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Motivation and Approach As the use of renewable energy increases, there is a
shift from a traditional centralised energy generation to a more decentralised en-
ergy system where energy prosumers (i.e. consumers with their own generation)
satisfy most of their demand locally. This leads to a rise in energy communities,
where a group of prosumers share the output of a joint energy asset (e.g. com-
munity wind turbine, PVs and/or battery storage) and also the residual cost
of energy imported from the utility company. Hence, an important challenge is
how to fairly redistribute the outputs and energy costs among participants in
the scheme. Currently, many studies focus on the use of Shapley value, widely
considered the “gold standard” for fairness in distribution in a coalitional model.
However, the large computational complexity of computing the Shapley value
exactly in a setting with many prosumers means its application is often restricted
to small community settings with up to ∼20 prosumers. Yet, energy communities
in real applications and trials can contain 200 participants or more. A number
of approximation methods have been previously proposed for energy communi-
ties, but there has been no systematic study, to our knowledge, of how well they
approximate the Shapley value for larger community sizes.

In our work [2] (and the more extended, follow-up work [1]), we present
three main contributions. First, we provide an efficient, deterministic Shapley
value approximation method for fair cost redistribution of energy communities,
which uses the concept of stratification. For every agent, we create a fictitious
demand profile by taking the average demand of the rest of the agents in the
community. With this method, it estimates the expected marginal contribution
of the prosumer for every stratum using the fictitious demand profile. We call
this method stratified expected values, and it combines accuracy and efficiency
for Shapley value approximation.

Second, we introduce a method to compute the true Shapley value exactly
in particular settings by limiting the number of unique demand profiles in the
community, which is used as the benchmark to compare the performances of the
approximation methods. The Shapley value requires to compute the marginal
value for every possible subcoalition in the community, taking an exponential
number of steps to the community size. However, by grouping the prosumers into
a small number of classes such that prosumers in the same class have the same
demand profile, the number of unique subcoalition can significantly be reduced.
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Fig. 1: Approximation performances of redistribution methods.

This method allows to compute the exact Shapley value efficiently even for large
communities, which is then used as a benchmark for the approximation methods.

Third, we implement and demonstrate the redistribution methods in case
studies with realistically-sized energy communities in the UK sharing a wind
turbine and battery. In [2], the demand data is drawn from the Thames Valley
Vision project4. From the demand data, three unique demand profiles are cre-
ated, and the energy communities of 10 to 200 prosumers are formed from the
three classes. Furthermore, additional experiments are performed in [1], where
demand data from the Low Carbon London project5 is used to create energy
communities with four unique demand profiles. The true Shapley values are
used as the benchmark to compare the approximation performances of three
cost redistribution methods. The first method used is the marginal contribu-
tion method [3, 4], which is a simple and efficient deterministic approximation
method. Second is the newly proposed stratified expected values method. Third
is the adaptive sampling method based on reinforcement learning [5], which is
the state-of-the-art, non-deterministic method.

Results Figure 1 presents two of the results from our studies, which are the
approximation errors (in percentage) of the three redistribution methods for
different community sizes. Figure 1a shows the performances of the methods
where the communities are made up of three unique demand profiles, whereas
Figure 1b is for four classes. The results show that all three methods approx-
imated the Shapley value well for large communities. In particular, the newly
proposed stratified expected values and the state-of-the-art adaptive sampling
method perform extremely close to true Shapley values in almost all scenarios
studied. Furthermore, stratified expected values performed comparatively with
the adaptive sampling method and outperformed in many scenarios while having
a much smaller computational cost.

4 https://ukerc.rl.ac.uk/DC/cgi-bin/edc_search.pl?WantComp=147
5 https://www.kaggle.com/datasets/jeanmidev/smart-meters-in-london



Approximating the Shapley Value in Energy Communities 3

References

1. Cremers, S.: Efficient Shapley Value Approximation Methods for Cost Redis-
tribution in Energy Communities. Master’s thesis, Delft University of Technol-
ogy, Delft, The Netherlands (July 2022), http://resolver.tudelft.nl/uuid:

1f670359-539d-4a09-9186-bbbe8f696e13

2. Cremers, S., Robu, V., Hofman, D., Naber, T., Zheng, K., Norbu, S.: Efficient
methods for approximating the shapley value for asset sharing in energy commu-
nities. In: Proceedings of the Thirteenth ACM International Conference on Fu-
ture Energy Systems. p. 320–324. e-Energy ’22, Association for Computing Ma-
chinery, New York, NY, USA (2022). https://doi.org/10.1145/3538637.3538861,
https://doi.org/10.1145/3538637.3538861

3. Kulmala, A., Baranauskas, M., Safdarian, A., Valta, J., Järventausta, P., Björkqvist,
T.: Comparing value sharing methods for different types of energy communities. In:
2021 IEEE PES Innovative Smart Grid Technologies Europe (ISGT Europe). pp. 1–
6 (2021). https://doi.org/10.1109/ISGTEurope52324.2021.9640205

4. Norbu, S., Couraud, B., Robu, V., Andoni, M., Flynn, D.: Mod-
elling the redistribution of benefits from joint investments in com-
munity energy projects. Applied Energy 287, 116575 (2021).
https://doi.org/https://doi.org/10.1016/j.apenergy.2021.116575

5. O’Brien, G., El Gamal, A., Rajagopal, R.: Shapley value estimation for compen-
sation of participants in demand response programs. IEEE Transactions on Smart
Grid 6(6), 2837–2844 (2015). https://doi.org/10.1109/TSG.2015.2402194


