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Abstract-- This paper presents a blockchain-based decentralized
frequency control of an islanded microgrid (MG) using a novel
federated learning fractional order recurrent neural network (FL-
FORNN). A self-adaptive proportional-integral-derivative (PID)
controller is proposed using FL-FORNN to handle the
uncertainties of power generation by the prosumers while
participating in the trading of the islanded MG. In this work, the
frequency oscillations during peer-to-peer (P2P) energy trading
are regulated through the appropriate design of an adaptive
controller and the implementation of a smart contract
participation matrix (SCPM) for balancing the generation and
consumer demand. A Proof-of-Authority (PoA) private
blockchain-based SCPM has been developed to secure the contract
among peers. The SCPM provides the power demand information
from a consumer to a prosumer who participates in the P2P energy
market. It also provides power reference to the prosumer
distributed generation as a supplementary control, in addition to
the secondary frequency control of the system. To study this, an
islanded MG comprising four source nodes (prosumers) and three
demand nodes (consumers) are tested with the implementation of
the PoA-based blockchain framework. With its SCPM calculation
running in the blockchain framework, the decentralized control of
prosumers is implemented by interfacing the OPAL-RT with
Raspberry Pi devices. The robustness of the proposed FL-FORNN
controller has been verified with the FORNN tuned PID
controller. Furthermore, a comparative analysis is made with
centralized scheme and traditional decentralized frequency
control technique.

Index Terms—decentralized frequency control, peer-to-peer
energy market, blockchain, smart contract participation matrix,
federated learning.

1. INTRODUCTION

Recent development in cryptocurrencies and blockchain led
to the digital transition of conventional unilateral power grids
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into peer-to-peer energy (P2P) trading with the proliferation of
communication technologies, [oT (Internet of Things), and
intelligent smart meters [1]. P2P energy trading is the next-
generation smart grid network that enables proactive customers
to participate independently in energy trading with prosumers
and the grid [2], [3]. The various advantages of P2P energy
trading are increasing penetration of renewable energy (RE)
generation, reduced emission, electricity and investment cost,
peak-load  shaving, and reliable power through
prosumer/consumer-based energy management [4], [5].
However, the centralized control and supervision of energy
management are no longer applicable; hence, decentralized
methods and structures are more extensively used for P2P
energy networks. Further, the integration of a substantial
number of uncertain RE sources increases the frequency
oscillations of the smart grid system [6]. To mitigate this issue,
a frequency regulation market has become a crucial part of
ancillary service markets but faces several challenges due to
increased transactions. In addition, the system operator bears
significant work on fee settlement, data storage, and market
information. The prosumers and consumers who participate in
the trading have doubts about their transactions in some
instances, and it is not easy to trace them [7]. To resolve this
issue, a decentralized distributed ledger, blockchain
technology, has been introduced into the energy market,
inspired by its intrinsic characteristics of the data that cannot be
tampered easily and have more security [8]. In this work, we
attempt to use a traceable frequency regulation transaction
system for an islanded microgrid (MG) with prosumers and
consumers participating in trading to enhance transaction
transparency and safety in energy markets.
A. Related Works

The increase in load demand has led to the development of
RE-based MG operating in islanded and grid-connected modes.
In islanded MGs, the control objectives are frequently
determined and employed using a multi-layer hierarchical
structure to set the frequency and voltage to their desired values
and to produce accurate active and reactive power sharing [9].
The regulation of voltage and frequency are the prime
objectives of primary control in the MG. It shares the active
power among the distributed generators (DGs) based on their
ratings [10]. However, the primary control can lead to slight
frequency deviations from the nominal frequency. To restore
the frequency to its nominal value, the secondary control called
load frequency control (LFC) is applied to maintain the balance
between the generation and load demand. This results in
retaining the system frequency within the permissible limit of =
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0.2 Hz [11], [12]. The traditional centralized controllers were
adopted for LFC study of the MG system. The centralized
controllers follow the droop characteristics of the plant better
but require considerable data transfer bandwidth which is less
reliable and suffers from communication delay. Hence,
decentralized control was typically employed as it is a
communication-free control structure. Although this scheme
benefits in many aspects, in general, they provide a sub-optimal
solution as each DG is controlled locally by its own states. On
the flipside, the tertiary control is used for economic dispatch
and optimal power flow.

The traditional LFC are non-cooperative for frequency
control of MGs or multi-area systems. The conventional PID
controller is widely used because of its simple structure and
implementation. Besides, robust control techniques like sliding
mode control (SMC) [13], H-infinity [14], and model predictive
controllers are used in a centralized manner to regulate the
frequency of the system [15]. These conventional feedback
controllers cannot guarantee the performance for a wide range
of system parameter changes [16]. To ensure system stability,
adaptive controllers based on machine learning (ML) were
proposed for LFC applications. For example, in [17], the
authors propose a learning-based SMC where the recorded data
are used to optimize the parameters of the SMC controller
leading to an optimal closed-loop response. The adaptive
decentralized control of the multi-agent system was studied to
regulate the frequency of the hybrid power system [18]. Multi-
agent deep reinforcement learning is used for co-operative
frequency control of interconnected systems considering the
non-linearities such as generator rate constraints and governor
dead band [19]. The authors in their previous work [11] use a
stochastic gradient descent-based recurrent neural network
(RNN) to design an adaptive PID controller to achieve the
frequency regulation of the RE integrated system. However,
when using the ML techniques for adaptive controller design,
the local data can be insufficient to train the learning model due
to the limited available memory. Further, the case of large
uncertainties due to the intermittent nature of RE sources
integrated into the MG network may result in substantial
oscillations of system frequency. Thus, the controller trained
using local data may fail to adapt to such large dynamics.
Hence, an effective control design using cooperative learning
of neural networks may resolve such problems.

To this end, the federated learning (FL) of the network
cooperatively trains the control models based on the data
available in their local memory and then a parameter server that
can aggregate the trained models. This step is repeated until the
controller reaches a steady-state response [20]. The FL has been
exploited for autonomous vehicle control [21] and anomaly
detection in industrial control systems [22]. In [23], the authors
applied the FL framework with multi-agent reinforcement
learning for voltage control of distribution network. Another
application of energy theft detection in smart grid [24] and
design of autonomous controller for connected vehicle [25] are
studied. In FL, a number of nodes can store and process the data
locally, and they collaboratively train the model and share the
parameters with other nodes. It makes the controller converge
to the optimal learning model and operate for wide range of
scenarios of real-time P2P electricity market in the presence of

uncertainties and environmental dynamics. Hence, we propose
a FL based approach to enable privacy-preserving collaborative
network model for decentralized frequency control application.

On the other hand, fractional-order calculus has a history of
300 years. It has been applied to many fields in the past few
decades due to its infinite memory and heredity to integer
orders [26]. Based on fractional-order (FO) calculus, the
fractional order recurrent neural network (FORNN) concept has
been developed as an enrichment of integer-order RNN. The
FO derivative are nonlocal and have singular kernels, which
give rise to more degree of freedom and infinite memory for
fractional systems. Pu et. al [27], is the first one to study the
mathematical formulation of dynamic associative RNN for
defense against chip cloning attacks. The outcome shows that
the fractional networks attractors essentially relate to the
neurons FO significantly. Liu et. al. [28] addressed the
synchronization of FORNN with time-varying delays under
event-triggered communication to preclude Zeno behaviors.
Yang et al. [29] used the fractional stochastic gradient descent
approach to improve the updating method of network
parameters for classification of MNIST datasets. Furthermore,
the significant performance of FORNN is demonstrated for
state-of-charge estimation of battery [30], decision making
process of multi-underwater unmanned vehicle [31], and its
stability properties is extensively investigated in [26] with
linear activation function. In [32], the authors demonstrated that
FORNN are the reduced-order representation of infinite entire
network models with infinite memory which reduces the
number of parameters and system complexity. In addition to
the FO network, the FL framework enables a time-varying
participation of prosumers in P2P trading by adjusting the
control decision to achieve a desired frequency. To adapt the
trading at different times, the frequency that FL update the
control parameters will be time-varying. In other words, by
solely training with local data, the controller will work in
limited scenarios but not in presence of more general P2P
energy trading pattern which could jeopardize the stable
operation of the power system. To address this challenge, a
federated learning-based FORNN (FL-FORNN) decentralized
frequency control for P2P energy trading is proposed.

In deregulated energy markets like P2P energy trading, the
proliferation of prosumers and consumers-based MG suffer
from privacy, security, and performance bottlenecks. To
achieve this, blockchain-based P2P energy trading is more
necessary, as the peers can communicate with each other by
invoking the energy contract [33]. Blockchain effectively
secures the information exchanged among peers due to its
cryptographic mechanism and verification process. Owing to
these advantages, this has been proliferating in the power
system domain [3].

Blockchain is a distributed ledger that records the transaction
information of each nodes participate in the network [34]. The
blockchain is used for decentralized energy management for
scheduling of distributed energy resources in the virtual power
plant [35]. The authors in [36], design a decentralized
blockchain enabled voting-based consensus mechanism for P2P
trading in internet-of-things-based smart grid. Their proposed
blockchain records the smart meters data and provides
transparency and immutability properties while trading.
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According to the preceding research work several consensus
protocols such as proof-of-work (PoW), proof-of-stake (PoS)
and practical Byzantine fault tolerance (PBFT) are much
needed in order to achieve consensus among the nodes in the
blockchain network. The authors in [8] concluded that none of
the blockchain models could match the sampling rate of the
control system for power system application. As the control
system, samples, the electrical parameters to be controlled more
than 10000 times per second. This means the mining rate of
blocks must be equivalent to the sampling rate and generate

10000 blocks per second. Also, the PoW and PoS need complex

mining mechanism and huge gas fee [34]. Particularly, the

choice of blockchain technology depends on the specific
application, with either public or permissioned blockchains
being viable options. Regardless of the type of blockchain used,

block creation must be distributed among participants or a

sufficient number of independent miners. For several reasons,

Proof-of-Authority (PoA) consensus mechanism, is a good

choice for energy trading applications [34, 37].

e Efficiency gains - PoA is faster and use less energy than
alternative consensus techniques like PoW, which might be
important in applications that require energy trading to be
completed in a timely manner.

o Enhanced security - PoA is less vulnerable to malicious
attacks than public blockchains because block validators are
pre-selected and recognized. This is crucial in the energy
trading industry since transaction integrity is essential.

o [ncreased transparency - PoA can be set up to offer a high
level of transparency, which can boost confidence in the
energy trading process and lower the likelihood of disputes.

o Better scalability - PoA is particularly suited for scalable
implementation of energy trading with increased prosumer
participation since it can handle more transactions per second
than other consensus processes.

® Reduced costs - PoA does not require large amounts of
computational power to validate blocks, reducing the cost of
energy trading compared to other consensus mechanisms.

Motivated by this, the authors use a PoA based private
blockchain to develop a smart contract for supplementary
control and energy trading in the MG network. In the power
market, an energy contract or smart contract is a key element
that runs in the blockchain platform without a human interface.
A smart contract is well suited for end-to-end energy
transactions among peers to ensure the security and fairness of
decentralized energy systems [8], [38]. However, the scope is
limited to energy trading and has an insignificant concern about
the system's operation and stability. As the penetration of RE
prosumers into the open energy market increases the frequency
oscillations more than the centralized system. Hence, frequency
regulation is proposed for open decentralized market system.
B. Motivation and Contribution

With the increasing intelligence of power systems,
technologies such as artificial intelligence, edge computing,
and blockchain are widely used in industrial control system.
Researchers have used the blockchain-based techniques to
establish a decentralized energy trading markets and realized

them transparently. These approaches can directly connect the
prosumers and consumers by simplifying the multilevel
structure of the existing complex power system. However, the
scenarios that these approaches focus are simple and did not
consider the effect of secondary frequency control. But
assumed that the peers in trading should resolutely obey the
dispatching plan. It is hard to efficiently ensure the frequency
stability of the grid in a high penetration of RE system. Hence,
we propose a blockchain-based decentralized frequency control
to fully mobilize the low- carbon technology users and protect
the frequency stability of high distributed energy resources
(DERs) penetrated MG system.

The traditional LFC framework adopted to regulate the
frequency oscillations is no longer applicable to the P2P energy
trading system, since the LFC reserve is procured through
energy contracts. As there are several prosumers in the P2P
energy market with competitive prices. Hence, the consumers
have the freedom to establish a contract with any prosumer for
transaction of power with minimum bidding price. A consumer
can have contract with one or more prosumer and the market
need to be cleared through a double action mechanism. This
makes several combinations of prosumer-consumer contracts
possibilities in actual practice. Hence, we introduce the concept
of “contract participation matrix (CPM)” to make the
visualization of contracts. In order to secure the information
against invaders in injection of false data, the concept of CPM
is coded in blockchain and so-called “smart contract
participation matrix (SCPM)”. Now, the information is no
longer tampered and hence, a new framework for LFC is
developed. This allows the consumers to go into bilateral
contracts with prosumers who sell the energy at a minimum
price and bid the energy based on their anticipated load
requirement is implemented.

In our approach, the LFC problem is reformulated and
employed for the P2P energy trading system through the
concept of a SCPM development similar to Disco participation
matrix in the deregulated environment as proposed in [39]. In
this work, the SCPM is developed in blockchain with a set of
rules coded inside the blocks which act as a supplementary
control in addition to the secondary controller to maintain the
frequency stability of the system. The information flow of the
SCPM is superimposed on the conventional LFC system, and
the results reveal some interesting patterns. Whenever a load
demanded by the consumer changes, it is reflected as a local
demand. This will be reflected at the point of input to the power
system block. As there are many DGs in the MG, the control
error will be distributed in proportion to their participation in
the LFC.

Unlike the traditional LFC system, in P2P energy trading a
consumer asks a particular prosumer for load power. This
demand is reflected in the dynamics of the system which
respond to this power command. Thus, a particular set of
prosumers supposed to follow the load demanded by the
consumer. Thus, the information flows from consumer to a
particular prosumer specifying its demands. Here we introduce
the information signals from an additional supplementary
control which are absent in the traditional LFC scenario. In
order secure the contract against fraudulent transactions, the
blockchain technology promises in delivering optimistic use-
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value with transparency among all peers who participate in the

transaction. To the best of the authors’ knowledge, a fully

decentralized frequency control of the P2P energy trading
system is still unaddressed in the literature.

The main contribution of this paper are as follows:

e A PoA-based private blockchain network for P2P energy
trading between prosumers and consumers is implemented
through the SCPM calculation and integrated with the
decentralized frequency regulation of the MG system.

e A federated learning technique is embedded with a
FORNN-based PID controller design to enhance the
frequency regulation of islanded MG systems.

e The implementation of the blockchain-based decentralized
frequency control is demonstrated for an islanded MG
system to prove the feasibility and effectiveness of the
proposed control technique.

e The developed frequency control algorithm has been
validated in real time through the hardware-in-the-loop
testing by interfacing OPAL-RT with Raspberry Pi devices
to run as the blockchain nodes.

e The performance of the proposed decentralized control
scheme is benchmarked against the centralized method and
traditional LFC system.

—— Data Transmission -

IV. A case study through the implementation of SCPM and the
FL-FORNN PID controller for frequency regulation is
demonstrated in addition to comparison of different control
schemes in section V. Finally, the conclusion and future scope
are presented in the last section of this paper.

II. OVERALL FRAMEWORK OF DECENTRALIZED FREQUENCY
CONTROL

Fig. 1 depicts the decentralized frequency control framework
of the islanded MG setup with P2P energy trading in RT-LAB
operated in a real-time simulator machine. In this paper, the
proposed blockchain is set up for trading between the
prosumers who produce the energy and sell it to the consumers
by agreeing the smart contract. The contract is developed by
applying a set of rules which are discussed in the forthcoming
sections. Fig. 1 has three modules for implementing the
proffered decentralized LFC for the open P2P energy market.
In Module-1, the P2P energy trading occurs using a double
auction among the prosumers and consumers by clearing the
market. The information of the amount of power shared
between the prosumers and consumers in the open electricity
market is developed as a Smart Contract Participation Matrix
by accepting the trading price. The SCPM gives the power
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Fig. 1. Framework of blockchain-based decentralized control of MG

The remaining section of this paper is structured as follows:
Section II describes the islanded MG model with the
implementation of the decentralized frequency control. Section
IIl presents the PoA private blockchain-based SCPM
calculation for frequency control of the energy trading system.
The design of the FORNN based PID controller with FL for
decentralized control of an islanded MG is discussed in section

references to the power producers (prosumers) that act as
supplementary control for regulating the frequency of the open
energy market system. In addition to the traditional LFC, the
proposed work has a supplementary control that helps to
smoothen the frequency oscillations by giving an additional
power command to the prosumers to meet the consumer
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demands. Module-2 is a socket interface to transfer the data at
low latency through User Datagram Protocol (UDP) between
the islanded MG model developed in RT-LAB with a private
Ethereum blockchain that includes seven data transfer channels,
four prosumers and three consumers. The data are packed and
grouped for further transmission to the blockchain system using
Remote Procedure Calls that provide authentication and
bidirectional streaming. Then, the received power reference
data are used as a supplementary control in addition to the
primary and secondary control of the islanded MG in Module-
3. The islanded MG model in this work considers four prosumer
supplying consumers which are modelled using the linearized
transfer function in MATLAB/Simulink and implemented in
RT-LAB with the proposed FL-FORNN controller.
A. Decentralized control

The decentralized secondary control at each DG uses the
information from its individual states and acts rapidly compared
to the centralized controller. In this manner, the state of
neighbor DGs in the MG is estimated based on its local
measurements. The determining variables are used to generate
the appropriate control action to the primary layer for regulating
the plant's output to achieve a stable frequency of the MG
system [6], [18]. Fig. 2 depicts the decentralized frequency
control of the islanded MG system consisting of a primary
droop and secondary frequency controller. The load demand of
consumer AP, may influence the MG frequency Af;, which can

i| Secondary control n :

v

Primary control n

| Secondary control 1 ‘ ‘ Secondary control2|

v v

Primary control 1 | !} | Primary control 2 ee s
! HI—" L :
DG 1 i | DG2 P

Common Bus of MG

Fig. 2. Decentralized control of islanded MG

be regulated within the permissible limit of +0.2 Hz by
maintaining the generation and load balance. This is achieved
by minimizing area control error (ACE) using a secondary
controller. Hence, a decentralized frequency control is
employed to regulate the system frequency while maintaining
the proportional active power sharing among the DGs in
islanded MGs.

B. System Model

This section presents the linearized model of the islanded
MG system as shown in Fig. 3. This figure comprises the
linearized transfer function model of a diesel engine generator
(DEG), and RE sources like wind, and solar photovoltaic (SPV)
with a battery energy storage (BES) system. The transfer
functions of wind generation (WG) and SPV are actuated by
uncertain solar irradiation and wind profiles, respectively. In
this article, each DG source is assumed as a prosumer to
participate in P2P energy trading initially by submitting its
maximum capacity and selling price. Similarly, the consumer
submits it’s bidding price and maximum demand to establish
trading. This work proposes a bilateral contract network as a

flexible market design for P2P energy trading. A double auction
pricing mechanism is employed for trading the energy between
prosumer and consumer, which is explained in [5]. The
proposed market design runs on the tertiary control layer, which
is used to direct the energy flows on a relatively small-time
scale. The lower-level control layers, such as primary and
secondary control, are still required to maintain the stability of
the system [1]. In other words, the lower-level control layers
maintain the supply-demand balance when RE or load demand
variations occur within individual trading intervals. A key
market design objective is to find a flexible price that ensures
prosumers and consumers reach an agreement on a set of
contracts that constitute a stable power outcome. This process
is described as a supplementary control for LFC application.

The MG model studied for LFC of the open P2P energy
market comprising four distributed prosumers supplying three
consumers' demand through trading. The maximum capacity of
prosumers such as DEG, SPV, WG, and BES is 700 kW, 500
kW, 500 kW, and 300 kW, respectively, with the overall
capacity of MG being 2,000 kW operating in islanded mode.
The time-domain model of the islanded MG for frequency
analysis is shown in Fig. 3. The system dynamics of islanded
MG system can be represented by the differential equations and
whose parameters are given in Appendix.

e
YO Kz s

[ scem i oEs

Supplementary control

Fig. 3. Linearized model of islanded MG prosumers [40].
C. SCPM Construction

In the P2P energy trading market system, prosumers sell the
energy to other consumers or prosumers or the utility grid at
competitive selling prices. Thus, consumers have the liberty to
choose the prosumers and establish energy contracts based on
their acceptable bidding price. This allows the development of
SCPM to visualize the contracts during energy trading. SCPM
is a matrix with the number of rows equal to the number of
prosumers selling the energy and the number of columns equal
to the number of consumers demanding the energy in the
network. Each entry in the SCPM represents a fraction of the
total load demand contracted by a consumer (in columns) from
a prosumer (in rows). The sum of all entries in each column of
SCPM is always unity representing the consumer demand is
fully satisfied. The SCPM illustrates, the participation of
prosumer-consumer pairs in energy contracts between each
other. The SCPM is constructed within the smart contract
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(hence named as the Smart contract participation matrix) and
embedded in the blocks created in each interval of the
blockchain network. These blocks form a chain over the time
and the information is distributed over the nodes of the entire
blockchain network. It should be noted that blockchain is an
effective tool that can secure information exchange during the
energy trading mechanism. In the following, the steps involved
in developing the SCPM are summarized. Let the P2P energy
trading framework represent m prosumers and # consumers
who establish energy trading contracts.

Step-1: Initialize the elements of SCPM as zeros with the
dimension of m xn representing m number of prosumers and »
number of consumers.

C11 C12 ClTL
Co1 Cas e Cop

SCPM = |.** | : (M
Cn1  Cn2 Cmn

The element ‘ij” in the matrix represents the fraction of total
power contracted by the consumer j from a prosumer .

Step-2: Receive the selling and bidding prices from both the
prosumers and consumers participating in P2P energy trading,
respectively. In this work, a double auction-based iterative

pricing mechanism is used for market clearing, which is
A

Aue b
! Market Clearing price

Producers

Price

Consumers

bar

-

Energy Quantity

Fig. 4. Double auction pricing mechanism.
discussed in [5], [8]. In the double auction, the bidding prices
of consumers, i.e., by, ...,b,, are sorted in descending order with
regard to the price offered by the utility grid (UG),
b1>b2>“'>bn>bFIT; n =3 (2)

where bgpr depicts the feed-in tariff (FIT) offered by UG for
prosumers. Conversely, the selling prices of prosumers, i.e.,
ay, ..., Ay, are sorted in ascending order regarding the price
offered by UG,

a<a;<-<ap<ayg m=4 3)
where ayg depicts the wholesale market price from UG. Fig. 4
illustrates the market clearing mechanism of producers and
consumers participating in the P2P energy market. Therein, the
market clearing price will be the mid value of az and bs.
Step-3: Calculate each element of a column in SCPM in a way
that the sum of each column of SCPM is one to meet the
consumer demand at the optimal price.
Step-4: For each element, check the generation of prosumer or
producer G; is greater than or equal to the demand D; (i.e., Gi>
D)). The element

cj=--=~1 “)

as the maximum value of entry is 1 which satisfies the consumer
demand. Then, update all prosumers m as, G; temp = G; — D;.
Set all other elements in the respective column as zero and
increase the consumer count by j = j + 1 until n. Else if G; <

D;, then calculate the element of SCPM using
=G

Gy = )
Then, update D; as, Djtemp = Dj — G; and set D; = Djemp -
Now, set G; = 0 and increase the prosumer count by i =i + 1,
and if G,‘ ZD],

Cij =1—Xizi-16j (6)
Then, update Gi as, Gtemp = G; — Dj and set G; = G temp, if
Y. cij = 1. Increase j = j+/ until becomes 7.
Step-5: Repeat Step-4 for all j=1, ...,n such that all the consumer
demands are satisfied.

III. POA-BASED PRIVATE BLOCKCHAIN

The proof-of-authority (PoA) mechanism is a fault-tolerant
Byzantine consensus algorithm. The PoA consensus protocol
defines the nodes that have permission to validate the
transaction based on the “reputation” of nodes in the network.
Therefore, running a small and private network, the PoA
consensus technique was used [2], [27]. In PoA, the value of
user's identification in the network is increased by using the
consensus process. To verify the transactions, nodes with high
"reputation" will be chosen. These nodes are preapproved as
trustworthy validators and system administrators to check the
transactions and protect PoA blockchains. Only the
predetermined validators can process the transactions and
construct the blocks. As the chain is built up by each validator
in turn, the overall weight and cost are kept to a minimum value
[8]. The main advantages of the PoA mechanism are less
computational burden compared to the PoW mechanism, no
trust issues among the participants [3], [8]. Hence, more
transactions per second can be executed. Consequently, the
PoA-based blockchain has been used to implement a
decentralized energy marketplace, and the gas fee of
transactions is set as zero specifically to facilitate trading
platform development. The most crucial component of the PoA
blockchain is the ‘transaction ledger’. It tracks all the blocks
that contain database transactions. Then, add, update, or remove
the data, for example, a transaction that is saved in a block will
be added to the transaction ledger. The middleware serves as a
bridge between the application and the PoA blockchain. It helps
to link the front-end to the database and the PoA blockchain [2],
[3].

A.  Implementation of SCPM in PoA Blockchain

The SCPM has been implemented in the blockchain using
python scripts, and the smart contract is developed using a
solidity language. The detailed steps are as follows:

Step-1: Initialize the nodes to start the blockchain

Based on the developed scripts (“startnode.cmd”), run the
boot node (node-0) and then run other nodes (equal to
number of prosumers (m) and consumers (n) participating in
trading, respectively) to start and connect with blockchain.
Step-2: Start the timer to control the cycle loop

Create a python file (“timing.py”) that controls the period of
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the cycle loop and does reset for each cycle so that new data
for new cycle can be stored and analyzed. Besides, the
summary of results will be shown in the terminal running
“timing.py”, which indicates the amount and price of
consumer demands; maximum capacity dispatched amount
and price of prosumer generations; allocation matrix; and
power reference values.

Step-3: Obtain the demand data and sort the bidding price
in descending order

Initially, the quantity and price for each consumer or demand
are randomly generated within a predefined range. The
values will be read and stored in the blockchain by calling
the functions in the smart contract. Meanwhile, an exclusive
flag for this node will be turned into true which indicates that
the information of this node is successfully obtained. The
same procedure is repeated in other demand nodes till all the
consumer flags become true. Subsequently, the demands
will be sorted in descending order based on the bidding
price.

Step-4: Obtain the generation data and sort the selling price
in ascending order

Similarly, the maximum capacity and energy price of each
prosumer or producer is randomly generated and stored in
the blockchain by calling the corresponding functions. Once
their flags are turned as true, the data would be sorted in
ascending order of selling price.

Step-5: Dispatch of generation for demand

In this scenario, the consumers will be allocated to the
prosumers based on the “Power Dispatch” function, i.e., the
specific allocation ratio reflected in the entries of SCPM.
The steps for the implementation of SCPM are discussed in
section II above. In addition, the steps for implementing
SCPM in the blockchain smart contract are summarized in
Algorithm 1.

Algorithm 1 Implementation of the smart contract

Start
Develop a smartContract; € [block;]
Initialize each prosumer and consumer node:

< address|[account],uint[id], int[P, 4, status] >
Receive data:

< address,id,[P, 4, status] > ;
Sort the prosumers and consumers based on their price;
Calculation:

SCPM calculation for Node; to Node+,
Return the power reference values to prosumer nodes:

< address[account],uint[id], int[P, A, status] >
Repeat next cycle
end

Step-6: Validation

Consider the case of four prosumers and three consumers
participating in trading. In this scenario, the frequency
regulation of the P2P energy trading system is studied. The
allocation matrix obtained after implementing the SCPM in
blockchain gives the power reference value to the prosumer,
which is considered as a supplementary control reference in
this study. For instance, the 48" cycles of occurrence in the
blockchain is shown in Fig. 5, in which Dy is the demand

with the highest price, 700 kW for $0.7/kWh; D, is 449 kW
for $0.5/kWh; and D3 is 482 kW for $0.4/kWh; while G, is
the generation with the lowest price, 225 kW for $0.2/kWh;
Gy is 456 kW for $0.2/kWh; G5 is 600 kW for $0.3/kWh;
and G4 is 414 kW for $0.5/kWh. Therefore, the demand with
the highest price and the generation with the lowest price
will be allocated first. The computation of elements of
SCPM is explained in section II C.

Following the procedure, the consumer demand D, is 700
kW. Here D; > G; , where Gy is 225 kW, their
corresponding element of SCPM using (5) as:

225
C11 = % ~ 0.32 (7)

Now, using step-4, Diemp = 700 — 225 =475 kW.
D1 temp is greater than prosumer 2 (G, = 456 kW). Hence,
the element using (5) as:
Co1 = 222~ 0.65 (8)
Calculate, Dygemp = 475 — 456 = 19 kKW that is less than
prosumer 3 (G3 = 600 kW). Hence, the element using (6):
¢33 =1—-0.32-0.65=0.03 9)
Now, update the prosumer using step-4 as, G3temp = 600 —
19 = 581 kW. G3emp > D, (D= 449 kW), so c3; = 1 and
the prosumer 3 is Gzgemp = 581 — 449 = 132 kW. At this
instance, compare Gsemp With D3 equal to 482 kW. Now,

Gstemp <D3, and hence the element using (5) resulting in:
C33 = = ~ 027 (10)

482
Now, update D3semp = 482 — 132 = 350 kW; this value is

less than Ga, and the element follows (6):

€43 =1-0.27=0.73 11
Thus, the value of SCPM are fractional values and due to
limitation of solidity language. The calculations are done in
integer values and then their equivalent fractional values are
used for further in MATLAB simulation.

reset done

current cycle is cycle48

demand info is

[ '@xb287d02Fd6a55aec96C6897ES5ecASF6101F50AFC” ,

[ 'exDCC587181587e1F25423BCa24(353cc43e93FcF9’, 1,
[ *@x21E06dfB58d0BAC/FF1FDBCACOEE4@1Aal4c2ceb”, 2,

generation info is

[ '@x23198E33dBcC{3703F5B885be8372aBa7D2DdABB " ,
[ '©@x8313aFfDDe272265645B8b2007Dd072EA23eA6188" ,
[ '©@xd766B7E2Cdc128284Cb6B4+237d4D240a321eB333 ",
[ '©x53d2A156c81d3e56cf6eEBRR786FCFAS83aA1313",

Fig. 5. Power dispatch during 48" cycle of SCPM implementation.

Therefore, the elements of the matrix and the prices are
multiplied by 100 to get integer results due to the restriction of

solidity language.
32 0 0
_|65 0 0
SCPM = 3 100 27 (12)
0 0 73
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As a result, this power reference value represents the
consumer demand satisfied by prosumers participating in the
energy trading. In general, the elements of the matrices are
in p.u. value of power reference and hence the maximum
value of each column of SCPM will not exceed one at any
instant (in case of implementation in solidity, it is 100 as
given in (12)). Then, the SCPM matrix will be multiplied by
the consumer demand to compute the power reference value
for each prosumer as given in (13) and sent back to the plant
for frequency regulation of the islanded MG model
developed in OPAL-RT for analysis.

320 07 g0y [22400
65 0 0 45500
3100 27‘ X [iggl = 160014 (13)
0o 0 73 35186

IV. CONTROL FRAMEWORK

This section presents the FORNN-based PID controller
implementation for frequency regulation of islanded MG
system. A detailed explanation of the network model
considered is discussed in the forthcoming subsections.

A. FORNN

The implementation of RNN in real-time motivated the
researchers to the development of its fractional order. About
300 years ago, the concept of fractional calculus was first
presented in which the differential equations have non-integer
order. In RNN, the gradient represents the dynamics of the
neural network, and in the case of fractional order, this can be
represented using a Caputo differential operator with respect to
time as D*(.). Equations (14) and (15) represent the dynamics
of energy function (E) of FORNN [24]:

DEE = _Zi D“xl- I:Z] Wl-jfij(xlsz‘ s .,xn) - Z—i + [l.] ,LEN
(14)
D%E = _Zi Ci D“q)_l(xi)D“xi,i En (15)
where ¢ ~1(x;) is a monotonically increasing function and the
fractional term « varies between 0 and 1. As E > 0, then the
FORNN has the negative-definite fractional gradient, and the
following relationship exists when the state of the neuron
changes:

V'E <0 (16)
where V# is the spatial fractional derivatives of E with respect
to state variables x; X5 .....,x,. In this work, the neurons
X1 Xz, ..., Xy represent the gains K, Ki, and Ky of the PID
controller. During the equilibrium condition, the fractional

gradient becomes zero i.e:
V¢E =0, if V¥*x; = 0 fori=1,2...N a7n

B.  Design of Self-Adaptive PID Controller using FORNN

The generalized closed loop system of FORNN-based PID
controller is shown in Fig. 6 for control of plant (DG). The
optimal gain parameters (K;, K; and Kq) of the FORNN based
PID controller are obtained by minimizing the frequency error
of the interconnected system. The overall control function of
PID controller is defined as follows:

u(t) = Kpe(t) +K; [ e(t)dt + Ky =0

(18)

where, K;, K; and K¢ are the gain parameters of the PID
controller; e(t) is the error difference between the desired value
(Yrer) and actual value of the plant, Y pian= T(u(t)). In this work,
e(t) is the ACE of the system, and for simplicity, it can be
considered as:

e(t) = Yref - Yplant (19)
The steps to design a self-adaptive FORNN-based PID
controller are detailed as follows:
Step-1: Formulation of objective Function — Define a positive
value quadratic energy function using Lyapunov theorem based
on the frequency error of the MG system as error signal e(?). In
some cases, the non-quadratic function can be chosen as
discussed in [41], [42], but the robustness is studied for
bounded disturbances. However, in case of P2P the
disturbances are unbounded and hence the function to be
minimized can be defined as (20).

E(Kp Ki Kq) = 5 €%(0) (20)
Substitute (19) in the above equation results in,
1 2
E(K 'Ki'Kd) = E(yref _yplant) (21)
Since,
Yplant = T(u(v) (22)

On rewriting (21) using (18) and (22) results in,
2
E(Kp, Ki,Ka) = 3 {rer = T [Kpe(t) +K; [ e(t)dt + Kq dZ—(t”]}
(23)
Equation (23) is the objective function to be minimized for
deducing the parameters of K, K; and K4 of FORNN with a
linear activation function. In FORNN, the parameters are
determined by computing the dynamics of the network to
minimize the energy function.
Step-2: Dynamics of Network [11], [23] - The dynamical
equations describing the gradient behavior of FORNN based on
the Caputo fractional derivatives are as follows:

DK, = e(t)D*T[u(t)]e(t) (24)
DYK; = e(t)D*T[u(t)]Dte(t) (25)
D*K; = e(t)D*T[u(t)]De(t) (26)

d . . . .
where, D = o s a differential operator; and ‘o’ is the

fractional order term whose value ranges from 0 to 1. Equations
(24) to (26) represent the RNN-based PID when ‘a = 1’ and
FORNN-

Function |
| rornn/

Dynamics
(DK, D°K,,D°K, )

L by
R

k k! kd
A 2
u(t)

Plant
(DG)

PID

Yplant
et Controller i

Yref

Fig. 6. Closed loop control system.

based PID controller when ‘0 < a < 1°. The fractal gradient of

the energy function for updating the weight of neurons is
defined as:

9%E

VeE = [—

555

a apqT
0%E 0 E] (27)

a a
KT  OKG
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The updating weight of the neuron using the gradients
(stochastic gradient descent (SGD)) from local training data is:
Wik = Wi — iV Eg e (Wei) (28)
Step-3: Activation Function -The gradient is used as input to the
activation function of the output layer of FORNN. Thus, K, =
e); Ki= ¢(u2); Ka= @(us); xp, xi and xq depict the inputs of
neurons, and ui, u; and u; are the dynamics of neurons K,, K;
and Ky, respectively. ¢ represents the purelin based linear
activation function of output neuron and is defined as
@():R - [0 1].
C. Federated Learning based FORNN

Federated learning or federated optimization is a recently
emerged technique to train the ML network in a distributed
way. The goal of FL is to train a NN using shared global data
from a federation of participating neurons acting as a local
learner under the coordination of a central server for model
aggregation. The network is generally learned using a local
gradient via back-propagation, as depicted in equation (28). In
this research work, a centralized consensus-based FL is used.
Its execution steps are detailed as pseudo-code in Algorithm 2.
Further, the executing process is explained in Fig. 7. After
initialization of the network, the weight W at time t = 0, the
k™ neuron sends its updated weight Wk and receives the
weights from its neighbor say i and j™ neuron depicted as
process step-1 to 4 in Fig. 7. Based on the received information,
the neuron updates its weight Wy sequentially to obtain the
aggregated model as [43]:

Wk = Wi + € Bieny, @i Wei = Wen)  (29)
Wik = Were — UV Ere (Wek) (30)
where €, is the consensus step size and can be chosen as (0, A),
where A= maxk(ZieNk ak‘i), the maximum degree of the
graph [43] depicting the network’s interaction topology. In
addition to the consensus step size, the SGD step size u is
defined in such a way that the fractal gradient V¥E;,
decreasing with respect to time. The sharing of the weight
information among neurons, calculation of aggregated model,
and updating its weight and sending to other neighbors in the
network are shown for the case of k™ neuron in Fig. 7.

Algorithm 2 Consensus-based FL-FORNN
Start procedure CFA (Ny, €, ;)
Initialize W, for k” neuron

for eachround oft=1, 2, ... do

receive W ; from neighbors Ny,

Yo < Wik

for all neurons ieN,, do

Yk < Wep+€ayi(Wei — W)

end for

update the weight of neuron Wi < Wep
send Wy, 1 i to neighbors

end for

end procedure

(#2)
Fig. 7. Consensus-based FL-FORNN.

(#3) (#4)

V SIMULATION AND RESULTS

The real-time implementation of proposed blockchain based
decentralized frequency control set-up is shown in Fig. 8. The
information of both the software and hardware details for the
implementation of private blockchain-based frequency control
are as follows: Geth (version: 1.10.6) with Node.js (6.14.6),
Web3 (5.12.0.py), Solidity smart contract (>=0.4.22 and
<0.7.0), Raspberry Pi (RPi) (4 Model B), RT-LAB (11.3.1.34)
and MATLAB (R2021a). The MG model consider for the study
consists of four prosumers and three consumers participating in
P2P energy trading. The smart contract developed for energy
trading and calculation of SCPM for frequency regulation of
open energy market system are implemented through
Raspberry Pi (RPi). The various DG prosumers participating in
trading are modelled in MATLAB using a linearized model and
implemented in OPAL-RT. A primary droop and secondary
controller are implemented in OPAL-RT, whereas the
supplementary control of SCPM calculation is implemented in
RPi which gives the power reference to each prosumer after
clearing the market. An UDP communication is made between
the RPis and OPAL-RT model to simulate the blockchain based
decentralized frequency control. The results obtained from the
set-up are discussed as follows:

Blockchain
running in RPy

Frequency control of
RT-Model

P2P trading of prosumer and
B consumer nodes

Fig. 8. Experimental setup of decentralized control of P2P energy trading
system

A. Blockchain-based Frequency Control

In this scenario, the energy trading between prosumers and
consumers occurs by generating a random selling and bidding
price and their energy capacity. For trading to occur, the price
value of each prosumer and consumer varies from $0.20/kWh
to $1/kWh. The consumer load varies from minimum to
maximum values of 350 kW to 500 kW, 400 to 550 kW, and
550 to 700 kW for consumers-1 to 3, respectively. The
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prosumer generation also varies between 600 to 700 kW, 400
to 500 kW, 400 to 500 kW, and 200 to 300 kW for prosumers-
1 to 4, respectively, to meet the varying consumer demands.
During this case of blockchain implementation, each consumer
and prosumer node are implemented using RPis, and trading
occurs inside the blockchain. The number of blocks generated
during the mining of each authority node is given in Fig. 9. Fig.
10 depicts the bidding price and demand requirement of various
consumers-1 to 3. Fig. 11 shows the selling price and maximum
power dispatching capacity of prosumers-1 to 4. To start
trading, the prosumers agree on the contract and compute the
SCPM to meet the demand of each consumer.

The power amounts traded by the prosumers are recorded as
given in Fig. 12 to meet the consumer demand shown in Fig.
10. During this case, the frequency of the MG system fluctuates
when P2P trading occurs. The frequency is regulated by the
implementation of supplementary control in addition to the
secondary frequency controller. The supplementary control
sends the power reference value after computing the SCPM in
the blockchain and the secondary control gives the power
command equivalent to the area control error. Both the power
commands and the primary droop control regulate the P2P
trading system frequency within the permissible limits of +0.2
Hz. In this case, the system was tested with the FORNN and
FL-FORNN tuned self-adaptive PID controllers, and the
frequency response is shown in Fig. 13. It is clearly seen that

x10%

4.129
4.128 |
3
g 4127
5
2
<
g 4.126
o
4125 _o@°
4124 L s - - .
0 5 10 15 20 25 30 35
Time (s)
Fig. 9. Mining rate of authority nodes.
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Fig. 10. Consumers bids and Power demand (a) Consumer-1 (b) Consumer-2
(c) Consumer-3 of MG participate in P2P trading.
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Fig. 11. Prosumers' selling price and maximum power capacity (a) Prosumer-
1 (b) Prosumer-2 (c¢) Prosumer-3 (d) Prosumer-4 of MG participate in P2P
energy trading.

the frequency oscillations are well regulated with FL-FORNN
control compared to those of the FORNN method. Overall, the
supplementary control with SCPM implementation in
blockchain and the FL approach of the neural network
effectively regulates the system frequency. Further, no
prosumers or consumers can violate the contract as the contract
is made through blockchain, which increases the security and
satisfaction of peers who participate in the trading.

‘ = Prosumer-1 == l'rosumer-2 ****eos Progumer-3 ==== Prasumer-4

I

1Ll

.

50
Time (s)

Fig. 12. Power dispatch by prosumers.
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Fig. 13. Blockchain-based frequency response of islanded MG system.
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Fig. 14. Frequency response of islanded MG.

B. Comparative study

In this scenario to study the performance of the proposed
controller with other state-of-the art, the various prosumers are
assumed to generate constant power with fixed prices to meet
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the consumer demand. The prosumers-1 to 4 selling prices of
$0.5, $0.6, $0.7, and $0.9 per kWh, respectively and their
dispatching power: 700 kW, 500 kW, 500 kW, and 50 kW to
meet the consumer demands. Consumers-1 to 3 have the
bidding price of $0.3, $0.2, and $0.1 per kWh, and their demand
capacity of 500 kW, 550 kW and 700 kW, respectively. During
this case of P2P energy trading, the SCPM was obtained to give
the power reference for DG as given in (30).

100 36 0
_|lo 64 21

secem=| ¢ % 4 (30)
0 0 8

It is seen that the prosumer-1 meets the consumer-1 demand
fully due to its low selling price compared to that of other
prosumers. The excess power of 200 kW was supplied to
consumer-2, and then the remaining demand of 350 kW of
power was contracted from prosumer-2 by consumer-2.
Similarly, the total demand of consumer-3 was provided by
prosumer-2 to 4 based on their priority of selling price. The
element of SCPM shows the per unit value of power with its
base value of 2,000 kW (MG maximum capacity). This power
reference, in addition to the secondary controller, is supplied to
the prosumer DGs to regulate the frequency of the system
during P2P energy trading. In this case, the developed islanded
MG model in RT-LAB is tested with well-established
controllers like Zeigler Nicholas (ZN), RNN [11], and the
proposed FORNN and FL-FORNN tuned secondary PID
controller for validating their performance. The dynamic
change in the frequency response is recorded as shown in Fig.
14. It is seen from the frequency response that the proposed FL-
FORNN approach settles faster to the steady state (50 Hz) at
0.64 s, FORNN at 0.97 s, the RNN and ZN technique at 2.1 s
and 2.5 s, respectively as depicted in Table 1. Almost at 2.5 s
all the control techniques makes the system/plant to reach the
steady state (i.e. the system frequency as 50 Hz). Since, the
proposed study is a dynamic analysis of the MG system which
more focus on the behavior of the system during dynamic or
transient state when subjected to disturbances. In other words,
the time taken to reach the steady state (i.e. settling time) is
more concern during the dynamic study. From the Fig.13, it is
be seen that the proposed FL-FORNN based PID controller
reaches the steady state faster compared to other techniques
presented. The various transient state indices measured are
illustrated in Table 1. Furthermore, the computational burden
can be measured based on the convergence of Lyapunov-based
energy function defined in (20) which is illustrated in Fig. 15.
Thus, the energy profile reaches the global minima by
minimizing the dynamics of the network to the stable
equilibrium state faster by the proposed FL-FORNN technique
with minimum computational time of 0.24 s than FORNN (0.81
s) and RNN (0.99 s) approaches.

TABLE 1: TRANSIENT PERFORMANCE OF FREQUENCY
RESPONSE

Control Settling [Peak- |Peak- Rise
Method Time (s) Undershoot| Overshoot| Time (s)
FL-
FORNN 0.6445 0.1658 0.0007 0.0067
FORNN 0.9791 0.2999 0 2.8052
RNN 2.1482 0.2417 0 1.046
ZN 2.5039 0.1222 0.034 0.0005
0.05 RNN
i 0.04 FORNN
o === FL-FORNN
s 0.03 T
a
- 0.02
(=]
& 0.01
c [)
w 0 LT O S S |
0 1 2 3 4 5
Time (s)

Fig. 15. Energy profile convergence of proposed network

C. Comparative Analysis of Control Schemes

A comparative study of proposed FL-FORNN based PID
control both in decentralized and centralized mode considering
the supplementary controller is discussed, in addition with the
traditional decentralized control without the supplementary
control. The performance analysis is made with the overall
consumers loading of 75% of plant capacity. The frequency
response obtained during this case is shown in Fig. 16. It is seen
that the proposed decentralized scheme with supplementary
control approaches the steady state frequency of 50 Hz faster
compared to other techniques presented. Although the
undershoot is a bit higher than the centralized control scheme,
the settling time is faster. Thus, it is understood that a desirable
frequency response is obtained using a sub-optimal
decentralized control than the centralized approach. To validate
the claim further, a study is made in the presence of RE power
variation in the MG system considered. The random model for
change in solar and wind power are given in [44], and their
corresponding frequency response obtained is illustrated in Fig.
17. The result shows that the initial transients are high in case
of centralized scheme than the decentralized approach by the
proposed FL-FORNN based PID control. However, both the
schemes regulate the system frequency within the standard of
+0.2 Hz with better performance being observed in
decentralized method.

— (.‘cmrnlizud.
Traditional Decentralized
Decentralized

Frequency (H7)
&
=
oL

0 2 4 6 8 10
Time (s)

Fig. 16. Comparison of different control schemes
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Fig. 17. Frequency response for RE power variation in MG

VI CONCLUSION

This paper presents the decentralized frequency control of the
open P2P energy market through the smart contract
implementation among the peers participating in the energy
trading. A concept of SCPM has been developed and
implemented in a PoA private blockchain to obtain the power
reference value for prosumers to trade their energy to the
respective consumers. Further, a federated learning-based
FORNN designed adaptive PID controller has been developed
to regulate the frequency of the open market systems within the
permissible limit of £ 0.2 Hz. The robustness of the proposed
FL-FORNN controller is verified against FORNN with
blockchain implementation in a hardware-in-the-loop
simulation set up with energy trading and SCPM computation
in the blockchain. The results show that the proposed FL-
FORNN approach regulates the frequency with minimum
steady-state error than the centralized scheme and traditional
LFC system. The study of the advanced learning of neural
network for frequency regulation of the multi-microgrid system
considering economic scheduling of DGs will be the future
scope of this research.

APPENDIX
DEG: Governor gain and time constant, K, =1,T,=0.1s,
Generator gain and time constant, K; = 1,T; = 1.2 s. Solar:
Inverter gain and time constant, K;, =1,T;, = 0.04s ,
Coupling delay constant, K;. = 1,T;. = s. Wind: Hydraulic
pitch actuator gain and time constants, Kp; = 1.25,T,; =
0.6 5,K,; = 1,T,, = 0.041. Turbine gain and time constant,
K3 = 1.4,T,3 = 1s. Coupling coefficient, K, = 0.08, Fluid
coupling coefficient K;; = 1.494. Inertia time and gain
constant, T, = 4 s, K;;, = 0.004. BES: Battery gain and time
constant, Ky = 1,T; = 0.1 s. Power System gain and time
constant, K, = 100, and T, = 20 s.
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