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Peer-to-peer energy sharing enables prosumers with solar | In collaboration with Vahid Gholamzadeh, | examined a This review is structured around three core research
or other distributed renewables to exchange surplus range of peer-to-peer energy trading studies employing Al | questions:
electricity directly with neighbors. When paired with optimization to map emerging research directions from * Inwhat ways does Al optimization function within
Daniil Filipovich, Gustavson School of Business shared or residential battery storage, communities can 2020 to 2025. | additionally explored sources of peer-to-peer energy markets?
G UStaVSQn March 7. 2026 store excess generation for later use. This combination | real-world P2P energy data that could support the Which industry trends have developed in this field over
School of Business creates a more adaptable and efficient local energy development and evaluation of academic Al trading the last five years?
_ _ o _ This research was supported by the Jamie Cassels Undergraduate Research Awards, University of Victoria . . .
University University of Victoria market. algorithms. How has real-world data been applied in comparable
of Victoria Supervised by Vahid Gholamzadeh and Adel Guitouni, Gustavson School of Business analyses?
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Trust & Foundations Blockchain and Deep Learning | Managing Uncertainty Multi-stage stochastic Transactive Networks P2P shifts to continuous EV Integration Evolutionary Al and mixed-integer Community Autonomy Self-organizing "holacracy" Multi-Level Optimization Advanced Trilevel models
(RNNs) secure decentralized P2P trading, while programming and predictive modeling are deployed to | transactive energy sharing, using distributed programming optimize dynamic pricing to safely structures adapt Al to specific prosumer preferences, | and Reverse Stackelberg games perfectly balance
Generalized Nash Equilibrium models clear markets |value energy storage and manage market algorithms to achieve consensus across dynamic, manage the high demand of Electric Vehicles in while smart contracts trace and penalize physical grid | economic incentives and physical grid limits across
without central authorities unpredictability switching communication networks microgrids losses network operators, microgrids, and prosumers

PHD PROJECT CONTEXT: PEER-TO-PEER ENERGY SHARING USING Al OPTIMIZATION c o N C LU s I o N AND 2 o Y. 6+ TREND s

The peer-to-peer electricity optimization research is based on the model to the left. It consists of:

Multi-community distributed energy network where producers and consumers are linked through a shared grid, with each community operating as a The future of P2P energy, based on a review of 40 publications from 2020-2025, the industry is moving toward decentralized, community-driven energy:
semi-autonomous microgrid containing diverse energy resources. * Rising Adoption: P2P networks are gaining significant attention for their potential to empower local communities.

* Nodes act as physical connection points and edges represent feasible power flows, enabling communities to balance supply and demand internally while * Energy Efficiency: Localized trading drastically reduces transmission losses and saves energy.

remaining interconnected with one another and the main grid.  The Al Imperative: Advanced Al optimization is critical to balance economic incentives with grid security, enabling the full potential of transactive energy.

solar

ras, L. (2019). DeepCoin: A novel Wong, C.W.Y.,Wong, C.Y.,&B itt, S. (2020). Envir practices and Moret, F., Pinson, P.,& i A. (2020). Heter lectricity Fang, X., Wen, G., Huang, T.,Fu, Z., u, L. (2022). Distributed nash equilibrium se g over Markovian switching shwakarma, A. K., Patro, P. K., Acquaye, A., Jayaraman, R., & Salah, K. (2024). Blockchain-based peer-to-peer

M. A, & Maglal H ep learning and based energy k 8 ,C.Y., y il ity-based el in-| peer-to-p:
ids. IEEE Tr i on i ing 67(4), 1285-1297. Differences in resource allocation between small and large firms. Internati Journal of P i i arkets. European Journal of Operational Research, 287(1), 36-48. https://doi.org/10.1016/j.ejor.2020.04.034 communication networks. . IEEE Transactions on Cybernetics, 52| (6), 5343-5355. renewable energy trading and traceability of transmission and d istribution losses. . Journal of the Operational
i. 1109/tem.2019.2922936 228, - Derinkuy isever, F., Kurt, N., & Ceyhan, G. (2020). Optimizi ~ s ices: " https://doi.org/10.1109/tcyb.2020.3030824 r ) !

G. (2020). Optimal bidding of a virtual power plant on the spanish day-ahead and intraday -ijpe.2020.107734 the Jin, T, Li, S. P.(2022). Supply chain design for transactive energy operations in the nexus of Society, 77(1), 85-107. https://doi.org/10.1080/01605682.2024.2441224

opean Journal of ational Research, , . Le Cadre, Al , C.(2020). P to-p electricity market analysis: From variational to totals er; i i H i 22(4), 700-716. m nd climate. Jour the Operational Research Society, 73(11), 2 1 Gao, G.-X., Li, X., Bai, Z., Wang, J., & Jiang, H. (2 inancing on chain through online peer-to-peer R

&jor.2019.07.02: gener. n Journal of Operational Research, 282(2), 753-771. https: .2018. https:/. 080/01605682.2022.20: i ions on Engineerin org/10.1109/tem. 2022.3208828 Gao, Z "f“ .. 4). Agg

. ufa
&Kim, S. ign iechanism based on service i i C. . ? i i i i i LELENY ] Ray, T., & Sarker. ing i ina h [¢] iu, Y. (2024). Thr Storage. Networks, 84(4),
03. i ibilit i ithi i tments. EuropeanJournal of Operational Research, 1-722. y ptimization-b: d i on Cybernetit 420-445. https 0org/10.1002/n d H

The goal of the research is to determine an optimal Al-driven solution that determines pricing based on the demand and supply of energy within local communities.
This will allow communities to trade energy with each other at optimal prices, without interacting with the grid as the central hub.
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