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Abstract

:

The intimidating surge in the procurement of Distributed Energy Resources (DER) has increased the number of prosumers, creating a new possibility of local energy trading across the community. This project aims to formulate the peer-to-peer energy (P2P) sharing model to encourage the DERs to share surplus energy among the consumers. An effective pricing method is developed based on the supply-demand ratio (SDR) with the importance of self-optimization, which allows the prosumers to maximize their energy sharing and profits. To implement this pricing method, a simplified dynamic matchmaking algorithm has been deployed to introduce the Outstanding Prosumer to interact with existing consumers to increase the efficiency and profitability of the trade network. Consumers also benefit from this model, as they can pick the most economical energy supplier instead of relying on the utility grid. The prosumer with high excess energy and the consumer with the highest energy demand will be prioritized to maintain the SDR ratio to one or greater than one. Here, all the above-stated features of the peer-to-peer energy trading have been demonstrated with some calculations to back up some tangible results. Finally, a case study is simulated among the residents of Dhaka, Bangladesh, to demonstrate how peers can profit from participating in trading at a given time. Comparing the results with and without P2P trading, there has been a 17.54% reduction in an electric bill on a typical day of July, and a 49.53% reduction in the interaction with the grid.
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1. Introduction


This paper aims to develop a peer-to-peer (P2P) energy trading system for the prosumers (those who consume and produce energy) to trade locally and gain ownership of locally generated renewable energy. With a third-party regulator, one can securely make a transaction with another peer connected to the microgrid to facilitate energy mobility without needing a central authority. This will subsequently facilitate eliminating the upfront cost of running the centralized energy trading administration and lowering the transaction cost. This paper proposes an effective pricing method based on SDR that concentrates more on maximizing the energy sharing and profit of the prosumers by optimizing the load as per the energy generation and demand response pattern. Outstanding prosumers are introduced in this paper and a simplified matchmaking algorithm has been developed to match the most suitable match between prosumers and consumers, significantly reducing the trading time in the network, eventually enhancing the energy trade efficiency. Furthermore, an intelligent algorithm has been developed to declare the energy price according to the hourly updated generation, consumption, excess energy, and SDR, so that the prosumers will be extra motivated to self-optimize their consumption to take part in the trading. Thus, this project is an optimal solution for motivating the residents and other organizational groups to use green energy, facilitating decarbonization and a sustainable energy culture.



According to Alhasnawi et al. [1], P2P energy trading technology has the potential to shift the current centralized energy market to a decentralized system. Globalization is driving the integration of new technologies into major infrastructure worldwide. Despite the benefits of green energy resources, many households are hesitant to invest in them due to high upfront costs and long breakeven periods. The P2P energy trading platform aims to attract more participation in energy trading by allowing individuals to treat their private energy as a commodity in the market. The use of blockchain technology, as noted by Alhasnawi et al. [1], further enhances the security and privacy of the trading process. AlSkaif et al. [2] conducted a study in which they proposed two strategies to determine the trading preferences of households participating in P2P energy trading. One strategy focused on balancing excess power generation and consumption between prosumers and consumers, while the other strategy was based on the proximity between peers. The simulation results from data gathered in a residential area in The Netherlands showed that P2P energy trading leads to less interaction with the traditional utility grid and higher energy trading, particularly when trading is done based on proximity.



The installation of distributed generation (DG) systems has several benefits, including reducing dependency on the utility grid, lowering electricity costs, and promoting the use of prosumers’ electricity by the utility grid, as reported by [3,4,5,6,7,8]. However, autonomous energy trading, as stated in [9], relies on policies and protocols for energy matching and sharing, but lacks a pricing mechanism, making it difficult to facilitate energy sharing and demand response. Researchers have proposed various solutions to address the pricing problem between retailers and consumers of electricity. For example, Carrion et al. proposed a bi-level stochastic programming approach to determine pricing available to consumers [10]. A Stackelberg game model was also demonstrated by [11], which optimizes day-ahead hourly prices through the interaction of prosumers and consumers. A survey by Abdella et al. reviewed existing demand response optimization models, power routing devices, and algorithms for P2P energy trading and identified challenges in this area [12]. Energy traders also implement different pricing strategies such as Real-Time Pricing (RTP) and Time-of-Use Pricing (TOU) to encourage consumers to participate in demand-side management programs, lower peak demand, and balance power consumption in residential areas [13]. The RTP-based DSM in home energy management systems (HEMS) has been shown to be effective in reducing costs and increasing energy efficiency [14]. The authors in [15] proposed a new two-stage hybrid method for HEMS that schedules power consumption based on the preferences, cost of electricity, and amount of energy produced or stored by the trading participants with Distributed Energy Resources. Lauinger et al. [16] have also proposed an optimization of household energy systems using linear programming.



The use of a Real-Time Pricing (RTP)-based Home Energy Management System (HEMS) can be enhanced through the implementation of twin delayed deep deterministic policy gradient learning techniques, as proposed by [17], to reduce electricity costs. The effectiveness of HEMS increases when it is combined with demand response optimization in P2P energy trading. A new interactive RTP has also been developed by taking into account the consumer’s level of discomfort during the demand response process as proposed by [18]. Liu et al. developed an internal pricing and cost model for prosumers willing to shift their energy load by using a distributed iterative algorithm to solve this problem, and achieved cost savings compared to trading with the grid [19]. P2P energy trading allows for the exchange of excess energy from prosumers to consumers [20], providing consumers with more affordable electricity costs than utility costs [21]. Paudel et al. [22] modeled prosumers as buyers or sellers based on their supply-demand ratio (SDR), where prosumers act as sellers when generation exceeds demand, and buyers when demand exceeds generation. However, energy trading has primarily benefited prosumers, leaving consumers behind, which is a concern [22]. Bidding-based trading is particularly beneficial for wind power producers with regard to maximizing their profits [23]. Peers communicate their power requirements and availability through P2P energy trading. In 2019, Alam et al. developed an energy cost optimization algorithm for energy sharing between smart homes to minimize electricity consumption [24]. Spiliopoulos et al. proposed a framework in [25] for improving the economic and resilient operation of microgrids, examining the impact of P2P energy exchange on system resilience and battery lifetime in different locations and under different fault scenarios.



Many studies have been conducted on developing pricing methods for peers who are willing to self-optimize their energy load. Cost models have been developed based on the Supply-Demand Ratio (SDR) and frameworks for improving the economic and resilient operation of a microgrid for enhancing the effectiveness of the trade. Through a literature review, it was found that efforts have been made at controlling fully Distributed Energy Resources (DERs), and strategies have been proposed for matching and sharing energy between market participants based on distance and demand response, but they lack a pricing mechanism to facilitate energy sharing with demand response. There are some models that optimize energy consumption patterns and formulate internal pricing and cost models supported by distributed iterative algorithms for prosumers willing to do this. In this study, we focused on developing an appropriate algorithm to handle the dynamic interaction between outstanding prosumers and other consumers in the energy trading platform to reduce unwanted traffic in the trading network and promote efficient trading that can be scaled up to larger networks. The implemented pricing mechanism is based on the Supply and Demand Ratio (SDR), which projects higher prices when demand is high and vice versa. The main goal is to optimize electricity costs and motivate more participants to get involved in the trade and make extensive use of Distributed Energy Resources, making the microgrid community independent of the main utility grid. In this paper, we have designed a microgrid with two different prosumers and executed P2P trading to examine the internal pricing trend among buyers and sellers at different times of the day. The internal pricing method is derived from the mathematical modeling of the supply and demand ratio between the peers. We also focused on the significance of self-optimization, which can increase the profit of the peers while they perform the trading. The trading algorithm and pricing technique are implemented based on real-time data in Dhaka, Bangladesh, where the country is facing frequent load-shedding and energy crises due to decreasing fossil fuels. The key contributions of the project are:




	
The P2P trading process is divided into three layers: registration, matchmaking, and pricing. Each layer plays a unique role in facilitating the entire P2P trading process.



	
The excess energy of prosumers will be consumed by consumers. The pricing pattern is determined by the total selling and buying power of the peers.



	
As excess energy will be utilized in trading, the peer self-optimization of electricity is given priority. Higher self-optimization enables prosumers to store more energy, allowing them to trade more electricity and increase profits for both parties.



	
Homer Pro software is used to simulate real-time data. To evaluate the potential of P2P, we analyzed the consumption pattern in July, as it is a month when energy consumption is higher due to the frequent use of air conditioners and ceiling fans. Therefore, this month is considered an ideal month to validate the effectiveness of P2P as the load consumption is relatively higher, resulting in less excess energy.



	
This paper proposes an effective pricing method based on SDR that concentrates more on maximizing the energy sharing and profit of the prosumers by optimizing the load as per the energy generation and demand response pattern. Outstanding prosumers are introduced in this paper and a simplified matchmaking algorithm has been developed to make the most suitable match between prosumers and consumers, significantly reducing the trading time in the network, eventually enhancing the energy trade efficiency.








The rest of the paper is organized as follows: Section 2 describes the principle of the entire project, including the project methodology in Section 2.1, followed by the system architecture in Section 2.2. Section 3 explains the inconvenience factor, while Section 4 illustrates the project’s case study, which shows the benefits of P2P. Section 5 and Section 6 discuss and make conclusions with regard to the fundamental prospects of the paper and outlines future areas of research.




2. Project Description and Methods


2.1. Proposed Project Methodology


The main objective of any P2P energy trading is to utilize the excess generation of different DERs. The proposed trading will also limit the interaction with the grid and reduce electricity bills. The trading price and mechanism will be regulated and developed by live market variables (i.e., generation, consumption, excess energy, and SDR). Thus, the system creates a fair sharing of profits for all prosumers. The proposed system architecture is presented in Figure 1 The implementation of our proposed scheme will be done in the following stages:




	
A microgrid community has been designed in Homer Pro for P2P energy trading between two prosumers and one consumer. Hourly generation, consumption, and excess energy are extracted and examined by simulating the proposed system. The available excess energy from the prosumers is used for trading and is used by the consumers. As a result, the prosumers do not have to dump the surpass energy through a dump load.



	
The prosumer’s total selling power and the consumer’s total buying power is used to calculate SDR. Based on the SDR, prosumer and consumer buying and selling prices are declared.



	
Load flow analysis is performed to verify the effectiveness of P2P trading among buyers and sellers in the peak month of July, when the consumption is generally higher than in other months. The average electricity bills and integration with the centralized network of the consumers are compared before and after the implementation of the P2P trading.



	
The peers are encouraged to self-optimize the electricity consumption to maintain the supply and demand at an equilibrium level, ensuring maximum benefit from the pricing model to both prosumers and consumers.



	
The recording and facilitating of transactions between generators and consumers via a third-party regulator.









2.2. Architectural Model of the P2P Trading


A step-down model is developed to automate the peer-to-peer trading platform. The process workflow has been divided into three layers, which execute a series of inputs, processes, and outputs. The Registration Layer prompts to import all of the necessary information of the market participants by establishing a secure connection with the smart meter and retrieves the real-time values of load consumption, energy generation, geographical location, and national identity number. This is often achieved using smart meters and other advanced technology that can monitor and control the flow of electricity. Smart grids and P2P energy management technology are closely related, as both rely on advanced technology to monitor and manage the flow of electricity. Smart grids use two-way communication to adjust the flow of electricity in real-time, while P2P energy management technology enables individuals and businesses to buy and sell electricity among themselves. Together, these technologies can help to improve the efficiency, reliability, and sustainability of the electricity supply by allowing for more flexible and decentralized management of the grid.



The second layer executes the matchmaking process among the peers. The main goal of this layer is to maximize the surplus energy utilization without creating the need to store the energy, which contributes to lowering the capital cost of distributed energy resources. The other matchmaking utility feature is executing the energy trading process to the nearest in-demand peer. This will allow minimal energy loss in the transmission process and maximize efficiency. The final layer is defined as the price execution layer responsible for maintaining the unit price of energy lower than the utility grid price, encouraging the peers to accommodate their load demand by the distributed energy resources. The frequent use of electrical devices, such as dishwashers and washing machines, will increase overall consumption, resulting in less trade energy. Therefore, the peer self-optimization factor will be integrated into the system to differentiate the profit made by each prosumer.



To monitor and facilitate the exchange of electricity between prosumer and consumer, we introduce a third-party entity. This third party will be equipped with trading algorithms which, according to the requirements of the circumstances, automatically execute, control, or record all legally necessary events and acts. Therefore, the prosumers and consumers will exchange electricity from utility grid via this third-party regulator. Figure 2 displays how the energy sharing between the peers will be executed in the presence of the third party regulator.



The third party agent will calculate the available excess energy of prosumers that can be sold to the consumer and will proceed with payment accordingly. Hence, it will eliminate all the tedious paperwork required for the customers for energy trading as these agents are responsible for the energy sharing between the peers.



2.2.1. Registration Layer


The job of this layer is to allow market participants to register themselves as a prosumer or just a consumer in the P2P system. An agreement contract is executed between the energy trading entity and the participants generating a unique identifier to track the participants in the energy trading network. The algorithm for the registration layer is presented in Figure 3.



A relational database system should be integrated into the registration layer of the P2P platform. It requires special attention and care from security breaches and risks to data privacy. There are several frameworks established which describes the set of protocols that binds the information exchange processes and protocols, including NSIT frameworks, cyber security frameworks, IEC 62351, ISO 2001, etc. Based on this ground level framework, certain technologies have evolved over the years which are assisting with the functioning of private and confidential information networks on the internet facility. Some examples are cryptography, authentication and authorization, firewall and intrusion detection systems, data encryption, network segmentation, and cybersecurity protocols, etc.



A fast and responsive server is required to host the database for all the market participants involved in distributed energy sources. It requires greater computation power, an extensive developer team, and more capital cost. Nonetheless, with the emerging use of DER resources, there is a higher demand for P2P trading facilities in the energy market for a better, efficient, resilient, and robust trading stack.




2.2.2. Cyber Security Scheme


One can invest their time building a security layer over this proposed architecture. A multi-layered security reference suggests that the most significant concern with security threats is the unexpected power outage that may occur during the peak load time affecting all the micro-grid community user. The authors in [multi-layered] have proposed a multi-layer security architecture upon conducting a vulnerability assessment over different nodes in the network. Blockchain is one of the most reliable architectures that currently exists which is designed to overcome attacks such as FDIA. Figure 4 shows the architectural diagram of blockchain technology.



Blockchain technology can enhance security in a network by providing a decentralized and distributed ledger system that ensures the integrity of data and prevents unauthorized access. This is achieved through the use of cryptographic techniques such as hashing and digital signatures [26].



A transaction hash is a unique code generated by a cryptographic function that identifies a specific transaction in the blockchain. It ensures the integrity of the transaction by making it tamper-evident. Any alteration made to the transaction will result in a change of the hash, making it easily detectible. A nonce is a random number that is added to a transaction before it is hashed. It is used to ensure that each transaction has a unique hash, making it difficult for attackers to reuse or predict the hash value of a transaction. A root trace is a summary of all the transactions in a block. It is created by combining the hashes of all the transactions in a block and then hashing the combination. This creates a single hash value that represents the entire block, making it tamper-evident. A time stamp is a value that is added to a transaction that indicates the time it was added to the blockchain. This allows for the chronological ordering of transactions and helps in detecting any fraudulent activity [27].



Together, these elements provide a secure and tamper-evident system that ensures the integrity of the data stored in the blockchain, making it difficult for attackers to compromise the network.




2.2.3. Matchmaking Layer


The second layer matches the trading peers who produce the highest amount of excess energy, thereby putting the peers in the primary position to initiate the trading. For optimization, the following information needs to be validated by each prosumer [28]. The total electricity consumption (    T C   i    ) and total production (    T P   i    ) from DERs for every hour interval in a day are bypassed from the registration layer, which allows the extracting of the microgrid of each connected participant in the DER network.


    T C   i   =       T C   1     1   , … … ,     T C   n     h      



(1)






    T P   i   =       T P   1     1   , … … ,     T P   n     h      



(2)




where   i   is the number of prosumers and   h   is the number of hours. With the help of the above two equations, the net power value (    N P   i    ) of the overall system can be determined.


     N P   i     =   T C   i   −   T P   i     



(3)







As per the above equation, an algorithm is created which will select a peer who produces more excess energy   (   N P   i   )   than other peers. For simplicity, we will consider two prosumers and a consumer to demonstrate the scenario. Once a specific prosumer is selected for trading, a suitable consumer will be sorted out if multiple consumers request a trade. In that case, the ratio of current demand and total available power from the prosumer will be calculated. Based on the resulting ratio, a decision will be taken. The whole scenario can be summarized from the following equations. The total electricity consumption (    T C   c i    ) from consumer and total net power (    N P   i    ) from prosumers for every hour interval in a day is as follows.


    T C   c i   =       T C   1     1   , … … ,     T C   n     h      



(4)






     N P   i     =       N P   1     1   , … … ,     N P   n     h       



(5)




where   i   is the number of prosumers and   c i   is the number of consumers.   h   ndicates the number of hours. The consumption-generation (CG) ratio of the consumer is as follows.


   C G   =     T C   c i       N P   i       



(6)







An algorithm (Algorithm 1) is created which will select a peer based on the CG ratio. Depending upon the usage pattern, different consumers will have different demands. Higher consumption will increase the CG ratio, whereas lower consumption will reduce the CG ratio. As we prioritize the self-optimization of electricity, the consumer with the lowest CG ratio will start the trading first. Hence, by implementing this scheme, more consumers will attach importance to self-optimization, and the prosumer will also have the opportunity to sell electricity to multiple consumers.



	
Algorithm 1: Algorithm for Matchmaking Layers




	
1:

	
Start: Initialize Matchmaking Layer




	
2:

	
Process: Establish Connection with Registration Layer Database




	
3:

	
Process: Compute Net Power (Np) of each participant




	
4:

	
Process: If (Np < 0)?




	
5:

	
True

	
Insert Digital Identifier in Supplier Array




	
6:

	
True

	
Sort Supplier Array with sort algorithm & Identify Outstanding Prosumer (OP)




	
7:

	
True

	
Compute Total Selling Power (TSP)




	
8:

	
False

	
Insert Digital Identifier in demand array




	
9:

	
False

	
Sort demand array with sort algorithm




	
10:

	
False

	
Compute Total Buying Power (TBP)




	
11:

	
Process: Compute Supply Demand Ratio (SDR)




	
12:

	
Process: If (SDR >= 1)?




	
13:

	
True

	
Process: if (OP > C(j))




	
14:

	
True

	
True

	
Process: **Matchmaking Succeed** Trade energy from outstanding prosumer to C(j)




	
15:

	
True

	
True

	
Process: Increment j = j + 1




	
16:

	
True

	
True

	
Process: Establish Connection with pricing layer




	
17:

	
True

	
True

	
Process: Establish loop network with 13




	
18:

	
True

	
False

	
Process: Compute energyDeficit < C(j) − P(i) >




	
19:

	
True

	
False

	
Process: If energyDeficit < P(i+1)




	
20:

	
True

	
False

	
True

	
Process: Trade Energy to Outstanding Prosumer




	
21:

	
True

	
False

	
True

	
Process: Establish connection with pricing layer




	
22:

	
True

	
False

	
True

	
Process Establish loop network with algorithm number 19




	
23:

	
True

	
False

	
False

	
Process: Trade energy from P(i+1) to outstanding prosumer (OP)




	
24:

	
True

	
False

	
False

	
Process: Compute energyDeficit = energyDeficit − P(i+1)




	
25:

	
True

	
False

	
False

	
Process: Increase i = i + 1




	
26:

	
True

	
False

	
False

	
Process: Establish loop network with algorithm number 19




	
27:

	
False

	
Process: if (0 < SDR <1)




	
28:

	
False

	
True

	
Process: energyDeficit = TBP − TSP




	
29:

	
False

	
True

	
Process: Trade deficit energy from utility grid to Outstanding Prosumer (OP).




	
30:

	
False

	
True

	
Process: Establish Connection with pricing layer.




	
31:

	
False

	
True

	
Process: Establish loop network with 13




	
32:

	
False

	
False

	
Process: energyDeficiet = TBP




	
33:

	
False

	
False

	
Process: Trade deficit energy from utility grid to outstanding prosumer (OP)




	
34:

	
False

	
False

	
Process: Establish Connection with pricing layer




	
35:

	
False

	
False

	
Process: Establish loop network with after check









The matchmaking layer is one of the main architectures that operate beneath the P2P energy trading application. In order to automate an efficient matchmaking process, an outstanding prosumer is defined as a player that generates the highest energy in the network. The sort algorithm sorts out all the participants in a descending manner. In that way, an outstanding prosumer is always responsible for feeding the energy to the demand array. At the same time, the other prosumer contributes to energy trading only by interacting with the outstanding prosumer. This will allow fast, smooth, and error-free energy trading in the complex group of participants. The battle of being an outstanding prosumer will also encourage all other prosumers to produce more energy to leverage the market by interacting with more consumers. This workflow also indicates the minimum involvement of the utility grid, improving their load stability, less chance of power outage, and more flexibility in organizing the demand side loads. This can be scaled up to a large-scale optimization problem, as blockchain is the foundational backbone to handle the large test cases which is already a proven technology to sustain thousands of transactions taking place per second. A simple UI dashboard can then be coded using any programming language in order to track the transaction that is being made in the blockchain network. In this way, by using smart contracts and an Ethereum virtual machine one can develop an energy peer-peer trading model. Figure 5 represents the flowchart of matchmaking algorithm between the peers.




2.2.4. Pricing Mechanism


The internal pricing method will define the electricity price during the electricity exchange between a buyer and a seller. A positive value of NP means that the consumption of the prosumers is higher than that of the generation. Hence, the prosumer will not be able to participate in the trade and must buy electricity from the grid. The negative value of NP indicates that there is surpassed energy available; therefore, the peers will be able to sell electricity to other peers. Therefore, the total selling power (TSP) of the prosumers and the total buying power (TBP) of the consumer are:


   T S P = −   ∑  i   n        N P   i       , when     N P   i   < 0   



(7)






   T B P =   ∑  i   n      T S P     , when     N P   i   < 0   



(8)







The pricing method will be determined by the SDR [18]. The SDR is a term used in economics to illustrate the relation between supply-demand and price. By using this principle, the internal price of P2P will be fixed. As per this principle, the relation between internal price and SDR is inverse-proportional. The ratio of the SDR can be derived from the following function.


  S D R =   T S P   T B P    



(9)







TBP is the total amount of buying power the consumer purchases from the prosumer. When SDR > 0, the excess electricity will be used for trading. For this paper, we consider that the maximum selling price will be less than the average utility price; thus, the consumer will buy electricity at a lower price than the grid. When 0 ≤ SDR ≤ 1, the amount of available energy is lower than the demand; hence, the internal price of the system will be set as per the inverse proportion function 1/(ax + b). This function will demonstrate the variation of the internal selling price (    P r   s e l l   )   according to SDR.


     P r   s e l l     = f ( S D R ) =         1   a S D R + b   ,     0 ≤ S D R ≤ 1         λ   s e l l   ,     S D R > 1         



(10)







To simplify the above formulation, first, we will consider SDR = 0, which means that there is no surpass energy from the prosumer; hence, they need to purchase electricity (    λ   b u y    ) from the utility grid. After that, we will consider SDR = 1; the prosumer will be able to sell electricity to other peers, which can be denoted as     λ   s e l l    . Thus, we can obtain the following equation by putting (0, 1) in Equation (10).


          1   a × 0 + b   =   λ   b u y           1   a × 1 + b   =   λ   s e l l          



(11)







By solving the above equation, we can get


            λ   b u y   −   λ   s e l l       λ   b u y     λ   s e l l     = a         1     λ   b u y     = b        



(12)







By putting Equation (12) into Equation (10), we can obtain the following equation.


     P r   s e l l     = f ( S D R ) =           λ   b u y     λ   s e l l       ( λ   b u y   −   λ   s e l l   ) . S D R +   λ   s e l l     ,     0 ≤ S D R ≤ 1         λ   s e l l   ,     S D R > 1         



(13)







Similarly, based on the internal selling price     P r   s e l l   ,   we can derive the internal buying price     P r   b u y     which will facilitate generation and consumption balance in the system. When,   0 ≤ S D R ≤ 1  , the internal buying price (    P r   b u y    ) of the system can be described as follows.


    P r   b u y   . T B P = T B P . S D R .   P r   s e l l   + (  T B P − T B P . S D R  )   λ   b u y    



(14)







If   S D R > 1  , then the internal buying price     λ   b u y     will be equal to the internal selling price     λ   s e l l    . Therefore, finally the internal buying price of the system can be formulated as:


    P r   b u y   =       S D R .   P r   s e l l   + ( 1 − S D R )   λ   b u y   ,     0 ≤ S D R ≤ 1         λ   s e l l   ,     S D R > 1        



(15)







Figure 6 illustrates the pricing mechanism at different SDR ratio. Based on the mentioned internal pricing scheme, the per kWh buying and selling price for the peers are formulated as follows:


     P r   s e l l     =           λ   b u y     λ   s e l l       ( λ   b u y   −   λ   s e l l   ) . S D R +   λ   s e l l     . T S P ,     0 ≤ S D R ≤ 1         λ   s e l l   . ( T S P − T B P ) ,     S D R > 1         



(16)






    P r   b u y   =       S D R .   P r   s e l l   + (  1 − S D R  )   λ   b u y   . T S P + (  T B P − T S P  ) .   λ   b u y   ,     0 ≤ S D R ≤ 1         λ   s e l l   . T B P ,     S D R > 1        



(17)







The SDR will be calculated at every hour. If there is a surplus amount of electricity that the consumer does not consume in a specific hour interval, that excess amount cannot be used later. Therefore, a constraint needs to be set while calculating the SDR.


     S D R   h     =     T S P   h       T B P   h           when   T S P = −   ∑  i   n      N P   i       



(18)




where   h   indicates every hour interval for the consumers, which is 0 ≤   h ≤ 24  .






3. Inconvenience Factor


When the value of SDR is 0, there is no excess energy available; hence, prosumers and consumers must rely on the central entity to cover up the load demand. To increase the ratio of SDR to greater than zero, the peers need to minimize the self-consumption that will make the value of TSP higher than the TBP. Due to this price incentive, the peers may adjust the load profile by changing the usage pattern of some shiftable devices, such as dishwashers and washing machines [18]. Therefore, if the total adjustable load is     x   i     for peer i at a time interval of h, Equation (3) can be rewritten as:


     N P   i     =   x   i   h   −   T P   i     



(19)






     x   i   h     = [   x   i   1   ,   x   i   2   , …   x   i   H   ]   



(20)







We will consider the inconvenience factor α to illustrate the difference in internal cost function when P2P trading occurs. As different peers will have different preferences, the inconvenience factor will vary depending upon their usage pattern of electrical appliances. Lower α means that the peers are unwilling to adjust their load, and the higher α indicates that the peers are more concerned about reducing their self-consumption. Hence, the incentive cost of the prosumer is:


     i n c   i   =   α   i     (   x   i   h   −     T C   i     h   )    2     



(21)







By integrating the inconvenience factor α, the optimized cost function     c   i   h     of a prosumer becomes as follows.


     c   i   h       x   i   h     =   P r   i   h       x   i   h   −   T P   i     +   α   i     (   x   i   h   −     T C   i     h   )    2     



(22)







Here     P r   i   h     is the price of power, which can be either the selling price or the buying price, depending on the value of NPi. If the value of NPi is negative, then the     P r   i   h     will be equivalent to     P r   s e l l    , which will minimize the     c   i   h       x   i   h      , hence maximizing the profit of the peer. If the NPi is positive, then the     P r   i   h     will be equal to     P r   b u y    , which indicates that the peer needs to adjust the inconvenience factor α to reduce the cost of     c   i   h       x   i   h     .  


    P r   i   h   =         P r   s e l l   ,       N P   i   < 0         P r   b u y   ,       N P   i   > 0        



(23)







The following constraint needs to be considered while adjusting the load     x   i    .


   M i n   (   T C   i   )   ≤   x   i   h   ≤ M a x     (   T C   i   )   



(24)







It is important to remember that, for peers, when adjusting the inconvenience factor α the total adjustable does not go below the base load or does not go above the rated load capacity of the residence.




4. Results


This section represents a real-time data analysis of P2P trading in Homer Pro based on the above mathematical equations. To illustrate this scenario, we have designed a microgrid with two prosumers in the Homer Pro software as per Figure 7. The average monthly load consumption of the peers has been calculated from the monthly electricity bills from different residential households in Dhaka, Bangladesh and integrated into the software.



Three different scenarios have been tested in this model. In the first scenario, the prosumer is connected to a wind turbine. In scenario 2, the prosumer gets power from the PV source. Lastly, in scenario 3, the amount of excess energy is compared between two prosumers to decide who will participate in the trading with the consumer. The overall generation and consumption pattern of the prosumers is presented in Figure 8. The inconvenience factor α is changed among prosumers to differentiate the income variation. A lower value of α indicates that the peers are concerned about self-consumption, whereas a higher α means that the peers consume a high amount of electricity. As the Bangladesh government does not have a feed-in-tariff, we have considered the     λ   s e l l     as equivalent to 4 Taka/kWh.     λ   b u y     is calculated as per the current per unit price set by the power generation authority of Bangladesh. The inconvenience factor α is set as 0.01. Table 1 shows the Bangladesh government’s electricity rate at different kWh in residential households [29].



As per our collected utility bills, most of the residential households in Dhaka, Bangladesh consumed 250–350 units of electricity in July. Based on this consumption, the rate of     λ   b u y     is considered to be 6.34 Taka/kWh for this paper. A significant consumption difference will create a major difference between selling and buying power; therefore, we have chosen three peers who consume almost the same amount of electricity to keep the SDR optimal. Table 2 displays the hourly generation and consumption of the prosumers and consumers on a typical day of July extracted from Homer. SDR is written as N/A when P2P trading does not occur between prosumers and consumers.



Based on the above load profile, it is evident that, the peers will be able to participate in the P2P trading at certain hours of the day. The negative net output indicate the trading participation by the peers in those hours.     P r   b u y     and     P r   s e l l     are calculated as per the ratio of SDR. Figure 9 and Figure 10 show the hourly variation of internal pricing during P2P trading.



The first figure displays the reduction of the internal buying price of the consumer between 10:00 and 18:00 h and 22:00 and 24:00 h. The second figure displays the internal selling price of the prosumers, which reveals that they will be able to earn money by selling their excess energy to the consumers when P2P trading takes place. Therefore, in these periods, both parties will benefit.



Figure 11 and Figure 12 display the difference in utility bills of the consumer and the subsequent reduction with the utility grid before and after the implementation of P2P. Based on the load consumption, internal buying price, and Equation (17), the optimized energy bill of the consumer is calculated.



Table 3 indicates that the consumer deducts 17.54% of the electric bill on a typical day in July. The interaction with the grid has been also reduced by 49.53%.



The optimization leads to a change in net power for both prosumers, as they can sell excess energy to the consumers. Figure 13 shows the difference in net power curves for PV and wind turbine prosumers.



Variation of the Inconvenience Factor α


The inconvenience factor α is used to indicate the self-optimization of the peers. A lower level of α means that the peers are more willing to self-optimize their consumption; hence, they will profit more from the system. By increasing the value of α, the change in income of the prosumer can be seen in Table 4. Therefore, the prosumers need to pay more attention to keep the value of α at the minimum level. This inconvenience factor will encourage the peers to focus more on the energy management of different appliances.





5. Discussion


The case study reveals the potential of P2P trading in residential households in Dhaka, Bangladesh. Generally, the consumers have to pay high electricity bills in the peak months due to the higher consumption. However, as per the real-time data analysis in Homer Pro software based on the consumption pattern on a typical day in July, Table 3 shows that the consumer still has 50% less interaction with the grid after the implementation of P2P trading. Therefore, the success of P2P during a peak month will bring economic benefits, especially among middle-class people. On the other hand, the prosumer can also earn money when they participate in the process by selling surplus energy to the consumer. In addition, an Ethereum virtual machine shall be used in designing our algorithm, as this is an already proven technology. Its currently operating to decentralize the network of Ethereum blockchain networks around the. Similar virtual machines will provide sufficient accuracy to the idea of peer-to-peer energy management. With a couple of lines of code, we can easily design complex neural connections between peers while the energy is being transacted. As a result, the proposed trading mechanism could significantly alleviate this country’s recent energy crisis without any issues or uncertainties.



The architectural model of the P2P model has been divided into three categories: (i) a registration layer; (ii) a matchmaking layer; and (iii) a pricing layer. The registration layer will allow the peers to register themselves as prosumers or consumers before initiating P2P trading. The matchmaking algorithm matches the P2P participants as per their generation and consumption. The algorithm is set up in such a way so that the trading model equally benefits every prosumer. As the excess energy of the prosumer will be used for trading, the prosumers generating more excess energy will start the trading first according to the matchmaking algorithm. On the other hand, the consumer consuming the least energy will participate in the trading first with that prosumer. Hence, the SDR ratio can be maintained at one or greater than one, providing the most optimum pricing for prosumers and consumers. As a result, the peers will be more concerned with self-optimizing their usage pattern, which will further increase the model’s effectiveness and generate more profit.



The pricing layer will calculate the internal buying and selling price according to the matchmaking algorithm. Different SDRs will provide different internal prices as the pricing will be based on the SDR ratio. Figure 6 reveals the internal buying and selling trends at different SDRs.



Lastly, we have varied the inconvenience factor α to reveal the prosumers’ income difference. Table 4 shows that by increasing the value of α, the income has been reduced for both PV and wind prosumers. When the value of α is 0.03, both prosumers’ income has decreased by about 1.5 taka from the original. This will encourage the prosumers to consume less electricity and keep the SDR ratio ideal. The overall process will be monitored and controlled by a third-party regulator. This agent will validate the energy transactions and billing process. Hence, the peers will not have to engage directly with the utility grid while they sell or buy electricity from them.




6. Conclusions


This paper represents an energy trading model between prosumers and consumers. As most prosumers produce surplus energy from renewable sources, the P2P trading model proposes a path to utilize this excess energy. By selling the extra power to other peers, the prosumer does not have to dispatch it through a dump load. The whole process will be regulated in three sets of layers. Each layer is designed by a distinctive set of algorithms that will select the most appropriate buyers and sellers according to the generation and consumption pattern of the peers. Thus, the peers generate maximum amounts of profit from the platform. In contrast to the recent developments going on in this sector, this paper introduces Outstanding Prosumers and proposes a simplified matchmaking algorithm to interact with other existing consumers to significantly reduce the unnecessary loss of time in the trading network, which enhances the efficiency of trading for larger-scale network trades.



The internal pricing model is developed based on the SDR. According to this principle, the relationship between price and SDR is inversely proportional, which means that a higher SDR will lower the price, whereas a lower SDR will increase the price. Figure 8 and Figure 9 depict that when SDR becomes less than one, the consumer starts buying the electricity at a higher rate than the original price. Therefore, peer self-optimization is prioritized among the peers to keep the SDR at the optimum level (i.e., 1). To prove the effectiveness of this scheme, a microgrid has been designed in Homer Pro with two prosumers and one consumer. The simulation results show that P2P trading opens an income source to the prosumer and reduces electricity bills and interaction with the utility grid to the consumers. During peak times when the demand for electricity is high, the P2P scheme reduces the electricity cost. This cost has been seen to be reduced by 17.54% on a typical day of July, which is a month of peak demand. There is a reduction in interaction with the grid by 49.53%. Here, the SDR plays an important role, so it should be kept at a low value to maximize the profit from the system. The success of P2P in a peak month such as July when consumption is comparatively higher proves that this sharing platform can make a massive difference in the renewable energy industry. Thus, it is vital to examine the site location and weather patterns in order to set up any renewable sources so that the peers can participate in this process, even during peak times.



This is just the beginning of the P2P energy trading system design; in the future we will execute this algorithm using blockchain technology. A full-stack application shall be developed where all of these algorithms shall be deployed using Smart-Contract Technology.
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Figure 1. System architecture of the proposed system. 
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Figure 2. Single line diagram of the proposed P2P zone. 
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Figure 3. A working model of a registration layer. 
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Figure 4. Blockchain architecture. 
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Figure 5. Matchmaking peer-peer for energy trading. 






Figure 5. Matchmaking peer-peer for energy trading.



[image: Energies 16 01549 g005]







[image: Energies 16 01549 g006 550] 





Figure 6. Pricing layer for different SDR ratios. 
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Figure 7. The microgrid schematic diagram designed in Homer Pro. 
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Figure 8. Daily load profile of prosumers in a typical day in July: (a) PV generation; (b) Wind turbine generation; (c) Combined generation: (d) Combined generation with consumption. 
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Figure 9. Hourly internal buying price of the consumer. 
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Figure 10. Hourly internal selling price of the prosumer. 
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Figure 11. Reduction of utility bills. 
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Figure 12. Reduction of exchange of electricity with the utility grid. 
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Figure 13. Difference of net power curves (a) PV prosumer (b) Wind turbine prosumer. 
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Table 1. Electric bills in residential households in Bangladesh.
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	Range of kWh
	Rate (Taka)/kWh
	Rate (USD)/kWh





	0–50
	3.75
	0.036



	0–75
	4.19
	0.04



	76–200
	5.72
	0.055



	201–300
	6.00
	0.058



	301–400
	6.34
	0.061



	401–600
	9.94
	0.096



	600+
	11.56
	0.11
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Table 2. Net generation of two prosumers, consumer consumption and SDR.
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	Hour
	Net Output from PV (kWh)
	Net Output from Wind (kWh)
	Consumer Consumption (kWh)
	SDR





	0
	0.107
	0.027
	0.030
	N/A



	1
	0.114
	0.047
	0.042
	N/A



	2
	0.114
	0.057
	0.039
	N/A



	3
	0.114
	0.057
	0.066
	N/A



	4
	0.392
	0.196
	0.098
	N/A



	5
	0.539
	0.300
	0.246
	N/A



	6
	0.268
	0.330
	0.080
	N/A



	7
	−0.002
	0.300
	0.168
	0.013



	8
	0.219
	0.252
	0.186
	N/A



	9
	−0.834
	0.088
	0.245
	<1



	10
	−1.275
	0.119
	0.222
	<1



	11
	−0.637
	0.268
	0.624
	<1



	12
	−0.594
	0.247
	0.301
	<1



	13
	−1.514
	−0.129
	0.224
	<1



	14
	−0.673
	0.000
	0.260
	<1



	15
	−0.280
	−0.659
	0.232
	<1



	16
	0.110
	−0.952
	0.252
	<1



	17
	0.399
	−0.380
	0.314
	<1



	18
	1.398
	0.223
	0.690
	N/A



	19
	1.204
	0.524
	1.006
	N/A



	20
	0.811
	0.232
	0.596
	N/A



	21
	0.576
	−0.297
	0.392
	0.750



	22
	0.360
	−0.990
	0.135
	<1



	23
	0.245
	−0.294
	0.124
	<1
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Table 3. Comparison between original exchange and modified exchange with the grid in a typical day.
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	Original bill (Taka/Day)
	Optimized bill (Taka/Day)
	Reduction (%)



	41.66
	34.35
	17.54



	Original exchange (kW/Day)
	Exchange after P2P (kW/Day)
	Reduction (%)



	6.56
	3.33
	49.23










[image: Table] 





Table 4. Income of the prosumers at between different values of α in a typical day.
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	Prosumers
	Income (Taka/Day) (α =0.01)
	Income (Taka/Day) (α = 0.02)
	Income (Taka/Day) (α = 0.03)





	PV
	14.54
	14.14
	13.03



	Wind
	10.17
	9.8
	8.4
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