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Abstract
Residential microgrids (MGs) increasingly rely on decentralized energy sources and peer-to-peer
energy trading mechanisms to maintain uninterrupted power distribution. However, ensuring con-
currency between dynamic energy demands and supply responses remains a critical challenge,
especially under fluctuating load and availability conditions. This study proposes a novel
Demand Response Optimizer Model (DROM), leveraging Concurrent Extreme Learning (CEL),
and blockchain (BC)-based verification to enhance fairness, responsiveness, and efficiency in
energy allocation within residential MGs. The proposed DROM incorporates a feed-forward
neural network architecture, wherein demand biasing and trading weights are adaptively com-
puted to optimize energy dispatch. A BC framework is employed for decentralized storage and
validation of transactional records, preserving system transparency, data integrity, and facilitating
real-time energy trading decisions. The model operates across two user categories—Type 1
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(building/peer-level) and Type 2 (residential individual)—and dynamically balances demand and
response by minimizing bias while maximizing weight assignments across energy requests. The sys-
tem is evaluated using real-world MG simulation data. Empirical results demonstrate that the pro-
posed model achieves a 14.62% increase in optimal energy trading efficiency and a 14.77%
improvement in demand coverage for Type 2 users. Furthermore, the framework delivers a
16.11% enhancement in power distribution and a 14.01% gain in trading reliability compared to
benchmark methods. These findings underscore the effectiveness of the CEL-based BC-integrated
framework in addressing concurrency, demand suppression, and equitable energy sharing in
decentralized smart energy networks.

Keywords
Blockchain, concurrent learning, demand response, energy efficiency, energy trading, extreme
learning machine, microgrid, peer-to-peer networks

Introduction
Energy trading in residential microgrids (MGs) allows residents to buy and sell excess electricity
inside localized networks (Clift et al., 2024). Decentralized energy management improves grid
resilience by incorporating renewable energy sources such as solar and wind. Real-time pricing
methods alter electricity prices based on supply and demand fluctuations (Liu et al., 2023).
Smart meters and automation technology enable frictionless interactions between prosumers and
customers (Hussain et al., 2024b). Grid stability improves as localized trading decreases reliance
on centralized power systems (Afzali et al., 2024). Efficient market arrangements ensure that all
participants receive fair pricing and make the best use of resources (Alfaverh et al., 2023).

Demand response (DR) methods improve energy trading efficiency by changing electricity use
in response to real-time grid conditions (Yang et al., 2022). Price-based DR encourages users to
shift their energy usage to off-peak hours to save money (Hussain et al., 2024a). Incentive-based
schemes provide financial benefits for lowering consumption during peak demand periods
(Xiong et al., 2024). Advanced metering infrastructure facilitates dynamic communication between
users and grid operators, resulting in better load control (Zhang et al., 2023). Adaptive control sys-
tems balance electricity supply and demand, which leads to grid stability and lower operating costs
(Du et al., 2024).

Blockchain (BC) technology improves peer-to-peer (P2P) energy trading by making transactions
secure and transparent (Boumaiza and Sanfilippo, 2024). Decentralized ledgers eliminate the need
for intermediaries, which reduces transaction costs and increases efficiency (Sindi et al., 2024).
Smart contracts automate energy exchange agreements, which assure compliance and confidence
among all participants (Choobineh et al., 2023). Cryptographic security avoids data tampering
and improves the integrity of transaction records (Su et al., 2024). Consensus systems validate
transactions in real-time, which increases system reliability (Jing et al., 2023).

Optimization algorithms improve decision-making in home MGs, enhancing DR energy trading
(Zou et al., 2024). Game-theoretic models balance consumer and producer incentives to promote
fair trading practices (Luo et al., 2023). Genetic algorithms optimize energy distribution by finding
the best trade solutions from a variety of options (Yang et al., 2024). Reinforcement learning
algorithms react to real-time market situations, resulting in better pricing and scheduling
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(Chen et al., 2024). Multi-objective optimization methods for MG operations strike a balance
between cost reduction and energy efficiency (Li et al., 2024). Achieving concurrency between
energy demand and response is essential for enabling efficient and reliable P2P energy trading
within residential MGs.

This research is essential as it combines two new technologies, concurrent learning methods and
decentralized ledger technologies, to address an important issue in P2P energy trading: maintaining
dynamic demand and responsive supply by home MGs. The proposed Demand Response
Optimizer Model (DROM) differs from current methods that merely react to DR imbalances. It
uses a feed-forward architecture led by Concurrent Extreme Learning (CEL) to proactively share
energy based on learned patterns of usage and availability. BC provides deals with readily apparent
storage that is secure from interference, and decentralized verification, all of which are important for
trust in energy exchanges. This two-framework method not only makes energy distribution fairer
and more responsive; however, it also reduces demand suppression and makes trading more reli-
able. As a result, this study presents a technically advanced and easily scalable approach for future
innovative MG ecosystems that require operating in a manner that is robust, equitable, and
energy-efficient.

The remainder of this paper is structured as follows. Literature review and problem description
Section gives a full overview of the relevant literature and lists the main research gaps that led to the
present study. Proposed methodology Section describes the dataset used, along with its structure
and relevance to the residential MG environment. It provides detailed information on the proposed
DROM, including its construction, BC integration, and simultaneous learning capabilities. It goes
into great detail about the algorithmic procedure, model evaluation, and theoretical foundations. In
Results and discussion Section, the results of the experiments, a comparison of the outcomes, and
graphs showing the performance indicators will be presented. It discusses the most important
results, the model’s errors, and how it could be improved in the future. Finally, Conclusion
Section concludes the article with important information and suggestions for decentralized energy
trading in smart residential MGs.

Literature review and problem description
(Cui et al., 2024a) developed a competition padding auction (CPA) mechanism for P2P energy
trading. The CPA is used to identify the deficit problem that causes issues to the networks. The
mechanism uses a consortium BC technology to create effective services for energy trading. It reduces
operational costs, which in turn elevates the efficiency of the systems. The developed mechanism
increases the effectiveness level of the trading systems. Zhou et al. (2023) proposed a fully decentra-
lized transactive energy management for P2P energy trading in distribution networks. The proposed
method is used to generate optimal paths for power flow that minimize the latency rate. The method
is used as an alternative direction method that analyzes the power flow of the constraints. The proposed
method enlarges the feasibility and privacy range of the networks. (Saatloo et al., 2022) designed a
new decentralized P2P energy trading for MGs. The developed method is used to evaluate the DR pro-
grams that are performed in MGs. It is used to prevent prosumers’ private data from leaking during
communication services. The designed method improves the efficiency level of the systems. It also
optimizes the problems that occur during energy trading services.

Yu et al. (2022) introduced a multi-leader multi-follower Stackelberg game approach for DR in
smart grids. The approach analyzes the decision-making behaviors of the customer to get feasible
data for DR. The introduced approach also calculates the potential functions via the resource trading
process. The introduced approach maximizes the profit and net utility rate of the systems. Abdella
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et al. (2022) named a hierarchical concurrent optimistic BC consensus protocol. The local and glo-
bal consensus is analyzed to produce interdependent transaction services for the clients. The pro-
posed protocol eliminates burdens during energy trading. Experimental results show that the
proposed protocol elevates the throughput range of the trading systems. Wang et al. (2022) devel-
oped a new P2P energy trading model for residential prosumers. The developed model utilizes a
structured approach and decision-making strategy to optimize objectives from the networks. The
model provides a solution to match the power supply imbalance that occurs during trading services.
The developed model reduces the computational cost ratio of the systems.

Wei et al. (2024) introduced an online accelerated distributed approach for P2P energy trading in
carbon-aware prosumers. The introduced approach uses differential privacy strategies that produce
privacy solutions for the prosumers. The approach analyzes the intensity of carbon to reduce the
computational complexity of the systems. The introduced approach enhances the efficiency and
robustness range of the systems. Mohammad-Shafie et al. (2024) designed a load-reliant cost-driven
framework for P2P energy trading systems. The developed framework is used in battery-enabled
industrial towns that require proper trading services. The framework provides flexible solutions
to enhance the energy trading processes for prosumers. When compared with others, the designed
framework increases the accuracy and security level of the systems. In Table 1, the rest of the refer-
ences are summarized with their features and results.

Recent literature showcases rapid advances in MG optimization, demand-side management,
and electric vehicle (EV) integration through emerging technologies and algorithms. Singh et
al., (2025a) proposed a novel hybrid approach using price-elastic DR and greedy rat swarm opti-
mization to achieve both economic and environmental gains in MGs. Complementarily, Panda
et al. (2025) introduced a smart residential demand-side management framework integrating
EVs and optimization techniques for enhanced grid interaction. Singh et al., (2025b) further pre-
sented a BC consortium-based system to support secure, standardized, and interoperable DR
operations. In another related work, Singh et al., (2025c) developed a hybrid policy-based strategy
for MGs that balances economic performance and emissions. Additionally, Singh et al., 2024b
employed an AI-integrated BC framework to optimize DR and load balancing in smart EV char-
ging networks. Paul et al. (2025) contributed by utilizing quantum particle swarm optimization to
reduce both cost and emissions in grid-connected MGs. Addressing uncertainties in large-scale
systems, Suresh et al. (2025) optimized resilient virtual power plant operations in distribution sys-
tems during extreme events. Real-time power scheduling and performance enhancement were
tackled by Selvaraj et al. (2024) using a crow search algorithm, while Rajagopalan et al. (2024)
designed a multi-objective energy management framework using an iterative map-based, self-
adaptive crystal structure algorithm. Singh et al., (2024a) also highlighted machine learning’s
role in energy forecasting and management for MGs with distributed energy resources. Güven’s
recent works offer an extensive exploration of MG and EV integration optimization. In Güven
(2025a), a hybrid Salp Swarm–Kepler optimization algorithm was introduced to improve MG siz-
ing and energy management with EV integration. Güven and Yücel (2025b) developed
energy-efficient EV charging models for sustainable MG operations. Güven et al. (2025c) pro-
posed a beluga whale algorithm enhanced with quadratic interpolation to optimize energy use
in hybrid MGs serving small hotels. In a stochastic framework, Güven (2024a) focused on the
future-ready integration of EVs into hybrid MGs under renewable uncertainty. Finally, Güven
(2024b) provided a comprehensive survey of heuristic and evolutionary techniques applied to
MG optimization, laying the groundwork for future intelligent control strategies. These contribu-
tions collectively underscore the diverse algorithmic innovations shaping next-generation energy
management systems.
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The most significant value observed in prior methodologies lies in their ability to support
uninterrupted power distribution within MG systems. These approaches typically focus on enhan-
cing P2P energy trading to maximize the integration and utilization of available power sources in
response to user demands. However, a critical challenge persists: maintaining equilibrium between
power availability and distribution, especially during periods of fluctuating generation or unpredict-
able consumption. This balance is not merely a technical constraint but a fundamental compensa-
tory mechanism required to ensure the operational stability of smart city-based MGs.

In real-world applications, the presence of incomplete or misleading information—particularly
under volatile conditions—necessitates the use of augmented energy sourcing and demand-side
biasing strategies. This introduces a need for more nuanced categorization of demand levels,
beyond traditional binary distinctions such as “optimal” or “surplus.” Instead, granular demand
classification is essential to map power availability to dynamically changing consumption profiles
intelligently.

To address this gap, we propose a DROM that explicitly separates the phases of energy avail-
ability and distribution as pre- and post-trading feasibility states. The model incorporates concurrent
learning-based biasing mechanisms to maintain synchronization (concurrency) between demand
and response cycles. By embedding this concurrency into its decision logic, the optimizer ensures
adaptive, fair, and efficient energy allocation, thereby maximizing the effectiveness of power dis-
tribution across residential MGs.

In essence, while previous research has made significant progress in BC-based energy trade, auc-
tion mechanisms, game-theoretic techniques, and decentralized control, most individuals focus on
economic optimization, privacy preservation, or structural decentralization. There is a lack of
approaches that directly address the synchronization (concurrency) between real-time demand
and response. This is important for making sure that residential MGs are fair and reliable when
the power is eliminated. Also, most current systems don’t have real-time learning frameworks
that can change how energy is allocated based on how users behave in real time. The DROM fills
these gaps by combining extreme learning with trading decisions that are verified by BC. It makes
sure that energy is used effectively and efficiently.

Proposed methodology

Dataset description
The data sources used in this article are referenced from “Peer-to-peer energy trading” simulation
outcomes presented in [38]. The energy source integration for residential MGs is modeled as pre-
sented in Figure 1. This model relies on different flexibility based on demand storage, and power
generation. Based on this feature, the MG model is depicted below.

The data represented above is of two categories: Type 1 (buildings and peers) and Type 2 (indi-
viduals and residences). The distribution demand, power generation, and consumption using the
MGs are also described in the above illustration. Based on the distribution, the peak generation
and consumption are to be balanced across type 1 and type 2 consumers. The average consumption
ranges between 1.4 kW and 18.5 kW, whereas the maximum demand is 25 kW, based on user
demands. The response between generation and availability is used to satisfy demand and ensure
maximum power generation (Figure 1). The distribution demand and generation throughout the art-
icle are described using the type 1 and type 2 users for energy trading. The initial demand analysis
for a day under 2 types and a maximum of peers is represented in Figure 2.

Singh et al. 7



The demand analysis is performed to improve energy efficiency through better energy trading.
For this analysis, the power availability check is processed and transmits the energy to the receiver/
consumer. Here, the study is based on energy transmission without any demand; computation uti-
lizes the BC. The energy source is used to acquire power, and trading is performed based on the
allocation. The time slot is used to detect the demand on the MG, where the power availability
is processed on the BC (Figure 2). This demand analysis is required to verify and compute the max-
imum energy trading requirement to meet the response (maximum). Regardless of the Type 1/ Type
2 users, this requirement is mandatory to ensure maximum power availability.

Proposed demand response optimizer model
In real-world MG structures, energy trading is limited by factors such as transmission line capacity,
voltage change limits, and real-time network congestion. The present model attempts to improve
DR concurrency and trading efficiency by using CEL and BC integration. However, it assumes
that the distribution network is perfect and lacks any voltage fluctuations or congestion constraints.
This makes it simpler to observe how our learning-based strategy affects performance. However, in
the actual world, these assumptions need to be changed to take into consideration reactive power
control, line impedance, and voltage regulation regulations to make sure that trading decisions com-
ply with grid reliability standards. Using optimal power flow-based validation, future versions of
this model can take these technical limits into account.

Both BC and energy management are jointly used in the MG ecosystem to emphasize the decen-
tralized energy system. A MG is an energy trading system in a residential area with several homes,
some of which are prosumers (consumers and producers of energy simultaneously). Here, the
energy trading takes place between the sender and the consumer on the MG. Real-time energy pro-
duction and consumption forecasting are processed by sharing the information with other network
nodes. From the residential MG, the energy is transferred in the form of energy sources that include

Figure 1. MG model with data representation. MG: microgrid.
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water, wind, or sun. This evaluation is conducted based on the source of energy transmission. The
proposed DRO model processes are depicted in Figure 3.

Here, energy trading is used to share any form of energy with the grid. If necessary, energy is
then acquired from another form. The power availability is used to analyze the demand and
response based on the energy, which is associated with weight and bias. This computation of energy
distribution is advanced by introducing the BC, which acts concurrently on demand and in
response. Here, the power distribution is computed by introducing CEL and improving energy

Figure 2. Demand analysis before trading.
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efficiency. The initial step involves discussing the objective of how power distribution is processed
based on energy trading, as derived below.

N (A) = Ey′ � DB′
u∑

R(G) eg(S)
∗
∑rs′
g0

m0(S)− OUy (1a)

The analysis is computed above for the objective discussion, where the power distribution is pro-
cessed from the residential MG, and it is represented as R(G). The power distribution is defined as
transmitting the energy to the consumer, and it is described as DB′

u. Here, the energy trading is
labeled as Ey′, which is used to share the energy source from the consumer to the producer.
Here, the analysis is symbolized as N (A) to generate energy efficiency. The transmission of energy
is represented as rs′ from the sender, which is said to be a MG. The energy source from the MG
includes the sun, wind, or water, and they are described as eg(S). Table 2 shows the symbols
and definitions.

The energy is g0 acquired from the residential MG, which indicates the time slot for the trans-
mission of energy, and they are described as m0(S). The concurrency is OUy which is used to ana-
lyze the equal energy transmission between the sender and the consumer. The objective is to
enhance energy efficiency during transmission between the sender and the consumer. From this
analysis step, the BC is introduced, where it stores the energy, and mapping is performed with
the previous source. Regarding the objective of power distribution, the challenges are considered
inefficiencies, a lack of trust, and limited scalability. Considering this constraint, the efficiency
degrades, so the evaluation takes place on the residential MG where the concurrency is managed
for the demand and response, and it is formulated in the equation below.

V (β) =
∏
R(G)

eg(S) ∗ Ey′ + {[(rs′ + g0) ∗ OUy]}+ (Mad ∗ Re′p)− m0(S) (1b)

The evaluation is processed on the above equation, where the concurrency is identified for the
demand and response, and they are symbolized as Mad and Re′p, the evaluation is V (β ). The

demand and response are based on the consumer and the producer of the MG. Here, the demand
is estimated by the producer, who faces energy limitations during transmission, whereas the sender
responds. The evaluation of energy is computed on the required time slot based on the request from

Figure 3. Proposed DRO model processes.
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the residential MG. The concurrency check is performed on demand and in response. The demand
is satisfied by providing the required energy to the consumer; in this process, the response is pro-
vided within the specified timeslot.

Thus, the concurrency is used to identify the demand from the MG, and based on this, a response
is given. In this evaluation, the energy source is used to transmit the energy concurrently where it
satisfies the demand and response, and it is formulated as {[(rs′ + g0) ∗ OUy]}. The analysis deter-
mines the energy acquired from the source and mitigates the demand by generating a response.
From this evaluation, the energy source is computed as a P2P process and is expressed in the equa-
tion below.

∅0 =
∏R(G)
eg(S)

Ey′ ∗ (g0 + N (A)− Re′p)+Mad + (N (A) ∗ rs′)− m0(S)

+
∏
g0

rs′ ∗ (DB′
u + Ey′)− R(G)+ [(OUy ∗ eg(S))+ R(G)]

− Re′p + [(V (β) ∗ R(G)+Mad]− Re′p + (N (A) ∗ R(G)+ m0(S))

(2)

The computing is formulated to analyze P2P energy trading, which is reliable for maximizing
power availability to meet various residential demands. Energy trading is used to examine the
demand and response from the producer, and energy is given as the response to the consumer.
The computation is represented as∅0, where the timeslot is considered for the energy transmission.
Energy trading is reliable for maximizing power availability for various residential demands.
Concurrency plays an essential role in demand and response, as power availability is evaluated
through energy trading. The response analysis is depicted graphically in Figure 4 for different par-
ameter variants.

The response is given based on the energy requested from the consumer to the residential MG.
Here, the P2P transmission E(P)+ rs′(g0) ∗

∏
R(G)

eg(S) takes place to reduce energy demand and
improve the response. Once the demand is reduced, then the response (Re′p + Pw′

a) ∗
N (A), for all Pw′

a ∈ Db′u is higher, whereas the power distribution is evaluated. Here, the energy
source eg(S) ∗ Ey′(Mad − Re′p) is used to acquire the energy in any form, and then, concurrency
takes place for the weight and bias, which is processed on the BC (Figure 4). Energy trading is
essential for the response analysis, where P2P is processed between the consumer and the producer
on the MG. This P2P indicates the energy sharing from the residential MG and distributes the
power. The power is generated in the form of energy that is traded between sources, which is esti-
mated through the P2P process. From this energy source, P2P, the analysis processes how energy

Table 2. Symbols and definitions

Symbol Definition

ω Weight vector in feed-forward learning model
b Bias value associated with energy allocation
ωgO Initial weight from grid layer (global source)
bia Bias parameter estimated from blockchain records
Mad Mean absolute deviation between demand and response
T Time slot for demand response analysis
Pi Power availability at node i
Di Energy demand from user i
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availability is computed and is formulated in the equation below:

E(P) = eg(S)+
∏
∅0

Ey′ ∗ (Mad + Re′p) ∗ [(m0(S)+ R(G)) ∗ OUy] (3)

The P2P is computed to define how the energy source transmits the power with availability.
Based on power availability, the residential MG transmits energy as needed. This is processed to
reduce the deficiency and improve the efficiency of the power generated from the MG. This

Figure 4. Response analysis for different parameters.
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evaluation is considered to identify the source and transmit the power. By processing it, the system
addresses challenges that degrade the power, which are often due to the producer’s issues, such as
energy tokenization and transparency.

The P2P acquires energy and shares it in any format on the grid, as required. Here, the demand
and response are considered in this P2P process to ensure efficiency, and it is represented as E(P). A
brief explanation is provided for this P2P process, which is also discussed in the context of extreme
learning and concurrency.

The goal of the proposed model is to find the most effective method to distribute energy by redu-
cing demand bias and increasing energy dispatch weights among different types of consumers. The
primary objective of the optimization is to adjust the weights and biases of the CEL model, ensuring
that supply and demand occur simultaneously.

Concurrent extreme learning
The energy sharing is processed concurrently for the weights and biases that are computed on the
BC. The BC is used to store information regarding energy sharing with the nearby grid. This learn-
ing is processed P2P, indicating energy trading that predicts whether the energy meets demand and
response requirements. This process is based on a condition and results in concurrency, as derived
in the equation below.

N (A), eg(S)) =
∑

max g0(rs
′)

R(G)
E(P)

∗ [(rs′ + Ey′) ∗ V (β)] (4)

The analysis for the energy source is evaluated in the above equation, where the maximization of
energy is considered and then transmitted in the P2P format. The computation utilizes the power
distribution to ensure accurate operation without energy degradation. The maximization is
described as max, where max represents the highest energy consumption. The maximization is
used to utilize CEL to analyze the maximum support for energy trading. This support is verified
based on the maximum power availability to satisfy the residential demands. CEL introduces the
P2P regarding energy trading, and it is equated in the following equation.

Ey′ =
�����������������
(R(G)+ eg(S))

√
OUy + (wg0 + bia)

∗
∑Re′p
Mad

Alloc(g0 ∗ R(G))+ DB′
u ∗ [(OUy + eg(S) ∗ E(P))] ∗

∑
N (A)

DB′
u

+ Pw′a ∗ DB′
u

Pw′
a

( )
+ Alloc ∗ Tc′(eg(S))+

∑
OUy

E(P) ∗ |(max(g0 + E(P)) ∗ V (β)| + (eg(S) ∗ Re′p)

(5)

The energy trading is expressed in the above equation, where the power distribution is estimated
based on the energy allocation, and it is represented as Alloc, which reduces the demand on the MG.
Once the demand is reduced, then the response increases and satisfies the power distribution. Here,
the power availability is represented as Pw′

a where the P2P is considered to share the power among
the different sources. The trading is used to analyze the power on the required timeslot. The learning
model to retain concurrency between demand and response is depicted in Figure 5.

The illustration of extreme learning for concurrency validation is given in Figure 5. The concur-
rency in demand/ response through PW ′

a and Alloc is balanced using Ey′. This Ey′ is identified for
non OUy under power demand identified (existing) in t (or) E(P). Both cases are determined by
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equating Mad and Re′p in various t. Besides the E(p) based on availability, it is correlated with the
V (β) demand outcomes to categorize t. In this categorization t ∈ PW ′

a and t ∈ Alloc is the dividend
under max go and min go. Therefore, the t ∉ belonging to both of the above are classified as OUg.
Thus, the concurrent and non-concurrent request/response demands are identified. The training to
check demand in t and E(P) cases is updated for multiple available (power) cases. Therefore, the
maximum OUy and Ey′ demands are suppressed for maximum Mad∀ Re′P. The timeslot is used to
analyze how much energy is required for the distribution or transmission based on this energy, and
trading is computed, whereas weight and biases are concurrent and are symbolized as wg0 and bia.
The allocation makes the power distributed efficiently and reduces the demand. Thus, the allocation
of energy is estimated from the residential MG, and that is based on power distribution, and it is
represented as Alloc(g0 ∗ R(G))+ DB′

u. The derivative description is presented in Theorem 1.

Theorem 1: The initial computation for weights and biases is evaluated to decrease the demand
factor, where the P2P transmission E(P)+ rs′(g0)−Mad It is processed as energy trading. The
trading is estimated using BC technology. Bk (Ey′ ∗ eg(S)), for all Ey′ ∈ Pw′

a where the weight
and bias are concurrent for the power distribution.

Discussion 1: OUy(V (β)) =
∑bia
wga

DB′
u ∗ [(R(G)+ α(R)) ∗ Alloc], for all α(R) ∈ Bk (T1.1)

The concurrency is processed for the weight and biases Alloc(wga + bia) for the energy alloca-
tion to decrease the demand. Here, the demand is reduced by the power availability acquired from
the energy source, ensuring concurrency. The feed-forwarding is used for the concurrency of
weights and biases, which are equal to each other. The equation below is used to define the con-
currency for weights and biases.

N (A)+ OUy ∗
∑
E(P)

∅0 + (DB′
u ∗ wga) = eg(S)+ Ey′ ∗ bia + Pw′

a ∗ rs′ + R(G)

Figure 5. Learning model for demand and response concurrency analysis.
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(OUy +∅0) ∗ wga + DB′
u ∗ E(P) = eg(S) ∗ (bia ∗ Pw′

a)+ Ey′ − rs′

OUy ∗ (DB′
u + wga) ∗ E(P) = bia ∗ eg(S)+ Ey′(Pw′

a)

wga ∗ DB′
u + E(P) = eg(S)− bia ∗ Pw′

a

(wga ∗ DB′
u) = bia − Pw′

a

wga = bia

LHS = RHS (T1.2)

The proof is computed in the above equation, where the LHS equals the RHS, with the weight
and bias equal to each other on the concurrency. Here, it estimates the p Pw′

a + g0(OUy) Owner
availability for the analysis of weight and bias, and ensures the concurrency.

eg(S), N (A) =
∏
E(P)

rs′ ∗ g0 − m0(S)+ Ey′(OUy) (T1.3)

The energy source is used to forward energy to the consumer, indicating demand and response.
This process balances the weight and biases to achieve the response. The bias balances the response,
whereas the demand is used for the weight allocation.

In the energy trading, the power availability is computed below.

Power availability
The power availability is used to estimate the demand and response, where the P2P is computed for
the energy trading. Here, it estimates the power distribution from the MG and analyzes the energy
trading. From the demand and response, the weights and biases are concurrently estimated. The
evaluation is processed to improve power availability on the residential MG. The following equa-
tion is used to calculate power availability.

Pw′
a = Ey′ + [(DB′

u ∗ OUy)+ eg(S)] ∗
∏
m0(S)

rs′ − E(P) (6)

The power availability for the energy is detected from the MG, where the timeslot is used to ana-
lyze the energy demand and provide the necessary action to improve the energy sources. The con-
currency is processed for the demand and response, where the energy trading is estimated from the
different energy sources. Here, the power distribution is evaluated for energy trading, and the pro-
ducer transmits energy to the consumer. The response rate is higher due to the analysis of power
availability. The availability check is estimated to reduce the demand by periodically analyzing
the power availability. This is how the power availability is computed in the above equation,
and from this classification of power availability, the following equation is derived.

α(R) =
(Pw′

a + Re′p) ∗
∑
OUy

DB′
u + eg(S)− N (A), ∀ Demand

∏
OUy

E(P) ∗ Re′p + (DB′
u ∗ Ey′)+ R(G), ∀Response

⎧⎪⎨
⎪⎩ (7)

The classification is processed for demand and response, where the first condition represents
demand based on power availability in the residential MG, thereby improving energy transmission.
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The second condition defines the response where the distribution is estimated from the energy
source in the required time slot. The energy source is evaluated in terms of demand and response
by computing the BC, which stores information about the previous energy from the MG. The power
availability matching the demand and response is analyzed in Table 3.

The power availability is classified as demand and response (Mad + Re′p) ∗ m0(S)+ Alloc
where the power distribution takes place as the output from the residential MG. Based on the energy
availability, energy trading Ey′(g0 + rs′)− m0(S) is processed from the source. Here, the evalu-
ation is processed on the CEL, where the source Ey′(R(G) ∗ DB′

u)+ OUy Energy is transmitted
to the receiver during the specified time slot. This time slot is used to improve m0(S)+ Alloc(g0)−
N (A) ∗ Re′p the efficiency of the available energy from the MG (Table 3). The demand and response
theorem and discussion are given below.

Theorem 2: The demand and response are concurrent to each other by estimating the CEL
where the training ag(t)− OUy + Alloc(g0) is given if there is non-concurrent is detected.
This is evaluated with the feed-forwarding Fd + Bk ∗ E(P), for all Fd ≡ V (β) learning where
the energy trading is computed from the different sources and finds for the power availability.

Alloc(g0 + eg(S)) ∗Mad + DB′
u − Ey′ =

∏
α(R)

E(P) ∗ Pw′
a + m0(S)− sor(Re

′
p)

g0(Alloc ∗Mad)+ DB′
u ∗ eg(S) = E(P)+ mo(S) ∗ Re′p + α(R) ∗ Pw′

a

(Mad ∗ DB′
u)+ eg(S)− g0 = Re′p(E(P)+ Pw′

a) ∗ m0(S)

Mad + eg(S) ∗ DB′
u = (E(P) ∗ Re′p)+ Pw′

a

eg(S)+Mad = Pw′
a + Re′p

Mad = Re′p

Table 3. Power availability analysis matching demand and response.

Time (Hrs)

Demand parameters Response parameters

OUyPw′
a(%) Mad (kW) wg0 m0 (kW) Pw′

a (kW) Rep(%) bia Alloc (kW)

2:00 21.36 0.075 −0.342 1.41 37.18 79.75 0.632 6.02 1
4:00 94.69 0.602 0.923 5.20 77.19 83.17 0.195 4.41 0
6:00 87.67 1.114 0.579 17.46 77.22 83.58 0.341 10.74 0
8:00 57.65 1.165 −0.295 8.57 58.87 82.94 0.599 2.91 1
10:00 86.46 0.379 0.242 15.15 84.74 85.62 0.314 9.55 0
12:00 99.66 0.673 −0.368 8.23 64.52 84.23 0.909 9.95 0
14:00 42.19 1.379 −0.769 8.44 88.18 80.44 0.809 16.94 1
16:00 86.73 1.554 −0.335 12.45 50.09 90.39 0.949 3.25 0
18:00 41.25 1.731 0.674 7.27 60.82 94.00 0.350 9.24 1
20:00 30.04 0.116 −0.399 16.21 53.48 93.04 0.159 2.42 1
22:00 79.15 0.196 0.401 16.41 52.65 90.55 0.487 16.36 0
0:00 99.51 0.548 −0.277 17.02 46.40 83.06 0.504 5.08 0
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LHS = RHS (T2.1)

Discussion 2: The allocation of energy is computed in the above equation where the BC is pro-
cessed with the power availability. Here, the concurrency is estimated for the demand and response
which is processed on the feed-forwarding learning. The input is acquired from the power availabil-
ity based on the energy availability Pw′

a + (Mad)+ Re′p, for all Pw′
a ≡ eg(S) the transmission is

estimated, so the demand is reduced by improving the response factor.

Alloc(N (A)) = (wga + bia) ∗
∑
OUy

Bk + ag(t)− OUy, where Bk ∈ sor (T2.2)

This energy allocation is used to reduce the demand estimated through the demand and response
model, where the timeslot is utilized to enhance efficiency. Here, the analysis is processed on the
BC, where information about previous energy is stored and matched with the requested energy. A
response is given as the feed-forwarding process.

Usage of blockchain
BC is a decentralized, shared digital ledger that registers assets and keeps track of transactions
another name for this technology is Distributed Ledger Technology. BC technology is a system
that keeps public transactional records, or blocks, in several databases, or the “chain,” in a network
that is connected by P2P nodes. This type of storage is commonly known as a “digital ledger.” The
BC is used to store information that is used to predict energy. The equation below is used to com-
pute the concurrency of weights and biases, which are equal to each other.

OUy =
∑m0(S)

g0

(Re′p +Mad) ∗ α(R)+ (wg0 + bia) ∗ [(E(P)+ DB′
u) ∗ eg(S)]+ R(G)

− Alloc(Pw′
a ∗ N (A))− rs′ ∗ (wg0 + bia)+ E(P)+ Ey′(MAd + Re′p) ∗ m0(S)

+ Alloc(eg(S) ∗ Pw′
a + (V (β) ∗ R(G))+ N (A) ∗ g0 − m0(S)

(8)

The concurrency is evaluated for the weight and bias energy trading takes place on the BC, and
ensures energy efficiency. Here, it estimates the weight of the demand where the energy is allocated
and determines the amount of energy allocated. The bias is used to balance the response and evalu-
ate the concurrency with the feed-forwarding method. The feed-forwarding in the network flows in
a single direction, whereas input is given from the BC that holds the weights and biases stored on
the record. The output is provided as concurrent power distribution. The feed-forwarding is pro-
cessed with the input and then forwarded to the neural layer with the mentioned weights and biases
for the demand and bias. From the different energy sources, the energy is allocated with weight and
bias. From this evaluation, the demand and response are processed on the feed-forward method, and
they are formulated below.

V (β, Mad) = E(P)+ R(G)∑
eg(S) OUy

∗ [(wg0 + m0(S))+ (g0 + eg(S))] (9a)

V (β, Re′p) = g0(rs
′ ∗ OUy)+

∏
E(P)

m0(S)− N (A)+ Ey′ (9b)

Singh et al. 17



The evaluation for demand is computed in equation (9a), where the weight is used for the allo-
cation of energy on the MG. Here, the power distribution is evaluated based on demand, utilizing
BC technology to analyze energy from the previous grid and provide it to the current grid, thereby
ensuring efficiency. Equation (9b) represents the evaluation for response, used to check whether it
balances the response. The bias factor for concurrency retention through different influencing para-
meters is analyzed in Figure 6.

Figure 6. Bias factor analysis for concurrency retention. (continued)
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The bias factor is computed on the feed-forwarding process, where bias is used to balance the
response. The concurrency (OUy + bia) ∗

∑
g0
N (A), the demand and response are estimated for

the mentioned time slot. Here, the evaluation is used Bk (Fd ∗ OUy)− rs′ to store the energy-based
information that is processed on the BC. The BC stores the information and maps with the previous
R(G)++eg(S) ∗ V (β)+ ∏

Pw′
a

(g0 + E(P)). Energy is generated from the MG and then transmitted to
the receiver. This is how the bias factor is balanced upon the response (Figure 6). Based on the deci-
sion, the response is given from the MG, utilizing this energy, and then transmitted. Following this
evaluation, BC is used to store information derived from weights and biases, which is then

Figure 6. Continued.
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processed in a feed-forward manner.

Bk(C, Fd) =
∏eg(S)
DB′

u

(g0 ∗ Pw′
a)+ Re′p(Mad) ∗ Ey′ (10)

The BC entries are computed using feed-forward, where the power distribution is processed
based on demand and response. Here, the previous record is used to transmit energy from the

Figure 6. Continued.
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MG, utilizing the prediction. Based on the computation, the BC retrieves the information from the
stored data, and it is described as Bk . Considering the BC for feed-forwarding, which is estimated
in a single direction and is labeled as Fd , where the input is given on the network and provides the
output as the power distribution. Using the concurrency, the demand and response between the
MGs and the peer energy sources are balanced. The concurrency is achieved through BC entry ver-
ifications, which are updated based on previous biases and weights assigned. The training is pro-
cessed for the minimum bias and maximum weights, which are derived in the following equation.

ag(t) = Vs(p)+ Bk ∗ Fd ∗
∑
Alloc

OUy( max (wg0) ∗min(bia)) (11)

The training focuses on the degradation of energy from sources where trading occurs, utilizing
previousMG data. This is represented as (p), where energy allocation is estimated during the training
process, and is symbolized as ag(t). The training is given to improve the efficiency and processes
related to concurrency for demand and response. The feed-forward learning network is trained using
the minimum bias and maximum weights assigned to ensure a high response. Henceforth, the con-
sideration of power requirements and energy sources is integrated, as detailed below.

In(G) =
∫Pw′

a

eg(S)
ag(t)+ R(G) ∗

∏
(wg0+bia)

(Mad + Re′p)− OUy (12)

The integration is described as In(G), which combines the power from the MG and energy
sources. Here, the BC is processed by feed-forwarding on weights and biases. P2P energy trading
is a reliable method to maximize power availability for various residential demands. The proposed
optimizer model operates concurrently to process DRs by integrating power requirements and
energy sources. Thus, the energy efficiency is improved, and power distribution is evaluated from
the MG. The integration ratio for energy trading to balance the demand and response is analyzed
in Figure 7.

The integration ratio is processed by considering the power requirements and energy sources.
Here, the weight and biases (wg0 + bia) ∗

∑
V (β) N (A) are taken into account and provide the allo-

cation of energy to be transmitted to the receiver. The P2P E(P) ∗ Ey′ + Alloc energy transmission
is evaluated on the residential MG and ensures energy efficiency. The integration is processed using
the power and energy source acquired from the MG. From this computation, the power availability
is used to estimate the necessary power from the MG and improve the integration ratio (Figure 7).
The integration improvement discussion is presented below.

Theorem 3: The integration is improved by computing the demand and response
(Mad + Re′p) ∗

∑
DB′

u
N (A), for all DB′

u∀ Vs(P) by considering the power requirements and
energy sources. Here, the power availability is used to check for the energy and allocate it
according to the concurrency. The feed-forwarding Fd ∗ m0(S)+ g0 − eg(S), where Fd ≡ ∅0

is used to forward the input from the BC, resulting in the power distribution. The power distri-
bution is an output that indicates where the energy source is applied on the P2P.

(Fd ∗∅0)+ m0(S) ∗ sor + Ey′ − Bk = Re′p − OUy + Alloc(eg(S) ∗ N (A))+ ag(t)

m0(S)+ Fd ∗ (sor + Bk)+ Ey′ = eg(S)+ N (A) ∗ OUy + Re′p − Alloc

(Fd + Bk ) ∗ Ey′ + m0(S) = (OUy ∗ Re′p)+ eg(S)− Alloc
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Fd ∗ m0(S)+ Ey′ = eg(S)+ Alloc ∗ Re′p
Ey′ + Fd = Alloc ∗ Re′p

Fd = Re′p

LHS = RHS (T3.1)

Discussion 3: The feed-forwarding attains the output as the response from the MG, where the
energy allocation g0(Alloc+ rs′), where Alloc ∈ DB′

u is used to estimate the BC process where
the information is stored. The stored data is mapped to produce the required energy, which is
then given as the output.

In(G) = Bk + eg(S) ∗ g0(Mad + Re′p), for all eg(S) ≡ Ey′ (T3.2)

Energy trading is evaluated by analyzing the concurrency between demand and response. In this
process, the MG is utilized to provide information regarding the BC and produces the resultant out-
put. The integration is computed for the energy In(G)+ (Mad + Re′p) sources where the power
distribution is estimated from the response.

eg(S), Pw′
a =

∏
Fd

(sor ∗∅0)+ (wga + bia) (T3.3)

Both the weight and biases are considered for this integration and analysis of whether they are
equal. Based on the study, the prediction m0(S)+ g0 ∗ (eg(S) ∗ Pw′

a) process is performed within

Figure 7. Integration ratio for energy trading to balance demand and response.
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the timeslot on the MG. This approach improves the integration of the residential MG by minim-
izing bias and maximizing weights.

Results and discussion
It is known that the results of this study are based on simulation data taken from publicly available
MG datasets, not from a real-life deployment. These simulations use conventional profiles for
energy demand and generation. This design enables evaluations that can be maintained and scaled.
Still, it doesn’t fully represent the diverse operational scenarios of a real-world MG, including var-
iations in device configurations, physical power losses, and the potential for random failures.

The results, illustration, and discussion section presents graphical representations of metrics that
are correlated with the existing works. Correlating the existing works, the metrics demand covered
(power), concurrent Ey′, and power generated after Ey are comparatively illustrated. This illustra-
tion follows the plotting of values obtained using dataset analysis aided by the proposed method.
The data analysis is performed using the Weka tool installed on a computer with a 2.1 GHz central
processing unit, 4 GB primary memory, and 128 GB secondary storage. The record set of a day
from (2:00 Hours to 0:00 h of the next day) is accounted under Type 1 and Type 2 users. The below
comparative analysis is targeted based on OUy and V (β) for multiple timeslots. In these timeslots,
the number of power demands and responses are equated to ensure PW ′

a is optimal for multiple
allocations. Thus, the above metrics are compared with [30] (for demand covered), [32] (for energy
trading), and [35] (for power generated) for the appropriate variants. The variants include (Time/ h)
under Type 1 and Type 2 users. The results of the demand covered are thus depicted in Figure 8.

The demand covered increases on the proposed work compared to the existing method, where
the power availability Pw′

a + eg(S) ∗∑g0
rs′, for all g0 ∈ Ey′ It is used to analyze the demand for

energy from the MG and improve it. This is based on the BC process where the concurrencyOUy +∏
eg(S) Bk − Ey′, wheras Bk∀ Fd is used to equalize the weight and bias. Here, the evaluation is

processed from the allocation of energy Alloc(g0 + Tc′)−Mad , for all Mad ≡ PW ′
a and then,

transmission is estimated to enhance the demand covered. The demand is due to the unavailability
of energy g0(Pw′

a ∗ rs′)+
∑

Bk
N (A) ∗ bia so it is sorted out with the power availability check

Pw′
a ∗

∏
Ey′ g0 and then evaluates the transmission of energy to the receiver. Thus, the demand cov-

ered increases based on the power availability from the energy sources (Figure 8). In Figure 9 the
concurrent energy trading results and discussions are presented.

The energy trading is processed from the sender, which is a MG R(G)+
g0(rs′ ∗ Pw′

a), where Pw′
a ∈ Ey′ and the receiver is defined as the consumer. Based on the energy

availability, the energy trading takes place on the residential MG. This computation is used to trans-
mit the energy rs′(g0 +Mad) ∗

∑
V (β) DB

′
u without any demand, whereas the response rate is

improved. The concurrency is used to define the demand and response, which indicates the energy
allocation where the trading is performed with the power distribution. The classification α(R)+∏

Pw′
a
Ey′ − eg(S) is used to estimate demand and response, whereas the energy source is used to

evaluate energy trading. From the energy source, the trading is processed in the required time
slot. Here, the evaluation is used to analyze the power, to reduce the non-concurrent energy,
such as demand and response (Figure 9). Following the above, the power distribution results are
tabulated in Table 4.

The power generated from the MG increases from the varying Ey′(g0)+ rs′ ∗∑
R(G) Alloc, for all eg(S) ≡ N (S) energy sources, and performs P2P. Here, it estimates the

MG’s ability to transmit power to the receiver based on availability. From this computation, the
energy trading Ey′ + g0(rs′ ∗ Pw′

a), where DB′
u ≡ OUy is processed on the required timeslot and
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ensures energy efficiency. The evaluation is performed by distributing the energy by making pre-
dictions Vs(p)+ g0 ∗

∏
V (β)

α(R)− r, for all Vs(p) ∈ DB′
u This system utilizes the BC to store infor-

mation. The previous information Vs(p) ∗ g0 − OUy + E(P), for all E(P)∀Alloc regarding the

Figure 8. Demand covered results.
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energy is acquired and mapped and generates the energy on the desired timeslot. This distribution
process indicates the concurrency for demand and response, which is computed as the feed-
forwarding (Table 4).

The results demonstrate the proposed model’s efficiency in balancing demand and response
through energy trading, covering 14.19% of high energy demands, 16.11% of high power distribu-
tion, and 14.01% of energy trading for Type 1 users. The problem of concurrent DR through the
classification of power availability and distribution is addressed and is proven based on the results
obtained.

Figure 9. Concurrent energy trading results.
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Conclusion
This study introduced a novel DROM to address the issue of concurrency in power demand satis-
faction within smart MGs, particularly those deployed in smart cities and small-scale residential
communities. The model facilitated P2P energy trading by ensuring a balanced relationship
between energy demand and response. To achieve this, it employed CEL, which dynamically
assigned weights and biases to optimize DR concurrency.

Unlike existing methods, the proposed model explicitly segregates power availability and distri-
bution phases, thereby reducing bias and improving trading precision. Furthermore, BC technology
was integrated to store historical DR mappings and validate energy transactions securely and trans-
parently. This integration enabled the system to retain and utilize prior trading states to support
future learning and ensure accountability across energy exchanges.

Experimental results validated the model’s effectiveness, demonstrating a 14.19% improvement
in power demand coverage and a 16.11% increase in distribution efficiency. These outcomes under-
scored the model’s capability to enhance energy utilization through equitable, decentralized, and
intelligent trading strategies.

However, the model had certain limitations. It did not incorporate economic control mechan-
isms, such as dynamic pricing or consumer-centric utilization modeling. As a result, it lacked adapt-
ability in aligning energy trading strategies with cost optimization or personalized user preferences.
The suggested model shows that demand response concurrency and energy trading performance
can be improved, but it overlooks real-time technical limitations such as line congestion and voltage
quality issues. These factors are crucial for the successful implementation of physical MG systems.
The addition of voltage and power flow feasibility limitations to the learning and allocation logic
will be the subject of future study to ensure that distribution networks can operate effectively and
meet standards.

To overcome this limitation, future work will focus on developing a pricing-aware transient opti-
mization model, enabling dynamic pricing strategies and user-level energy swapping mechanisms.
Such a model would forecast utilization patterns and provide consumers with actionable insights for

Table 4. Power distribution results.

Time

Type 1 Type 2

Power/kW

[35] Proposed [35] Proposed

2:00 593.30 98.44 229.08 428.66
4:00 −570.58 −357.54 −199.28 439.74
6:00 61.26 −159.24 −270.01 781.16
8:00 −445.16 55.43 43.96 −275.27
10:00 −411.92 648.24 −45.12 −542.71
12:00 −142.92 220.64 −285.90 −69.03
14:00 69.39 91.71 391.04 735.71
16:00 −577.28 251.46 −64.96 −619.72
18:00 60.94 611.08 −551.80 757.15
20:00 −111.14 −98.95 243.59 −578.27
22:00 −176.98 318.29 −26.24 −99.97
0:00 −493.39 649.12 −305.81 433.00
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cost-effective energy decisions, further aligning distribution and pricing with user-specific demand
profiles. This extension would promote a more comprehensive and adaptive energy trading frame-
work, strengthening both technical and economic sustainability within residential MG ecosystems.
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