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Abstract

The goal of the cutting-edge techniques covered in "Methods for Performance-Aware Smart Microgrid System Management"
is to make sure that microgrids can handle changing energy situations with ease, dependability, and efficiency. Managing
smart microgrids with performance in mind is crucial for balancing generation and demand fluctuations, especially with the
growing integration of renewable energy sources, distributed energy resources (DERs), and sophisticated storage systems.
strategies for improving operational decision-making are explored in this paper. These strategies include optimization-based
scheduling, real-time monitoring, and predictive control algorithms. Intelligent control techniques, defect detection, and
preventative maintenance are all made possible by the contributions of Al, ML, and IoT. An additional focus of the study is
the significance of demand response programs, coordinated energy storage use, and the smooth integration of island microgrid
modes with the main grid. Potential solutions to problems including cyber-physical security concerns, ensuring compatibility
between different components, and the lack of defined performance indicators are addressed. You may see these strategies in
action in urban, rural, and industrial settings via the use of case studies and simulations. Because of their potential to optimize
resources, decrease operating costs, increase sustainability, and boost resilience, microgrid operators play a crucial role in an
intelligent energy ecosystem that is ready for the future by implementing performance-aware management strategies.

Keywords: Methods, performance-aware, smart microgrid, system management, distributed energy resources, optimization,
real-time control, Al, IoT

Introduction approaches for performance-aware smart microgrid system
Microgrids are in the vanguard of contemporary power management. Model predictive control (MPC) is a crucial
systems because to the fast change occurring in the world's methodology that optimizes operational decisions using
energy scene as a result of the widespread adoption of forecasted data. Adaptive control techniques self-tune in
renewable energy, DERs, and electrification of response to changing system dynamics. Distributed energy
transportation. A robust and adaptable option for distributed management frameworks allow multiple agents within the
energy production, storage, and consumption, smart microgrid to make decisions decentralizedly. To further
microgrids include cutting-edge sensor, control, and improve performance, real-time pricing systems and
communication technology. But efficient performance- demand response programs encourage load modifications to
aware management practices are crucial to their coincide with supply circumstances (Benbouzid, M. 2018).
dependability, sustainability, and operational efficiency To further protect against vulnerabilities that might affect
(Kumar, D. 2021). Management techniques that are performance, these solutions use cyber-physical security
performance-aware keep an eye on the microgrid's measures. To facilitate scalable and adaptable operation,
operations in real-time and make adjustments based on interoperability standards guarantee that control systems and
predicted and real-time performance data. These methods devices from different manufacturers function together
use intelligent decision-making systems, optimization harmoniously (Contino, F. 2021). Research based on actual
algorithms, and dynamic forecasting to handle the implementations shows that performance-aware techniques
unpredictability —of renewable generation, demand can improve power quality, increase system resilience, and
variations, and possible disruptions, in contrast to save operating costs. To fully realize the potential of smart
conventional static control approaches. Automation of microgrids, performance-aware management approaches
defect detection, effective scheduling of resources, and fine- will be crucial, especially as energy systems move towards
grained control are all within operators' reach when they more decentralized and digitalized models. With these
employ technologies like Al, ML, the IoT, and big data strategies in place, we can achieve our short-term operating
analytics. Ensuring smooth transitions between grid- objectives while simultaneously working toward our long-
connected and island modes of operation, optimizing term sustainability goals of a cleaner, more dependable, and
renewable usage, boosting storage efficiency, and balancing more cost-effective energy future (Kargarian, A. 2020).
generation and demand are all made possible by these

capabilities (Singh, P. 2017). Methodology

Power engineering, computer science, data analytics, and This chapter offers a thorough mathematical analysis of the
control theory are all included into the development of suggested study model and its implications for smart grid

61



International Journal of Research in Advanced Engineering and Technology

management via the use of an optimization algorithm and a
stakeholder-based approach.

=  Multi stakeholder-based Smart Grid Management
The majority of microgrids in operation today are rather
small and run on the old paradigm, with just one operator,
owner, and user. The development of multi-stakeholder
microgrids that combine renewable and conventional power
sources to mitigate environmental hazards is, in our opinion,
where this concept really shines. There is a better chance of
reaching economies of scale, diversifying generating
sources, and accessing a variety of operational benefits and
opportunities if stakeholders are involved. However, there
are significant governance, financial, and technical
operational challenges that arise when several stakeholders
are involved in making decisions; these challenges may
make the multi-stakeholder approach more difficult to
execute. In order to address environmental concerns, we
support the creation of microgrids that include several
stakeholders. On top of that, we bring attention to the
challenges and unknowns that come with building this
microgrid.
=  Mathematical representations of distributed generation
(DG)
=  Efficient
effectively.
= Implement demand response (DR) programs
managing electricity load.

formulas for managing energy most

for

= Distributed Generation Modelling

Solar photovoltaic (PV) units, wind turbines (WT), diesel
generators (DIG), and battery energy storage systems
(BESS) are all part of the distributed generation (DG)
components that make up the microgrid (MG) that was
employed for this research. When it comes to off-grid
applications and isolated activities, diesel generators are a
frequent and conventional way to provide electricity. To
improve power supply stability and deal with interruptions
in renewable electricity, battery energy storage systems
(BESS) should be included. Next, we'll go over the
mathematical model of distributed generation (DG) that
stands in for their energy output.

= Solar PV Model
The power calculation of a solar PV unit is computed using
the equation shown below:

Pop =My Ay Ly

3.7

The variable PV denotes the overall efficiency of a linked
solar PV array, whereas APV represents the entire area
covered by the solar PV array. 1 represent the solar
irradiation incident on the solar PV array, given in kilowatts
per square meter. PVP represents the power output of the
solar PV array.

=  Wind Turbine Model
Wind speed, turbine rotor size, conversion efficiency, area
air density, tower height, and other environmental factors
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are the primary determinants of a wind turbine's power
output. To find the wind speed at a given tower height, the
wind profile power law is usually used as an input.

A
h.’mb

h“f (3.8)
The wind speed at the reference, h_hub (t), is defined as
v_ref (t) in the power law equation. Likewise, V(t) stands
for the wind speed at the given hub height.

The site-specific factors affect the power law exponent, P,
which ranges from 0.1428 to 0.25. As a general rule, P is
taken to be 0.1428 in neutral stability conditions, which
encompass open land regions. The expected value of the
exponent BP in this research project is 0.1428. Numerous
models have been proposed in literature to simulate the
output of wind turbines. The study's mathematical approach
of converting wind speed into electrical power generation is
given by 3.

If’}mh U) = Vr'cjl'" (f)

=  Optimization for Energy Management Formulation
This part discusses how a microgrid (MG) might be used to
the problem formulation process used by original equipment
manufacturers (OEMs). In order to determine the optimal
operation of a microgrid, an objective function is
theoretically defined and subject to various technical and
electrical constraints. Optimal energy scheduling and total
operational cost reduction within the given time frame are
the main objectives of the OEM challenge. Considering the
energy and reserve capacity of the connected DG units
defines the OEM challenge. Included in this function are the
operational expenditures of various Distributed Generation
(DG) units, including photovoltaic (PV), wind turbines,
diesel internal combustion generators, battery energy
storage systems, and the electrical grid, all of which
generate electricity. In order to maximize the environmental
advantages, the power generated by wind turbines (WT) and
photovoltaic (PV) units is used to its maximum potential.
Distributed energy generation (DIG) and battery energy
storage systems (BESS) work together to make sure the
power stays on. Connecting these devices to the grid also
makes power trading easier and gives us a backup power
source for when renewable energy isn't an option. When
there is a power outage or a need to fix the grid, DIG also
helps the MG out. The power grid receives the excess and
unutilized energy in return for different tariff prices.
Assumptions will be used to solve the optimization
problem:
=  Reactive power flow is disregarded.
»= The voltage level of the MG is uniformly maintained
across all places.
= dynamics are excluded from consideration.
= The power loss resulting from transmission is
disregarded as the source and sink are within the
enclosed network.

= DR Problem Formulation

Mathematical operations related to demand response (DR)
programs, such as load shedding, load shifting, and
scheduled load, are detailed in this section. Without taking
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client premises deployment into account, the study focuses
on the utility's viewpoint on the effects of DR programs on
operating costs and DG schedules. At the same time, the
utility studies the benefits of demand response (DR)
programs on a daily basis, such as lowering the overall cost,
the percentage of operating expenditures, and the amount of
energy that goes unfulfilled. Evaluations of monthly costs
and reductions in load are not quantified in this study. Even
if they take hazards into consideration, demand response
strategies in microgrids ensure that they are executed
effectively. Thus, in order to assess probabilistic operating
cost estimates and distributed generation (DG) plans for the
changed load profile, uncertainty quantification is also used
in demand response (DR) based optimization and energy
management (OEM).

=  Enhanced GSA (EGSA)

A contemporary meta-heuristic technique based on swarm
intelligence algorithms, the glowworm swarm algorithm
takes its cues from the social behaviors of glowworms,
which illuminate the night with brighter flashes that can be
seen from greater distances. When people talk about
"glowworms," they usually mean firefly larvae that produce
light due to bioluminescence. Glowworms use photic-
signalling and photic attraction to form swarms, which they
use for mating purposes. It all started with the GSO
optimization. Typically, GSO is created to solve
optimization issues with numerous multimodal function
optimums. The capacity of glowworms to change the
bioluminescence intensity and glow at diverse levels is the
fundamental idea incorporated into this algorithm.
Luciferin is a luminous pigment that allows each glowworm
or agent to glow in the dark. Each glowworm's luciferin
amount is a measure of the fitness value of its position in the
search space. The optimal function value for a given place
is determined by the luminescence intensity at that site. In
order to congregate in bigger groups, brighter glowworms
use a probabilistic process to entice less intense glowworms.
An individual glowworm has a large number of group-
embodied neighbors inside the neighborhood range
encapsulated by the GSO algorithm. Glowworms can
manage multimodal functions because their group splits into
dissociating subgroups based on selected neighboring
interaction and explicit swarm behavior, which allows them
to capture local optimum functional values. So, optimizing
for many peaks is a challenge that GSO excels at.
Nevertheless, by removing the adaptive neighbourhood
range and replacing it with criteria for selecting neighbors
based on likelihood, it may be adjusted to maximize
individual peak functions.

=  Artificial Neural Network

A complex network of interconnected neural pathways
makes up the human brain, which acts as a decision-making
framework underneath the surface level of the person.
When it comes to solving complex problems that arise
during human execution, the brain outperforms any
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computer processor. Multiple neuronal layers in the human
brain work in tandem under normal conditions. No neuron
is exempt from receiving input lines from all neurons in the
previous layer and from sending a diverse collection of yield
lines to all neurons in the next layer according to the
principle of equal cooperation. The neuron also gets values
from the layer below it and sends quality up the stack.

Results

The results of each contribution's simulation and a
comparison to current approaches are presented in this
chapter, as the name suggests. The suggested model for
simulation, along with its parts and results, are detailed in
Section 3.1. The second contribution model, its parts, and
the results of the simulation are detailed in Section 3.2.

=  Simulation Model for Multi Stakeholder Approach
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Fig 1: Multi-stakeholder-based Smart grid management system

For microgrids to make the most of their distributed energy
resources (DERs), particularly in environments with
fluctuating generation and prices, Smart Grid Energy
Management Systems (SGEMS) are employed. In order to
effectively manage the storage and sale of energy from a
large-scale battery system, this example shows the step-by-
step approach for constructing an optimization algorithm
that uses expected pricing and loading situations. To
efficiently administer smart grid networks, this idea makes
use of the multi-stakeholder paradigm. Several parts are
shown in Figure 3.1. These parts include microgrid
connections, energy storage, a solar array, and a variable
load. In this model, a thorough microgrid simulation is used
to evaluate the SGEMS optimization approach. In addition,
the various components and their configurations utilized in
this model are illustrated in figures 3.2-3.6.
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lnj Block Parameters: Energy Storage System >
Grid-connected Energy Storage (PQ Model) (mask)

The energy storage block models a generic grid-connected energy storage system
(ESS), most commonly a battery system. This is a system-level model that does not
contain any power electronics, but is useful for load flow, phasor, and hybrid phasor-
EMT simulations. The inputs to this block are the commanded active and reactive

power of the ESS. The ESS is assumed to have four quadrent operation. The Mode

Input dictates what high-level operation the ESS has: current control (Mode = 1) or
voltage control (Mode = 0). Current control is ideal for a grid connected system wher|
you need to specify P,Q commands. Voltage control is necessary if the ESS will be the
only system supporting the microgrid in islanded mode.

For more detailed ESS models, consider the battery block in the Drives library.
Consider using this PQ Model to perform load flow studies and switch to a more
detailed model when full EMT studies or more advanced controls are required.

Note: The initial active/reactive power commands must be specified for use for Load
Flow analysis.

Parameters
Grid Connection Properties
Simulation Mode Phasor

Nominal L-L Voltage [Vrms] 5000 3

Nom
Nominal Frequency [Hz] 60 (Nar
Rated Power [kW] 400 -TeT|
Rated Capacity [kwh] 2500 i
Fig 2: Designing of energy storage system
E] Block Parameters: Solar Array x

Grid-Connected PV Array (PQ Model) (mask)

This block models a grid-connected solar array using the Three-Phase
Dynamic Load block. This is a system-level model that does not contain
any power electronics, but is useful for load flow, phasor, and hybrid
phasor-EMT simulations. The input to this block is the power output of
the grid connected PV array, not irradiance.

For more detailed PV models, consider the PV Array block in the
Renewables library. Consider using this PQ Model to perform load flow
studies and switch to a more detailed model when full EMT studies are
required.

Note: The array power must be specified for use for Load Flow analysis.

Parameters

Nominal L-L Voltage [Vrms] 5000

e

Nominal Frequency [Hz] 60

Initial Power [W] 500e3 500000 :

Fig 3: Designing of solar array component

Pa] Block Parameters: Load x
Three-Phase Series RLC Load (mask) (link)

Implements a three-phase series RLC load.

Parameters Load Flow
Configuration Y (grounded) e
Nominal phase-to-phase voltage Vn (Vrms) 5000 :

Nominal frequency fn (Hz): 60

[) Specify PQ powers for each phase

Active power P (W): 350e3 350000 :
Inductive reactive power QL (positive var): 0 -
Capacitive reactive power Qc (negative var): 0 3

Fig 4: Designing of load component
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[5_] Block Parameters: Variable Load x
Variable Load (PQ Model) (mask)

The Variable Load block is a lumped approximation for a
distribution feeder. For non-unity power factor loads, the input
(active power) is scaled accordingly to generate a desired load.

Note: The initial input load must be specified for use for Load Flow

analysis.

Parameters

Nominal L-L Voltage [Vrms] 5000 :
Nominal Frequency [Hz] 60 :
Power Factor [Oto 1] 1 :
Initial Load [W] 200e3 200000 :

Fig 5: Designing of variable load

[E Block Parameters: Utility Point-of-Connection >

Three-Phase Source (mask) (link)

Three-phase voltage source in series with RL branch.

Parameters Load Flow
Configuration: Yg G
Source

() sSpecify internal voltages for each phase
Phase-to-phase voltage (Virms): (13800)*1.00243 13834

Phase angle of phase A (degrees): 0.071468

Frequency (Hz): 60

Impedance

Internal Specify short-circuit level parameters
3-phase short-circuit level at base voltage(VA): 250e6 250000000  :
Base voltage (Vrms ph-ph): 13.8e3 13800 :

X/R ratio: 7 :

Fig 6: Designing of utility of connection

Figure 7 and Figure 8 shows the simulation outcomes for demand and supply using this model.

Woope Vi (Vs

Pace [Cammsiave

Fig 7: Power demand, supply, and cost analysis results
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Figure 8 shows the comparative analysis of the proposed
model with heuristic and N. Yan et.al. model [115]. From
this outcome, it shows that proposed model has improved

www.allengineeringjournal.in

the energy utilization and reduce the overall grid cost
compared to existing methods.
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Fig 9: Comparative analysis for grid utilization and rolling cost

The results are summarized below for the contribution are:

Conventional EMS Cost: $ 840.0856

N. Yan et.al EMS Cost: $ 735.7411

Proposed EMS Cost: $ 611.2391

Cost Reduction using Proposed Method
27.2409%

is by:
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Conventional Grid Power Usage: kW-h 4343.5729

N. Yan et.al Grid Power Usage: kW-h 4003.5944
Proposed Grid Power Usage: kW-h 3753.3861

Energy Usage Reduction using Proposed Method is by:
13.5845%

Simulation Model for Optimization-based Approach
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Fig 10: Multi-stakeholder-based Smart grid management system

Microgrids use Smart Grid Energy Management Systems
(SGEMS) to maximize the use of distributed energy
resources (DERs), especially in situations when generation
and pricing are unpredictable. Using future price and
loading circumstances as inputs, this example shows how to
methodically build an optimization algorithm that manages
the energy storage and sale in a large-scale battery system.
For smart grid network administration, the EGSO algorithm

is a lifesaver. Several components are shown in Figure 3.10.
These include a microgrid connection, an energy storage
system, a solar array, and a variable load. Using a
comprehensive microgrid simulation, this mdel verifies the
efficacy of the SGEMS optimization method. Furthermore,
the different parts and how they are arranged in this model
are shown in figures 3.11-3.5.

arameters
Grid Connection Properties

Simulation Mode Phasor

Nominal L-L Voltage [Vrms] 5000
Nominal Frequency [Hz] 60
Rated Power [kW] 400

Rated Capacity [kWh] 2500

Overall System Efficiency [%] 96

Charge/Discharge Controls

SOC to Recharge [%] 11

Recharge Rate [% of Rated Power] 50

Upper/Lower Charge Limits [%] [85 19]

[85,19]

() Enable Auto-Recharge

Initial Conditions
Initial State-of-Charge [0-100%] 50

Initial Active/Reactive Cmds [500e3 0]

[500000,0]

Fig 11: Designing of energy storage system parameters

Conclusion

Optimal efficiency, resilience, and sustainability in
contemporary energy networks can only be achieved
through the implementation of performance-aware
technologies for smart microgrid system management.
Microgrids ensure operational stability by using predictive
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control algorithms, real-time monitoring, and advanced
optimization techniques. This allows them to flexibly adjust
to fluctuations in generation and demand. Improving
decision-making skills through the integration of Al, ML,
and IoT-enabled sensors allows for more exact demand-
supply balance, proactive maintenance, and quicker defect
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identification. In addition, performance-aware management
facilitates smooth switching between grid-connected and
islanding modes, guaranteeing uninterrupted power supply
even in the face of disruptions. Energy dependability,
operating costs, and environmental effect may all be
improved by coordinated usage of energy storage systems
and demand response mechanisms. Interoperability, cyber-
security concerns, and the creation of uniform performance
indicators are just a few of the ongoing issues. However,
thanks to research and technology innovation, strong
solutions are being developed. Evidence from real-world
applications shows that performance-aware management,
when properly applied, may boost microgrid efficiency,
increase asset life, and facilitate the integration of various
renewable energy sources. A cleaner and more resilient
energy landscape is within reach with the help of these
approaches, which are essential for creating smart, future-
proof energy systems that are flexible, affordable, and in
line with global sustainability standards.
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