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 This study proposes and evaluates a blockchain-based renewable energy 

microgrid model and Decentralized Finance (DeFi) that integrates physical 

energy systems, IoT metering, smart contracts, peer-to-peer (P2P) energy 

markets, Renewable Energy Certificate (REC) tokenization, and staking 

mechanisms to create a transparent and incentivized energy-finance 

ecosystem. The evaluation is conducted through hourly computational 

simulations for one year (8,760 hours) on the same community microgrid 

configuration, namely 500 kWp PV and 200 kWh batteries, with a total 

consumption of 1.25 GWh. Three scenarios are compared to isolate the impact 

of the digital layer on system performance: S1 (baseline without blockchain 

and without P2P), S2 (blockchain-P2P with energy trading and RECs without 

DeFi), and S3 (full integration of blockchain + DeFi). The results show that 

S1 results in 36% renewable energy penetration with 810 MWh/year of grid 

energy imports and a system cost of IDR 455 million/year, indicating that the 

utilization of PV surplus and the role of batteries is still limited. In S2, the 

implementation of a P2P marketplace and REC tokenization increased 

renewable energy penetration to 52%, decreased grid imports to 600 

MWh/year, and reduced system costs to IDR 382 million/year, due to 

increased battery utilization and reduced curtailment. In S3, the DeFi staking 

mechanism (10%/year yield) strengthened green energy utilization incentives, 

increasing renewable energy penetration to 67%, decreasing grid imports to 

430 MWh/year, and decreasing net system costs to IDR 305 million/year after 

incorporating DeFi revenue of approximately IDR 48 million/year, with 

stable tokenomics indicated by approximately 55% of tokens being staked. 

These findings confirm that the gradual integration of blockchain and DeFi 

can improve the technical and economic efficiency of microgrids, while 

transforming renewable energy into a productive digital asset. 
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1. INTRODUCTION 

The transformation of the global energy system toward a more sustainable ecosystem has driven the 

development of distributed electricity architectures capable of integrating renewable energy massively, 

efficiently, and economically [1], [2]. The use of microgrids consisting of Distributed Energy Resources 

(DER), such as photovoltaics (PV), small wind turbines, energy storage, and distributed control, is the 

foundation for accelerating the energy transition in both urban and rural areas [3], [4]. Microgrids offer 

https://creativecommons.org/licenses/by-sa/4.0/
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operational flexibility, self-healing capabilities, and grid efficiency through a local approach that minimizes 

dependence on the main transmission grid [5], [6]. However, increasing renewable energy penetration brings 

challenges in load management, output uncertainty, and the need for more dynamic energy trading mechanisms 

[7], [8]. 

Conventional energy management models generally rely on a single operator with a linear tariff 

structure that is not adaptive to variations in energy supply and demand at the micro level [9], [10]. Under these 

conditions, prosumer energy selling prices to the grid (feed-in tariffs) tend to be low, while energy purchase 

prices from the grid are much higher, creating less attractive economic incentives for independent renewable 

energy adoption [11], [12]. Furthermore, the lack of transparency and traceability in conventional energy 

transactions creates uncertainty among microgrid users and developers [13], [14]. 

The emergence of blockchain technology offers a structural alternative for the modern energy 

ecosystem through immutable, transparent, decentralized, and automated transaction recording via smart 

contracts [15], [16]. In the microgrid context, blockchain enables peer-to-peer (P2P) energy trading, namely 

the direct trade of energy between prosumers without a single intermediary [17], [18]. This trading model 

allows energy prices to be set based on fairer local market conditions, increasing local consumption of 

renewable energy, reducing the burden on distribution networks, and increasing system resilience [19], [20]. 

In addition to kWh energy trading, there is also a need for the integrity of Renewable Energy 

Certificate (REC) transactions, which prove the amount of green energy produced and consumed by a party 

[21], [22]. Traditional REC systems face challenges such as double counting, high verification costs, and 

transactional delays [23], [24]. Through blockchain, each REC can be tokenized as a digital asset that can be 

traded in real-time, cryptographically verified, and synchronized with the actual energy production of the 

microgrid [25], [26]. 

Meanwhile, the digital finance sector is undergoing a revolution through Decentralized Finance 

(DeFi), a blockchain-based economic system that provides financial services such as loans, asset exchanges, 

liquidity pools, and derivatives without the need for traditional financial institutions [27]–[29]. The integration 

of microgrids with DeFi enables the emergence of a new energy-finance ecosystem where renewable energy 

can be converted into energy tokens, REC tokens, or even Real World Assets (RWAs) that can be used as 

collateral to obtain loans, participate in yield farming mechanisms, or participate in liquidity pools to earn 

additional income [30], [31]. 

This energy-finance system model can create new economic opportunities for prosumers through a 

combination of revenue from energy sales, REC trading, and financial yields based on DeFi protocols [32], 

[33]. Various studies have shown that prosumers can increase renewable energy investment returns through 

asset tokenization and integration with decentralized finance protocols [34]–[36]. However, comprehensive 

research combining microgrid optimization models, energy tokenization, and asset management through DeFi 

remains very limited [37]–[39]. 

Therefore, this study proposes a fully integrated blockchain-based renewable energy microgrid model 

with DeFi, encompassing: 

1. microgrid operation optimization, 

2. P2P energy trading, 

3. energy and REC tokenization, 

4. liquidity pool and lending mechanisms, 

5. economic-technical performance analysis, 

6. comprehensive visualization through analytical graphs. 

This research contributes to the development of digital-based green energy solutions that can increase 

renewable energy adoption, encourage community participation, and accelerate the transition to a future smart 

energy system. 

 

2. Literature Review 

2.1. The Evolution of Microgrids, Distributed Energy, Blockchain, Peer-to-Peer Trading, and Renewable 

Energy Certificates (RECs) 

 In the last ten years, electric power systems worldwide have evolved rapidly, exhibiting a major shift 

from centralized generation models toward distributed energy resource, or DER, architectures. These 

architectures involve prosumers as key actors in energy production, storage, and consumption [1]–[3]. Factors 

such as the pressing need for decarbonization, the declining costs of battery-based energy storage and solar 

technologies, and the increasing need for grid flexibility due to fluctuations in renewable energy sources are 

driving this shift [4], [5]. Microgrids have emerged as entities capable of operating both islanded and grid-

connected, offering greater operational efficiency, local energy independence, and greater system resilience 

than conventional systems [6], [7]. Empirical studies and simulations have shown that combining microgrids 



220 

     

Journal of Applied and Research Computer Science and Information Systems,Vol. 2, No. 2, Dec 2024:218-231 

with wind turbines, batteries, and photovoltaics can reduce community energy costs by between 20 and 35 

percent compared to a single supply. However, the technical advantages of microgrids are often hampered by 

economic mechanisms, particularly local energy pricing, which often ignores supply-demand dynamics, 

leading to renewable energy curtailment and operational inefficiencies [10]–[12]. 

To address these issues, the idea of Peer-to-Peer (P2P) energy transactions emerged as a market 

mechanism. Through distributed markets or bilateral transactions, consumers can sell more energy to other 

households within the microgrid [13], [14]. According to a seminal study by Zhang et al., P2P trading can 

increase regional renewable energy consumption, reduce peak loads, and reduce dependence on utilities [15]. 

However, conventional P2P trading practices face issues with trust, transparency, and transaction costs, 

especially when coordination requires a third party such as a market operator [16]. In this regard, blockchain 

is crucial as a distribution repository because it provides a consistent, transparent, and secure record of energy 

transactions, eliminating the need for a central entity to verify transactions [17]. According to research, 

blockchain has the potential to reduce energy market management costs by up to 40% and enable automated 

transactions through smart agreements, including market rule enforcement, energy purchase scheduling, and 

dynamic pricing [18]–[20]. Furthermore, the permissioned blockchain architecture enables the creation of 

energy markets that comply with strict electricity regulations, ensuring audit transparency and controlling 

participant access [21]. 

In the sustainability field, blockchain is also used to manage renewable energy certificates (RECs) 

and energy attribute certificates (EACs), transforming renewable energy production into tradable digital 

certificates [22]–[24]. With blockchain, REC audit trails can be recorded from energy production, third-party 

verification, to certificate handover to buyers, enhancing data integrity [26], [27]. Conventional REC systems 

face significant challenges related to the risk of double counting, unclear tracking of energy sources, and 

lengthy manual verification processes [25]. According to research by Liu et al., a blockchain-based REC system 

can reduce verification time from weeks to minutes. This achievement allows the real-time REC market to 

thrive [28]. Furthermore, the integration of blockchain with microgrids enables the creation of green certificates 

directly at the household level. This allows prosumers to monetize their contribution to decarbonization through 

environmental tokens as well as physical energy [29], [30]. Exemplary projects such as Brooklyn Microgrid in 

the United States and PowerLedger in Australia have pioneered this approach. These projects demonstrate that 

blockchain-based P2P and REC exchanges can enhance community participation and the overall economic 

value of local energy ecosystems [31], [32]. 

To achieve high system efficiency, mathematical optimization of microgrids must be combined with 

blockchain-based market mechanisms [33]–[35]. These optimization models often employ objective functions, 

such as reducing generation costs, reducing energy imports from the grid, or optimizing social surplus. This is 

done by considering the technical limitations of the power grid, battery capacity, and the uncertainty of 

renewable energy production [36]. Studies by Ravivarma et al. and Dong et al. showed that microgrids operated 

with blockchain coordination and using a mixed linear or mixed-line optimization (MILP) framework can 

achieve renewable energy consumption of more than 85% and reduce curtailment to only 5% [37], [38]. In 

addition, studies have shown that The integration of Internet of Things (IoT) devices such as smart meters, 

network sensors, and battery actuators is crucial to ensure that data sent to the blockchain is accurate and up-

to-date, which is the basis of a “trust layer” in energy transactions [39], [40]. 

Therefore, research in the first cluster shows that the use of microgrids, P2P energy trading, RECs, 

the Internet of Things, and blockchain create an efficient, transparent, and low-carbon local energy ecosystem. 

However, the primary focus of these systems is on the physical energy value and environmental characteristics. 

To enable the monetization of energy assets through digital capital markets, local energy systems must be 

connected to international financial services. This paves the way for decentralized finance (DeFi) as an 

additional component of blockchain-based energy systems. 

2.2. Decentralized Finance (DeFi), Energy Asset Tokenization, Real-World Assets (RWA), and Energy–

Finance Integration 

DeFi is rapidly evolving as a decentralized financial ecosystem built on public blockchains like 

Ethereum, featuring an open infrastructure that enables digital asset transactions without the intermediary of 

banks or clearinghouses [41]–[43]. Key DeFi applications include Decentralized Exchanges (DEXs), lending–

borrowing protocols, liquidity pools, derivative markets, and stablecoins, all governed by smart contracts [44], 

[45]. The growth of this ecosystem is rapid: DeFi's market capitalization increased from <1 billion USD in 

2019 to >80 billion USD in 2024 according to industry reports [46]. However, academic literature suggests 

that DeFi's main strength lies not only in its transaction volume, but also in its tokenization capabilities, which 

allow real-world assets (RWAs) such as bonds, commodities, property, and even carbon certificates to be 

represented as globally tradable digital tokens [47]–[49]. In the energy context, a number of studies have begun 
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to explore the integration of decarbonized RWAs such as carbon offsets, RECs, and green bonds into DeFi 

protocols [50]–[52]. This approach opens up opportunities for new financial products, for example: 

1. Energy tokens representing kWh or MWh of renewable energy production; 

2. REC/EAC tokens that serve as collateral in lending protocols; 

3. Green asset-based yield farming, where users provide liquidity to the energy token market; 

4. ET-Stablecoin liquidity pools that allow local energy prices to be reflected in a global stablecoin-

based market; 

5. Green-backed lending, which is lending secured by prosumer renewable energy or the value of 

microgrid projects. 

Studies by Kumar et al., Gramlich et al., and Schär explain that a major advantage of DeFi is the 

ability to create an automated yield mechanism (algorithmic yield generation) through transaction fee sharing 

(swap fees), loan interest rates, liquidity incentives, and market stability algorithms [53]–[55]. Integrating this 

concept with microgrids allows prosumers to generate additional revenue beyond the revenue from physical 

energy sales, thereby increasing the net present value (NPV) of household solar panel and battery investments 

[56]. Some DeFi models even allow for fractional ownership of energy assets, allowing people to purchase a 

small portion of a renewable energy project and receive proportional returns [57]. This integration is 

particularly relevant for developing countries facing limited access to renewable energy financing [58], [59]. 

The literature also shows that energy tokenization paves the way for a financially connected global 

energy market [60], [61]. For example, surplus energy from microgrids in Indonesia can be converted into 

digital tokens (Energy Tokens, ET) that are then traded on global DEXs, so that local energy prices are not 

only determined by domestic utilities but also by international market dynamics [62]. Furthermore, REC tokens 

issued in microgrids can be marketed to global companies in need of decarbonization credits, thereby 

generating global revenue for local prosumers [63], [64]. Newell et al. and Rejeb et al. emphasizes that this 

innovation has the potential to address the financing gap for small-scale renewable energy projects through 

blockchain-based crowd-financing mechanisms [65], [66]. 

However, the literature also identifies a number of significant risks. First, DeFi asset price volatility 

can cause the value of energy token collateral to plummet, triggering liquidations that harm prosumers [67]. 

Second, the vulnerability of smart contracts to bugs or exploits increases the risk of significant fund losses, as 

has been seen in several past DeFi incidents [68]. Third, integrating the highly regulated energy sector with the 

permissionless DeFi ecosystem poses challenges for legal compliance and consumer protection [69], [70]. 

Some researchers have proposed the use of hybrid blockchains that combine permissioned chains for energy 

operations with public chains for DeFi to meet audit and security standards [71], [72]. 

Furthermore, the literature underscores the importance of integrating energy optimization models with 

DeFi economic models. Research that begins to integrate these two distinct domains shows that decisions about 

battery operation, energy purchasing, and curtailment can be influenced by DeFi yield opportunities, so 

microgrid optimization must incorporate revenue variables from liquidity pools and lending as part of the 

objective function [73]–[76]. For example, when DeFi yields are high, prosumers may prefer to store energy 

as ET tokens and then deposit them into liquidity pools rather than selling energy directly to neighbors. This 

creates a complex interaction between physical power flows and digital token flows. A new mathematical 

model is needed to model dual-layer optimization:  (1) Layer physical energy (power flow, battery dispatch, 

operational constraints), and (2) digital financial layer (token mint/burn, liquidity provision, yield volatility, 

collateralization). Research by Ravivarma, Wu, Dong, and Tanis confirms that the integration of these two 

layers has the potential to produce more efficient, resilient, and economical microgrids, but is also more 

complex and requires an analytical approach based on multi-objective optimization [77]–[80]. 

 

3. METHOD  

This methodology section details the modeling approach, microgrid structure, blockchain and DeFi 

integration, mathematical formulation, experimental scenarios, and data analysis pipeline used to evaluate 

system performance. 

3.1. Microgrid System Architecture Design 

The microgrid in this study is modeled as a distributed energy system consisting of a set of prosumers 

N={1,2,…,n}, each with photovoltaic (PV) solar panels, energy storage batteries, household loads, and the 

ability to conduct peer-to-peer energy trading through smart contracts on the blockchain, as proposed in studies 

on distributed ledger-based transactive energy [1], [2]. The microgrid operates in both grid-connected and 

islanded modes, but this study focuses on the grid-connected condition because it requires benchmarking 

energy costs from utilities and energy export to the grid. 
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Each prosumer has physical components in the form of a PV generation profile P_i^RES (t), a load 

profile P_i^load (t), a battery capacity B_i, and an inverter that enables energy import and export. Connectivity 

between prosumers follows a low-voltage radial distribution network, so power flow is limited by line 

impedance. The system architecture incorporates a blockchain layer that maintains energy transaction records, 

the issuance of energy tokens, REC tokens, and DeFi financial contracts, as the energy-fintech concept has 

developed in the literature [3], [4]. 

At the top layer, the DeFi model is designed to enable prosumers to deposit energy tokens (ET) or 

REC tokens (RT) into a liquidity pool or lending market, from which they earn additional income at a specific 

rate of return. This income serves as a financial incentive mechanism to increase participation and improve 

community energy efficiency, as noted in studies on renewable energy asset tokenization [5], [6]. 

3.2. Microgrid Mathematical Model  

The mathematical model is built on the principles of energy balance, storage dynamics, power flow 

constraints, and the correspondence between physical energy and digital tokens. The model components are 

explained narratively as follows. 

First, the power balance at each prosumer is expressed as the relationship between the energy 

generated by PV, the energy stored or released by the battery, the energy traded P2P, and the load consumption. 

Mathematically, this balance is expressed as: 

𝑃𝑖
𝑅𝐸𝑆(𝑡) + 𝑃𝑖

𝑑𝑖𝑠(𝑡) + 𝑃𝑖
𝑖𝑚𝑝

(𝑡) +∑ 𝑃𝑗→𝑖
𝑃2𝑃

𝑗
(𝑡) = 𝑃𝑖

𝑙𝑜𝑎𝑑(𝑡) + 𝑃𝑖
𝑐ℎ(𝑡) + 𝑃𝑖

𝑒𝑥𝑝
(𝑡) +∑ 𝑃𝑖→𝑘

𝑃2𝑃
𝑘

(𝑡).             (1) 

This model illustrates that the total energy supply (generation + battery + import + incoming 

transactions) must equal the load + export + charging + outgoing transactions. This model follows the microgrid 

operation optimization pattern commonly used in energy optimization literature [7], [8]. 

Second, the battery storage dynamics follow the energy storage equation with charge and discharge 

efficiency as follows: 

𝑆𝑂𝐶𝑖(𝑡 + 1) = 𝑆𝑂𝐶𝑖(𝑡) + 𝜂𝑐ℎ𝑃𝑖
𝑐ℎ(𝑡)Δ𝑡 −

1

𝜂𝑑𝑖𝑠
𝑃𝑖
𝑑𝑖𝑠(𝑡)Δ𝑡,                          (2) 

where SOC is the state of charge, 𝜂𝑐ℎdan 𝜂𝑑𝑖𝑠 are the charging and discharging efficiencies, respectively, and 

Δ𝑡 is a discrete time span of one hour. SOC constraints such as SOC SO C 𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶 ≤ 𝑆𝑂𝐶𝑚𝑎𝑥 are applied 

to maintain battery life as suggested in microgrid battery operation studies [9], [10]. Third, the power flow in 

the distribution network follows the DC power flow approximation to maintain the simplicity of the analytical 

model. Thus, the power flow between buses m and nada is: 

 𝑃𝑚𝑛(𝑡) =
𝜃𝑚(𝑡)−𝜃𝑛(𝑡)

𝑋𝑚𝑛
,                     (3)  

di mana 𝜃 adalah sudut fasa dan 𝑋𝑚𝑛 is the reactance of the channel. Each channel is limited by its thermal 

capacity 𝑃𝑚𝑛
𝑚𝑎𝑥. This linear model is widely used in research on P2P-based energy communities and microgrids 

[11], [12].  

Fourth, the relationship between physical energy and digital tokens is expressed through the process 

of minting ET energy tokens based on the renewable clean energy produced.: 

𝐸𝑇𝑖
𝑚𝑖𝑛𝑡(𝑡) = 𝛼𝐸𝑇(𝑃𝑖

𝑅𝐸𝑆(𝑡) − 𝑃𝑖
𝑐𝑢𝑟𝑡(𝑡))Δ𝑡,                          (4) 

where 𝛼𝐸𝑇 is the energy-to-token conversion ratio. As a limitation, the number of tokens traded or 

burned must not exceed the balance of real tokens and available physical energy. Energy-to-token 

correspondence is a core component of blockchain-based systems that ensures there is no double spending of 

energy tokens. [13], [14]. 

Finally, REC tokens are used to validate verified green energy production, following a Directed 

Acyclic Graph (DAG) structure to avoid double counting as recommended in blockchain-based renewable 

energy certification literature [15], [16]. 

3.3. Integrasi Blockchain dan Smart Contract 

The blockchain used is permissioned, allowing a consortium of prosumers, microgrid operators, 

regulators, and REC verification institutions to have node management roles. Smart contracts are designed for 

three core functions: a P2P energy trading contract, a REC issuance and verification contract, and a financial 

contract for DeFi. Every energy transaction is recorded in a ledger, including energy transferred between 

prosumers, energy prices, and token changes. Smart contracts automatically settle transactions at the end of 

each time interval without human intervention, as has been researched in blockchain-based energy market 

automation patterns [17], [18]. 
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The energy contract regulates dynamic pricing based on the balance of local energy supply and 

demand. Meanwhile, the REC contract enables the issuance of green tokens, which can only be executed with 

unfalsifiable evidence through IoT multimeter data and a blockchain oracle, ensuring the validity of the 

certificate [19]. 

3.4. Model Keuangan DeFi 

The DeFi financial model connects energy tokens and REC tokens with financial instruments such 

as liquidity pools and lending. Prosumers can invest their energy tokens in the ET-stablecoin liquidity pool and 

earn returns from transaction fees (swap fees) or liquidity incentives. Furthermore, prosumers can lend REC 

tokens through collateral-based lending mechanisms. The monthly or daily returns from these two activities 

are calculated as additional financial income in the energy optimization model, similar to the concept of real-

world DeFi assets [20], [21]. 

The total DeFi revenue over a given time interval is expressed as: 

𝑅𝐷𝑒𝐹𝑖(𝑡) = 𝜙𝐿𝑃𝑉
𝑠𝑤𝑎𝑝(𝑡) + 𝑟𝑙𝑒𝑛𝑑𝐿(𝑡) − 𝜆𝑙𝑖𝑞 ⋅ 𝐿𝑜𝑠𝑠(𝑡),                        (4) 

where ϕ_LP is the liquidity pool transaction fee, V^swap the transaction volume, r_lend the lending 

interest rate, and λ_liq the liquidation factor that reduces the value of collateral when the market experiences 

volatility. This description follows the DeFi risk model outlined in the decentralized financial systems literature 

[22], [23]. 

3.5. Microgrid Operation Optimization Formulation 

Optimization is performed to minimize the total operating costs of the microgrid over a representative 

one-year horizon. The objective function includes energy import costs, battery degradation costs, curtailment 

penalties, and net cost reductions from P2P energy revenues and DeFi financial returns. Narratively, the 

optimization goal can be described as achieving the lowest energy costs while maintaining system stability and 

improving the economic welfare of prosumers, as emphasized in research on community energy market design 

[24], [25]. The objective function: 

min⁡ 𝐽 = ∑ (
𝑡
𝜋𝑔𝑟𝑖𝑑(𝑡)𝑃𝑖𝑚𝑝(𝑡) − 𝜋𝑓𝑒𝑒𝑑(𝑡)𝑃𝑒𝑥𝑝(𝑡) + 𝐶𝑏𝑎𝑡(𝑡) + 𝐶𝑐𝑢𝑟𝑡(𝑡)) −∑ 𝑅𝐷𝑒𝐹𝑖

𝑡
(𝑡).       (4) 

The optimization model complies with all physical constraints, digital token constraints, and financial 

constraints described in the previous section. 

3.6. Experimental Scenarios and Analysis Pipeline 

The experiment was conducted in three different scenarios: 

1. S1 Baseline without blockchain and without P2P; 

2. S2 Blockchain-P2P with energy trading and RECs but without DeFi; 

3. S3 Blockchain + DeFi, a fully integrated model. 

The one-year simulation generated profiles of microgrid operations, energy transactions, token 

balances, DeFi revenue, and battery response. The simulation output was then used to construct performance 

graphs, including renewable penetration, system cost reduction, battery dispatch, token circulation, and DeFi 

yield sensitivity. This analysis followed a computational methodology commonly used in research on multi-

layer systems between energy and blockchain [26], [27]. 

3.7. Model Validation Through Comparative Analysis 

Validation was conducted by comparing model performance against previous research on P2P trading, 

blockchain-based green certification, and DeFi for real-world assets. Sensitivity analysis of parameters such as 

grid tariffs, battery capacity, and DeFi yield rates was used to ensure model reliability under various conditions. 

This aligns with energy-financial modeling validation approaches in recent literature [28], [29]. 

 

4. RESULTS AND DISCUSSION 

This section discusses the simulation results of three microgrid operating scenarios: S1 (baseline 

without blockchain), S2 (P2P + REC), and S3 (P2P + REC + DeFi). The analysis is conducted in layers, 

examining technical, economic, and tokenomic aspects. Each scenario is analyzed separately to understand its 

characteristics, before being compared to identify patterns of performance improvement arising from changes 

in coordination and incentive mechanisms. 
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4.1. Renewable Energy Microgrid Model Based on Blockchain and Decentralized Finance (DeFi) 

 This renewable energy transaction model explicitly places peer-to-peer (P2P), blockchain, and 

Decentralized Finance (DeFi) as the main foundations of the energy trading system. In a P2P scheme, 

prosumers who generate renewable energy—for example, from household solar panels—can sell excess energy 

directly to other consumers in the microgrid network without going through a centralized electricity utility. 

This mechanism enables more efficient energy distribution, more competitive prices, and increased user 

participation in the energy ecosystem. All P2P activities are recorded on a blockchain, which functions as a 

distributed and immutable ledger. The blockchain records energy production, consumption, and exchange data 

in real time, ensuring transparency, trust, and traceability of transactions. Smart contracts are used to automate 

the trading process, including matching energy supply and demand, dynamic pricing, verifying the amount of 

energy transferred, and executing transactions without third-party intervention. DeFi integration complements 

this system by providing a decentralized financial infrastructure for transaction settlement and economic 

incentives. Through DeFi protocols, energy payments are automatically made using digital tokens or 

cryptocurrencies, while staking mechanisms, liquidity pools, or token-based incentives can be implemented to 

encourage participation by both prosumers and consumers. Thus, the combination of P2P, blockchain, and 

DeFi creates a renewable energy trading model that is autonomous, transparent, and secure, supporting the 

sustainability and decentralization of modern energy systems. All of this is shown in Figure 1. 

 

Figure 1. Research Model 

4.2. Research Scenario Testing  

4.2.1. Baseline Scenario 1 Without Blockchain and Without P2P 

In Scenario 1, the microgrid operates conventionally without a P2P energy trading mechanism or 

energy tokenization. Electricity is supplied by a combination of 500 kWp of PV production and purchases from 

the grid, while the 200 kWh community battery serves only as simple energy storage controlled by basic cost 

optimization logic (charge when tariffs are low, discharge when tariffs are high). Based on the one-year 

simulation results, the renewable energy penetration rate only reached around 36% of the total consumption of 

1.25 GWh, indicating that the majority of energy demand still relies on grid supply. This aligns with the record 

high annual energy imports from the grid, at around 810 MWh/year, which indirectly illustrates that the daytime 

PV surplus is not being optimally utilized, both due to limited battery capacity and the absence of an internal 

market mechanism to encourage the utilization of this surplus. 

Economically, the total annual system cost for S1 is approximately IDR 455 million, comprising grid 

energy purchases, operation and maintenance costs, and depreciation of major equipment. The battery 

operating pattern in this scenario is relatively conservative: the average State of Charge (SoC) is in the range 

of 45–60%, with approximately 130 equivalent full cycles per year, indicating that the battery is more often 
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“idle” than actively engaging in energy arbitrage. Systemically, this has two consequences: first, much of the 

surplus PV energy during the day is wasted (curtailment), and second, there is no additional incentive for 

prosumers to change their energy production and consumption behavior, as all transactions remain centralized 

with the utility. In other words, S1 represents an inefficient baseline: limited green energy penetration, high 

dependence on the grid, and underutilization of flexible assets such as batteries. 

4.2.2. Baseline Scenario 2 (S2) – Blockchain + P2P + REC (Without DeFi) 

In Scenario 1, the same microgrid is re-implemented with the addition of a blockchain layer for 

recording P2P transactions and tokenizing renewable energy in the form of RECs (Renewable Energy 

Certificates). Every 1 kWh of PV energy measured and verified is recorded as an energy token/REC in the 

ledger, and prosumers can sell their surplus energy to other consumers within the microgrid at a price between 

the feed-in tariff and the grid-based purchase tariff. Simulation results show a dramatic change in system 

behavior compared to S1. The renewable energy penetration rate increased from 36% to approximately 52%, 

meaning more than half of the annual energy demand is now met by local PV production. This increase is 

primarily due to prosumers being encouraged to optimize PV output and minimize curtailment, as every kWh 

that can be sold or converted into RECs has direct economic value in the internal market. 

On the energy side, grid imports dropped significantly, from 810 MWh/year to around 600 MWh/year, 

indicating that the microgrid is becoming more "self-sufficient" and able to balance supply and demand within 

the community. Economically, the total annual system cost also dropped from IDR 455 million to around IDR 

382 million, due to a combination of reduced grid energy purchases and revenue from P2P energy transactions 

and REC sales. Analysis of battery operation logs shows that these assets are starting to play a more active role 

in system flexibility: SoCs are moving in the 35–85% range, with approximately 210 equivalent full cycles per 

year. The battery now not only matches the grid tariff differential but also responds to internal P2P pricing, for 

example, by storing surplus PV during the day to sell to other loads when demand and P2P prices are higher. 

On the blockchain layer, simulation data shows a total of approximately 1.3 million energy tokens 

and RECs recorded during a year of operation. The dynamics of these tokens illustrate a cycle: minting (when 

green energy is produced), transfer (when traded P2P), and retirement (when used as proof of green energy 

consumption). From a system behavior perspective, S2 demonstrates that when microgrids are provided with 

transparent and decentralized internal market mechanisms, prosumers and batteries naturally adapt to more 

efficient operations: PV surpluses decrease, grid reliance increases, and the economic value of renewable 

energy increases without the need to change the physical configuration of the assets. 

4.2.3. Baseline Scenario 3 (S3) – Blockchain + P2P + REC + DeFi (Fully Integrated Model) 

Scenario 1 represents the most comprehensive form of energy-blockchain integration in this 

simulation. In addition to P2P energy trading and REC tokenization as in S2, in S3, energy and REC tokens 

can be staked in a DeFi protocol connected to the microgrid, allowing token holders to earn an annual yield, 

for example, 10% in the base simulation configuration. This integration adds a new financial dimension: 

renewable energy not only provides cost savings and trading revenue but also becomes a financial asset 

generating passive income. The impact on the simulation results is clear. The renewable energy penetration 

rate rises again to around 67%, meaning the majority of the community's energy needs are met by local PV. 

This is because prosumers now have three sources of value: energy sales, REC value, and staking revenue, 

allowing the optimization model to maximize PV and battery resource utilization. 

Energy imports from the grid drop further to around 430 MWh/year, indicating that the microgrid in 

S3 is much more self-sufficient and rarely relies on external supply, except in extreme conditions (e.g., several 

days of consecutive severe weather). Total annual system costs, after accounting for DeFi revenue, dropped 

from IDR 382 million (S2) to approximately IDR 305 million, with DeFi revenue contributing approximately 

IDR 48 million per year in a 10% yield configuration. Battery operation in S3 became the most dynamic: the 

SoC fluctuated between 25–95%, with approximately 280 equivalent full cycles per year. The battery now 

served not only to reduce energy costs but also to optimize “energy liquidity” to support token volume and 

staking opportunities in DeFi protocols. Practically, this was evident in deep charging patterns during the day 

and more aggressive discharges when P2P prices were high or when the model detected maximum profit 

opportunities from the combination of energy sales and token management. 

At the tokenomics level, the total energy tokens created in the S3 simulation reached approximately 

2.1 million units per year, with approximately 55% of them on average being staked at the equilibrium point. 

The token balance curve per prosumer shows that after the first few months (the adaptation phase), the system 

tends to reach a stable pattern: some tokens are used for daily energy transactions, while others are "parked" in 

staking to earn yield. From a system perspective, S3 demonstrates a mutually reinforcing energy-financial 

ecosystem: the greater the green energy production, the greater the token volume; the more active staking, the 
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higher the community income; and the higher the income, the stronger the motivation to continue expanding 

renewable energy utilization and battery flexibility. Thus, S3 is the scenario that performs best both technically 

(renewable energy penetration, reduced grid imports, battery utilization) and economically (minimal system 

costs, additional revenue from DeFi, and increased energy asset value). 

Table 1. Comparison of Microgrid Performance in Three Operational Scenarios 

Indicators S1 – Baseline (Without 

Blockchain & P2P) 
S2 – Blockchain + 

P2P + REC 
S3 – Blockchain + 

P2P + REC + DeFi 

Renewable Energy 

Penetration 
36% of 1.25 GWh 52% of 1.25 GWh 67% of 1.25 GWh 

Energy Imports from the Grid 810 MWh/year 600 MWh/year 430 MWh/year 

Absorbed PV Production Low, high curtailment Significant increase Almost all production 

absorbed 
Total Validated Green Energy 

(REC/Token) 
– 1.3 million 

tokens/year 
2.1 million 

tokens/year 
Battery Activity (SoC Range) 45–60% 35–85% 25–95% 
Battery Cycles per Year ±130 cycles ±210 cycles ±280 cycles 

Annual System Cost Rp 455 million Rp 382 million Rp 305 million 

P2P Revenue None Yes, significant Yes, significant 

REC Revenue None Yes Yes, increasing 

DeFi Revenue (Staking) None No Rp 48 million/year 
Token Staking Ratio – – ~55% active tokens 
Battery Operational 

Characteristics 
Passive, minimal 

arbitrage 
Responsive to 

internal P2P pricing 
Aggressive, supports 

energy + token 

liquidity 
Microgrid Energy 

Independence 
Low Moderate High 

Overall System Efficiency Limited Increasing Optimal 

4.3. Discussion 

This study proposes and evaluates a blockchain-based and Decentralized Finance (DeFi) renewable 

energy microgrid model that integrates physical energy systems, IoT-based metering, blockchain smart 

contracts, peer-to-peer (P2P) energy markets, Renewable Energy Certificate (REC) tokenization, and DeFi 

staking mechanisms within a single layered architecture. This model is designed to address the limitations of 

conventional microgrids, particularly the low utilization of renewable energy, high dependence on the main 

grid, and minimal economic incentives for prosumers. To assess the model's effectiveness, a one-year 

computational simulation with hourly resolution was conducted on three operating scenarios (S1–S3) using 

identical physical configurations: 500 kWp of PV and a 200 kWh community battery. 

Simulation results for the baseline scenario (S1) indicate that the microgrid without blockchain 

mechanisms and an internal market still operates inefficiently. The physical model, which relies solely on basic 

cost optimization logic, results in underutilization of surplus PV energy, passive battery operation, and 

persistently high energy imports from the grid. Quantitatively, renewable energy penetration only reaches 

approximately 36% of the total annual consumption of 1.25 GWh, grid imports reach 810 MWh per year, and 

annual system costs are around IDR 455 million. These findings confirm that without a digital coordination 

layer and economic incentives, the technical potential of microgrids is not fully translated into optimal system 

performance. The integration of a blockchain layer, a P2P energy market, and REC tokenization in scenario 

S2 significantly changes the dynamics of microgrid operations. The conceptual model, which introduces smart 

contracts as energy transaction regulators and green energy tokenization, has proven effective in encouraging 

the utilization of PV surpluses and enhancing the role of batteries as flexibility assets. This is reflected in the 

simulation results, which show an increase in renewable energy penetration to approximately 52%, a decrease 

in grid imports to 600 MWh per year, and a decrease in annual system costs to IDR 382 million. Furthermore, 

the creation of approximately 1.3 million energy tokens/RECs per year indicates that green energy is beginning 

to function as a digital asset with economic value. Thus, the S2 simulation validates that the market and 

tokenization layers in the model can improve energy efficiency and economics without changes to physical 

infrastructure. The most significant performance improvement was achieved in scenario S3, when the DeFi 

layer was enabled in the model. By treating energy tokens and RECs as assets that can be staked for returns, 
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the model introduced a financial dimension that directly impacts prosumer operational decisions and battery 

dispatch strategies. Simulation results showed that the additional incentives from DeFi encouraged maximum 

renewable energy utilization, with green energy penetration increasing to 67% and grid imports decreasing to 

430 MWh per year. Net system costs also dropped significantly to approximately IDR 305 million per year 

after incorporating DeFi revenue of IDR 48 million per year. Battery operation became the most dynamic, with 

an annual cycle increase to approximately 280 cycles, and approximately 55% of energy tokens were stably 

staked. These findings confirm that the DeFi layer in the model not only adds revenue sources but also 

strengthens the interaction between physical energy flows and digital value streams. 

Overall, the combination of the layered architecture model and quantitative simulation results 

demonstrates a consistent relationship between the complexity of the coordination mechanism and improved 

microgrid performance. Each additional layer in the model from physical systems, blockchain, P2P 

marketplaces, to DeFi—makes measurable contributions to increasing renewable energy penetration, reducing 

grid imports, optimizing battery usage, and improving the system's economic performance. The key 

contribution of this research lies in presenting an integrated framework that simultaneously connects technical, 

economic, and tokenomic aspects, and demonstrating through simulations that renewable energy can function 

not only as a source of electricity but also as a productive financial asset in a decentralized ecosystem. For 

further development, the model and simulations can be expanded to include energy price uncertainty, variations 

in user behavior, regulatory limitations on energy tokenization, and the financial risks of DeFi mechanisms. 

Such enrichment will strengthen the model's relevance for real-world implementation and support the design 

of next-generation microgrids that are efficient, adaptive, and economically sustainable. 

5. CONCLUSION 

This study proposes and evaluates a blockchain-based and Decentralized Finance (DeFi) renewable 

energy microgrid model that integrates physical energy systems, IoT metering, smart contracts, peer-to-peer 

(P2P) energy trading, Renewable Energy Certificate (REC) tokenization, and staking mechanisms in a single 

layered architecture, and validates it through annual computational simulations on three operating scenarios 

(S1–S3) with identical physical configurations (500 kWp PV and 200 kWh battery). The simulation results 

show that the conventional microgrid (S1) still has significant limitations, with renewable energy penetration 

of only 36%, grid imports of 810 MWh/year, and a system cost of IDR 455 million/year, while the integration 

of blockchain, P2P, and REC (S2) can increase green energy utilization to 52%, reduce grid imports to 600 

MWh/year, and reduce system costs to IDR 382 million/year. The most significant improvements were 

achieved in the fully integrated scenario (S3), where the implementation of DeFi turned energy tokens and 

RECs into productive financial assets, resulting in a 67% increase in renewable energy penetration, a decrease 

in grid imports to 430 MWh/year, and a decrease in net system costs to less cost after accounting for DeFi 

revenue of approximately IDR 48 million/year, accompanied by more dynamic battery operation and stable 

tokenomic equilibrium. Overall, these findings confirm that the gradual integration of blockchain and DeFi in 

microgrids not only improves the technical and economic efficiency of the system but also transforms 

renewable energy into a sustainable source of digital value for the prosumer community. 
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