 shows the setup proposed in this paper. As we include two types of players,
(i) the owner and (ii) the participating consumers, two individual objectives have to be considered.
While consumers are characterized by demand qtL,i (which has to be supplied by either local
generation or the grid) and an individual utility function uiC . The PV plant and an additional battery
are possessed by an owner who is interested in maximizing the operational revenues 14 . Any
investment decisions are not within the scope of this paper and may be the object of future
investigations.
In the following section, we will first describe the consumers' utility functions, secondly define the
owner’s revenue function and thirdly formulate a bi-level optimization model as shown in Figure
1.
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Figure 1: Graphical representation of the model's setup. While the owner is modeled as the upper level of the optimization model,
consumers’ are pictured by the lower level.

2.1 Consumer utility model
As stated in the literature15, consumers are not only interested in minimizing the costs of electricity
consumption, rather multiple objectives have to be considered. In the context of this paper, we
model the consumer's utility as the sum of cost reduction16, emission reduction17 and degree of onsite-generation (OSG)18. Mathematically each consumer’s utility could be expressed as

uiC  costsiC  wiE emissionsiC  wiOSG osgiC

(1)

E
C
C
whereas the signs of costsi and wi emissionsi are negative because the consumer is interested in
OSG
C
minimizing/reducing this values. The value for wi osgi is positive, as consumers do have

interests in maximizing/increasing this value. We introduced the parameters wiE and wiOSG to
express the consumers’ preferences into monetary units, such as $. Therefore, the corresponding
units are  wiE   $/kg CO2 and  wiOSG   $/kWh OSG . These two parameters allow each consumer to
express his preferences easily. E.g., the authors are thinking of the possibility of a Smartphone app
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(see Figure 2) allowing the consumer to adjust his willingness to pay conveniently. By
implementing this kind of data exchange, the preferences may be forwarded to the owner (or an
entity managing local generation).

Figure 2: Simple representation of a Smartphone app allowing the consumer to express their preferences.

The values of the consumer's utility function are a result of the grid and local consumption as well
as the corresponding prices. They are defined as
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and battery consumption with a corresponding price level of ptO,i .

2.2 Owner revenues
For the sake of simplicity, local generation is operated by an owner, not a third party. The owner
is interested in maximizing the revenues, defined as
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We will investigate discriminatory auctions, resulting in individual consumer prices, only.
Different auction schemes may be the object of future investigations. Additionally, electricity could
MCP
be sold to the grid at a market price of pt 19.
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2.3 Bi-level optimization model
Subsequently, we developed an optimization model for local energy sharing. It is a bi-level
optimization model (in the literature 20 , 21 also called Mathematical Program constrained by
Equilibrium Problem (MPEC)). This type of model is understandable, as the model's lower level is
a clearing process, including all consumers. The consumers are interested in satisfying their
demand, in respect of maximizing their utility. As mentioned above, local generation is managed
by an owner and pictured by the model's upper level. As he is in charge of operating the solar
generation as well as the battery, a higher number or restrictions are necessary.
The MPEC is formulated as

(4)
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Figure 3: Local merit order, defined by the consumers' willingness to pay, while the wholesale market represents the backstop
option in the case of a surplus generation. Two situations as shown: While case (a) with i qtL,i  qtPV
 qtB1 out shows case (b)
1

q
i

L
t ,i

 qtPV
 qtB2out .
2

A more detailed description of the model described in (4) can be found in Fleischhacker (2017)22,
and a comprehensive nomenclature in Appendix A. The model in this form is strongly nonlinear.
Therefore, we use linearizing approaches for a successful implementation. Additional information
regarding the linearization can also be found in Fleischhacker (2017).
The analytical solution of model (4), under the assumption of discriminatory auctions, indicates
that the consumers are charged by their willingness to pay, defined as

ptO,i*  ptG,i  wiE etG  wiOSG

(5)

Once the owner gets the consumers’ preferences, he charges the consumer with their willingness
to pay23. The equation (5) shows that the consumer preferences are added as markups to the utility
E
OSG
rate ptG,i . Consequently, the preferences may be negative too24, as wi , wi  .
Figure 3 shows the merit order, which will be used by the owner for clearing purposes. Market
MCP
price pt
defines the backstop price, whereas it is usually lower than the consumer's willingness
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to pay25. Emission reduction and on-site generation markups are added to the utility rate ptG,i 26. As
the owner applies discriminatory prices, the consumers are ranked according to their willingness
to pay ptO,i* . Furthermore, two cases are shown: (a) local generation is lower than consumption and
(b) local generation is higher than consumption. In case (a) no feed-in is necessary as long as
ptO,i*  ptMCP , while for case (b) feed-in, charging the battery or curtailment is necessary.

3 Illustrative example
For illustration, we will apply the framework to an exemplary day. As load data, we used six
consumer load profiles from Massachusetts, measured by NREL27. As generation unit, we assume
a single PV plant with a nominal power of 16.6 kWp. This plant size is equivalent to a roof area of
100 m²28. Additionally, we consider a battery consisting of two Tesla Powerwalls29. For the utility
rate, we assume two scenarios30,31:



Flat tariff: 0.12 $/kWh (energy component) plus 0.056 $/kWh as adjustments for
transmission and distribution.
Real-time pricing (RTP): Day-Ahead-Price with a markup of 0.013 $/kWh (energy
component) plus 0.056 $/kWh as adjustments for transmission and distribution.

As wholesale prices affect the local dispatch, we used three representative days, in the following
labeled as low, base and high32. Other essential inputs of the model are the emissions of grid
procurement. We are using the marginal emissions rather than the system’s average emissions. In
that way, the value of additional consumption or generation is more accurate. As the ISOs or TSOs
do not publish marginal emissions, we assume a merit-order based approach to calculate the
marginal emissions. Therefore, we assumed following technologies: (i) RES and nuclear with
0 kgCO2/MWh, Lignite with 1100 kgCO2/MWh, Coal with 880 kgCO2/MWh, Gas with
400 kgCO2/MWh and Peak generation with 650 kgCO2/MWh.
As shown in Figure 4, the relationship between Day-Ahead prices and emissions is used to calculate
the marginal emissions as the emissions of the “price-setting” power plant of the three
representative days. As the relationship between Day-Ahead prices and emissions is nonlinear, low
prices do not automatically lead to low marginal emissions. Marginal emissions are highest at
periods of Lignite generation.
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OSG
E
In the previous section, we introduced the weights for emissions wi and OSG wi
.
Consequentially, we will assume following two scenarios for consumer preferences:



E
OSG
Green consumers: wi  [0.025,0.05,0.075,0.1,0.125,0.15] $/kgCO 2 and wi  0, i .



OSG
E
OSG consumers: wi  [0.025,0.05,0.075,0.1,0.125,0.15] $/kWh and wi  0, i .

Figure 4: Marginal emissions of three representative days resulting from a static merit order.

The model was implemented in the Python framework Pyomo33 and solved by Gurobi 7.0.234.

4 Results and discussion
In the following section, we apply the model, introduced in Section 2, on the data of Section 3.
Firstly, we will show the resulting energy allocation of one day. Secondly, we analyze the effects
of the consumers’ utility and the owner’s revenues. Additionally, thirdly, we will have a look at
the corresponding prices. Fourthly, we will briefly investigate possible effects on the system.
As the input data does not originate from a single source only, consistency may not be fully given.
Nevertheless, the objective of this paper is rather to give a first insight of the model’s functionality
and performance. Therefore, the results of this section shall mainly identify coherencies between
model inputs, parameters, and outputs.

4.1 Energy allocation of one illustrative day
Figure 5 shows the results for one illustrative day, by investigating the green consumers’ scenario.
While consumer 6 values emission reduction most, weights for emission reduction are decreased
up to consumer 1. Consequentially, energy is first delivered to consumer 6, followed by consumer
5 etc. The dispatch is based on the merit-order shown in Figure 3.
Whereas the allocation of solar generation is rather easy (e.g., by applying the idea of Figure 3),
the inclusion of flexibility (e.g., by a battery) makes the analysis more difficult. As the battery is
used as a flexible resource, the use of an optimization model (4) is necessary to calculate the
optimum.
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Both values, of local generation and battery discharge are equal in a certain period.

Figure 5: Energy allocation for green consumers. Scenario: high price and flat tariff.

4.2 Effect on the consumers' utility and the owner’s revenues
In the presented framework the owner is able to identify the consumer’s willingness to pay and
consequentially add this value to the applied price. The effect of this allocation is shown in Figure
6.
As status quo (without shading) shows the results of the illustrative day without local generation,
the owner does not have any revenues. On the other side, the consumers do have a negative utility,
because energy consumption results in costs (which the consumer tries to minimize) and emissions
(which the consumer tends to minimize too). As introduced in Section 3, consumer 1 values
emission reduction lowest, whereas consumer 6 values emission reduction highest. Therefore,
consumer 6 is affected from local emission mostly.

In the case of local generation (shaded plots in Figure 6), the consumers still have the same
(negative) utility, but the weight changed. The owner set the prices for consumers by applying. On
the one hand, local generation is reduced, but on the other hand, electricity procurement costs are
increased. In total, the consumer utility with PV and battery is equal to status quo.
From the owner’s perspective, revenues are maximized by applying the proposed framework (4).
Figure 6 shows the revenues on the left-hand side.

Figure 6: Owner revenues (left) and utility of consumer 1-6 (right). With and without DER (consisting of PV and battery). Scenario:
green consumer, high price, flat tariff

4.3 Prices for locally generated electricity for discriminatory and
uniform auctions
The following results address the questions about how the local discriminatory prices for the
consumers look. The following Figure 7 and Figure 8 show the prices applied to the consumers.
G G
As indicated in Equation (5), markups for emission reduction is dependent on time as et wi , while
OSG

markups for OSG wi
are constant for all time periods. As there are periods without emissions
(such as in the noon of the low scenarios), the equilibrium in these periods is not unique. On the
other hand, any weights for OSG have a permanent effect.

𝑂∗
Figure 7: Local prices 𝑝𝑡,𝑖
for green consumers and all scenarios.
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Figure 8: Local prices 𝑝𝑡,𝑖
for OSG consumers and all scenarios.

4.4 Effects on the system
Lastly, we will have a look at the effects of the system. Therefore, we introduce some keyperformance indicators (KPI)
G

-

Peak load: the peak load of grid consumption, as p  max

 p  .
i

G
t ,i

-

G

Peak-to-Average Ratio: the ratio of peak load to average grid consumption p t
pt  i t ptG,i T , defined as PAR  pi

G

G
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G

pi with T as a number of time periods.

of grid consumption to PV generation  G , PV and grid

-

Correlation coefficients

-

consumption and wholesale market price  G , MCP .
Emissions caused by grid consumption.

As shown in the KPIs description, we do not investigate single consumer, rather the sum of all
consumers is used for the calculation. Figure 9 shows the results. The peak load gets mainly
reduced, except for low electricity prices and RTP. The reason is that the battery is charged via the
grid during zero-emission periods36, which can cause an increase even in peak load periods 37.
G

Consequentially, the PAR during this hours gets increased too. While the average consumption p t
gets reduced by local generation, PAR gets reduced, even if the peak load remains on the same
level.
If the battery is not charged via the grid, neither the peak load nor PAR will be increased. As stated
in the literature, ERCOT is a summer peaking system38. Therefore, solar generation contributes in
reducing the system’s peak, even though no flexibility is used.
For the correlation coefficients, we observe a substantial decrease (thereby anti-correlation), above
40 % for grid consumption and PV generation. Regarding the correlation coefficients of grid
consumption and the wholesale market price, we see a reduction in the scenarios base and high and
an increase for the scenario low. It is a result of reduced grid consumption during periods of high
market prices. Obviously, the effect is more distinct at RTP than for flat pricing.
Emissions as shown in Figure 10, indicate that the emissions get reduced, whether the pricing is
flat or RTP. As local renewable generation is a zero-emission technology39, emissions are reduced.
For the low scenario, no further emission reduction could be achieved, because the system’s
marginal emissions are zero during noon. Highest emissions reduction could be achieved for the
base scenario, as coal-based generation could be substituted.
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Figure 9: Effects on the system for green (left) and OSG consumers (right).

Figure 10: Emissions for green (left) and OSG consumers (right).

5 Conclusions
In this work, we have developed a mathematical framework for sharing distributed energy
resources. We described each consumer’s preferences by its values for emission reduction and onsite generation. The results show that an equilibrium based on the consumers’ preferences could
be calculated.
Consequentially, we applied the proposed model to an illustrative example. The results indicate
that the framework is highly beneficial to the owner’s revenues. Consumers’ preferences for local
generation and emissions reductions lead to local prices exceeding the utility rate. Hence, higher
revenues can be achieved for the PV/battery owner. Increased revenues of DER may stimulate
investments in PV solar generation and batteries, without the need for additional subsidy
mechanisms.
From the consumers’ perspective, our results show that a consumer’s aggregate utility tends to stay
constant by the application of the proposed energy allocation algorithm, whereas the composition
of the utility function changes. By allowing the consumers to express their preferences for different
criteria, an improved allocation of energy is achieved. In the case that consumers are not willing to
pay more than the utility rate, the framework gives the same price to local and grid resources. This
can be considered a lower benchmark, with no additional revenue for the solar PV and storage

system. The proposed algorithm captures the local competition among the consumers for green and
locally generated electricity. However, the question of potential strategic behavior (e.g., by hiding
the true willingness-to-pay) is not considered in the current algorithm and is an interesting direction
for future research.
As the effects on the system are also studied in this work, we conclude that total emissions are
reduced (mostly because of solar generation). The building may become less predictable with the
possibility of increases (or decreases) in peak load and Peak-to-Average ratio.
Finally, to address the question we pose in the title of this paper, the most as accurate answer would
be “The highest-payer takes most of it!”.

Appendix: Nomenclature
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