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Abstract: This research focuses on improving the
integration of renewable energy sources, specifically
photovoltaic (PV) and wind energy, into multi-grid systems.
The study aims to address the challenges of achieving
consistent penetration levels for these energy sources while
managing their variability and intermittency alongside
fluctuating demand across interconnected grids. To achieve
this, advanced optimization techniques are essential. The
Risk-Adjusted Unit Commitment (RAUC) framework has
been developed for power systems incorporating both solar
and wind energy, applied within a 118-bus network. The
primary objective of this framework is to ensure balanced
and reliable grid operation while overcoming challenges
posed by renewable energy variability.

The RAUC framework begins with extensive data collection,
with solar power generation modeled using Mixed Integer
Quadratic Programming (MIQP) and wind power generation
modeled through the AutoRegressive with Exogenous Inputs
(ARO) methodology. To increase renewable energy
penetration in multi-grid systems, the framework
incorporates High-Penetration Renewable Integration
(HPRI) strategies along with the Multi-Objective Multi-Verse
Optimization (MOMVO) algorithm. The Stochastic Security-
Constrained Unit Commitment (SCUC) method is also used,
along with coordination of Battery Energy Storage Systems
(BESS) in multi-area grids.

MATLAB is employed to develop algorithms optimizing the
scheduling of BESS charging and discharging cycles based on
variables such as state of charge (SOC) and time intervals.
Simulation results show that after 7.9 hours of operation, the
battery's SOC reaches 40.5%, indicating that the battery has
discharged to 40.5% of its full capacity.

Looking forward, there is considerable potential for further
refining optimization algorithms for renewable energy
management. By incorporating machine learning, artificial
intelligence, and advanced modeling techniques, the
precision and efficiency of these systems could be

significantly enhanced, ultimately contributing to more
sustainable and robust energy solutions.

Key Words: Renewable Energy, Multi-Grid, Photovoltaic
(PV), 118 Bus System, and Risk-Adjusted Unit
Commitment.

1. INTRODUCTION

The growing global demand for energy, combined with
increased awareness of environmental challenges, has
driven the transition toward renewable energy sources.
Among these, photovoltaic (PV) and wind energy stand out
as vital contributors to reducing dependency on fossil fuels
and mitigating the effects of climate change. However, their
integration into existing power grids presents unique and
complex challenges, requiring the development of innovative
strategies and optimization techniques.

The variability and intermittency of renewable energy
sources like PV and wind, which depend on factors such as
weather conditions and daylight, add significant complexity
to grid operations.

In multi-grid systems, the objective is to interconnect
regional and local grids to create an efficient, cohesive, and
reliable energy network. This integration demands advanced
solutions to handle fluctuating power output and align it
with dynamic energy demands across different regions.
Achieving this balance is critical for the stable operation of
interconnected grids. Optimization techniques have emerged
as indispensable tools in managing renewable energy
integration. These techniques leverage mathematical
models, sophisticated algorithms, and computational tools to
optimize energy generation, transmission, and distribution
in real time.

The transition toward renewable energy sources offers
opportunities to enhance energy sustainability and
resilience but also introduces new challenges. Ensuring
equitable penetration of PV and wind energy across
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interconnected grids is essential for achieving these
objectives. Integrating renewable energy sources, such as
solar PV and wind power, into a 118-bus multi-grid system
requires addressing issues like grid stability, voltage
regulation, and coordinated power dispatch. Overcoming
these challenges is pivotal for ensuring both environmental
sustainability and system reliability.

The Unit Commitment (UC) framework is central to this
effort, aiming to optimize energy dispatch while minimizing
operational costs and enhancing system reliability. It
provides a structured approach to managing unit
commitment decisions in a renewable energy-integrated
power system. This paper is organized as follows: [Section 2]
presents a review of related literature, [Section 3] outlines
the proposed methodology, [Section 4] discusses the results,
and [Section 5] concludes with the study's key findings and
implications.

2. LITRATURE REVIEW

This section reviews key research addressing the challenges
of integrating renewable energy sources, particularly
photovoltaic (PV) and wind energy, into multi-grid systems,
with a focus on unit commitment issues in the context of a
118-bus system.

Youssef et al. [21] introduced strategies to mitigate the low
inertia challenge and surplus capacity issues caused by
renewable energy integration. Their findings revealed that
by incorporating hydrogen energy storage, frequency
deviations could be reduced significantly from 0.0366 Hz to
0.02 Hz, especially at PV power levels of 34.29 kW. Zou et al.
[22] developed a coupling coordination degree (CCD)
evaluation system to enhance the interaction between
renewable energy and thermal power systems. Their results
indicated that thermal units with advanced peak regulation
capabilities are more effective in managing wind power
fluctuations.

in et al. [23] analyzed how renewable energy penetration
impacts system optimization and operational efficiency.
Their simulations highlighted energy-saving rates of 37.60%,
7.92%, and 36.87% under three distinct strategies,
showcasing significant benefits in systems with high
renewable energy penetration. Wang et al. [24] focused on
energy storage (ES) requirements for peak shaving and
frequency regulation. They determined that a system with
49.5% renewable energy penetration and a maximum load
of 9896.42 MW would require ES power and capacity of
1358 MW and 4122 MWh, respectively, for peak shaving, and
478 MW and 47 MWh for frequency regulation.

Vaka et al. [25] proposed an optimization algorithm for
hybrid renewable energy systems (HRES) with battery
energy storage systems (BESS). Using the e-MPSO approach,
they minimized the levelized cost of electricity (LCOE) while

ensuring improved energy management and system
reliability.

Fusco et al. [26] presented a multi-stage stochastic Mixed
Integer Linear Program to optimize the day-ahead unit
commitment for power plants and virtual power plants
participating in day-ahead and ancillary services markets.
Their method efficiently reduced decision-related time steps
while expanding possible scenarios as the algorithm
progressed.

Gupta et al. [27] demonstrated the potential of battery
energy storage (BES) in mitigating transmission congestion
and curtailing solar power in systems with significant solar
integration. Their approach utilized Line Outage Distribution
Factors (LODF) to streamline computational complexity in
stochastic SCUC models.

Zhang et al. [28] explored the role of electrical energy
storage systems (EESS) in mitigating the variability of
distributed renewable energy sources within microgrids.
Their study showed that the EMPSO-Q algorithm
outperformed alternative optimization techniques, achieving
15% to 45% better results compared to EMPSO-V, EMPSO-S,
and PSO-S.

Avvari et al. [29] addressed the multi-objective optimal
power flow (MOOPF) problem by integrating wind, PV, and
plug-in electric vehicle (PEV) systems. Their MOEA-based
decomposition approach employed an advanced selection
mechanism for better diversity in solution outcomes.

Finally, Hassan et al. [30] proposed a solution to the
probabilistic optimal power flow (P-OPF) problem for hybrid
power systems that integrate PV and wind energy. Their
method effectively reduced the operational costs of
renewable energy-integrated power systems under both
fixed and variable load conditions, demonstrating the
robustness and accuracy of their optimization framework.

3. RESEARCH PROPOSED METHODOLOGY

The challenges of enhancing equal penetration of renewable
energy into multi-grid systems and overcoming unit
commitment issues associated with photovoltaic (PV) and
wind generation in a 118-bus system through the application
of optimization techniques. This research will first establish
a comprehensive model that captures the complexities of
multi-grid integration and unit commitment in the presence
of renewable energy sources. Optimization algorithms,
including mathematical programming and heuristic
methods, will then be employed to optimize unit
commitment decisions, considering factors such as
generation capacity, grid constraints, and renewable energy
variability. By systematically analyzing different scenarios
and adjusting optimization parameters, the proposed
methodology seeks to identify optimal solutions that
enhance the equitable distribution of renewable energy
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across multiple grids while ensuring grid stability and
reliability. Through this approach, the research aims to
contribute to the advancement of sustainable energy
systems by facilitating the efficient integration of renewable
resources into multi-grid environments.

Photovoltaic System G
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Figure 1: Block Diagram Representing the Framework
of the Proposed System.

Figure 1 represents, the Unit Commitment (UC) framework
is designed to optimize unit commitment decisions in a
power system, prioritizing reliability, economic efficiency,
and environmental sustainability. A simulation setup
replicates a 30 MW combined photovoltaic (PV) and wind
power system with 118 bus systems, accounting for factors
like solar irradiance and wind speed. The Risk-Adjusted Unit
Commitment framework begins with extensive data
collection, utilizing historical datasets for solar and wind
generation, demand patterns, and penetration levels. Solar
power is modelled with Mixed Integer Quadratic
Programming (MIQP), optimizing panel efficiency, while the
AutoRegressive with exogenous inputs (ARO) method
models wind power using historical data. High-Penetration
Renewable Integration (HPRI) and the Multi-Objective Multi-
Verse Optimization (MOMVO) Algorithm enhance renewable
energy penetration in a multi-grid system, considering
temporal and spatial variations. Each grid's characteristics,
including transmission capacities and demand patterns, are
analyzed, and Stochastic Security-Constrained Unit
Commitment (SCUC) with Battery Energy Storage (BES)

coordination is implemented using the Coyote Optimization
Algorithm for multi-objective optimization. This approach
optimizes power generation scheduling, considering unit
commitment constraints and minimizing curtailment of
clean energy, resulting in a more robust and resilient power
system.

L. Experimental Setup

The experimental setup simulation for a 30 MW
combined photovoltaic (PV) and wind power system
involves creating a virtual model that replicates the
behaviour and interactions of the PV and wind components
with 118 Bus Systems. In Multi-Area Grid. Utilizing
simulation software, factors such as solar irradiance, wind
speed, panel orientation, and turbine characteristics are
input to predict power generation. The simulation allows for
the analysis of system performance under various
conditions, helping optimize the hybrid configuration for
maximum energy output.

a. PV System Modeling

In PV system modelling, accurate representation of solar
irradiance, panel orientation, and panel characteristics is
critical for reliable predictions of power generation. Solar
irradiance data, obtained from historical records or
forecasts, provides insights into the intensity of sunlight at
different times and locations, enabling the simulation to
estimate PV outputaccurately. Panel orientation factors such
as tilt angle and azimuth must be accounted for as they
significantly impact the efficiency of solar energy capture.
Additionally, incorporating detailed PV panel characteristics
such as efficiency, temperature coefficients, and degradation
rates into the simulation ensures realistic modelling of panel
behaviour under varying environmental conditions.

b. Modeling of the Wind Turbine System.

In wind turbine system modelling, accurate representation
of wind speed data and turbine characteristics is essential
for predicting power output reliably. Historical wind speed
data or forecasts provide crucial inputs for assessing the
availability of wind resources and estimating turbine
performance under varying conditions. Turbine
characteristics such as type (horizontal axis or vertical axis),
rated power, power curve, and cut-in/cut-out wind speeds
significantly influence the turbine's behaviour and power
generation capabilities. By incorporating these parameters
into the simulation, the model can effectively simulate the
interaction between wind resources and turbine operation,
enabling insights into energy production potential and
aiding in the optimization of the wind energy system
configuration for maximum efficiency and output.
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Figure 2: Diagram Illustrating the Experimental Set-Up
of the Wind Tunnel.

Figure 2 illustrates the schematic diagram of the wind tunnel
experimental set-up, comprising essential components for
testing wind energy conversion systems. At the heart of the
setup lies the wind turbine, symbolizing the primary
mechanism for capturing wind energy. The wind turbine is
connected to a swept area, responsible for efficiently
intercepting wind flow. Subsequently, a gear train
mechanism is integrated to facilitate the conversion of
rotational motion from the turbine to generate electricity,
represented by the generator.

A data logger is incorporated to capture and record vital
performance metrics and environmental conditions during
experimentation. A central processing unit (CPU) is
employed to control and monitor the entire experimental
process, ensuring proper functioning and safety protocols.
Finally, a monitor displays real-time data and enables

researchers to analyze and interpret results effectively. This
schematic provides a comprehensive overview of the
experimental setup, essential for conducting wind energy
research and development activities.

L. Data Collection

In the initial phase of the Risk-Adjusted Unit Commitment
framework development for the 118 bus systems, thorough
data collection is imperative. Historical datasets
encompassing solar and wind power generation, electricity
demand patterns, and penetration levels of solar and wind
power parameters are gathered from sources such as
Installed capacity, capacity factor, and generation profiles to
define the potential and consistency of renewable energy
output. Geographical distribution and transmission capacity
impact the spatial and network aspects of integration.
Storage capacity, forecasting accuracy, and grid flexibility
play roles in managing variability and reliability, grid
stability measures influence the overall feasibility and
competitiveness of increasing penetration levels.

IL. Solar Power Modeling

To formulate a Mixed Integer Quadratic Programming
(MIQP) model for solar power generation, by defining
decision variables representing the binary operation of each
solar panel, where a value of 1 indicates panel activation and
0 otherwise. The objective function maximizes the overall
ene rgy output considering factors such as solar irradiance,
panel efficiency, and temperature. Capacity constraints
ensure that the total installed capacity does not exceed the
available resources, while operational constraints limit the
number of active panels to maintain stability and efficiency.
Non-negativity constraints enforce that the decision
variables remain within feasible bounds. The model
optimally allocates resources to achieve the highest
efficiency and output while respecting system limitations
and operational requirements.

(a) Mixed Integer Quadratic Programming (MIQP)

The Mixed Integer Quadratic Programming (MIQP) model for
solar power generation optimizes the operation of solar
panels by considering various factors such as solar
irradiance, panel efficiency, and temperature. Decision
variables represent the binary activation of each panel, with
the objective function aimed at maximizing energy output
while adhering to capacity and operational constraints.
Capacity constraints ensure that the total installed capacity
remains within available resources, while operational
constraints limit the number of active panels to maintain
system stability and efficiency. Binary variables are
employed to represent panel activation, and non-negativity
constraints ensure that decision variables remain within
feasible bounds. By incorporating these elements, the MIQP
model effectively balances efficiency and output while
considering system limitations and operational
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requirements, thus enhancing the performance of solar
power generation systems.

Ag pg - Dg(v) [Ggg Vg + Ggd Va] = 0 ---------- [1]
Aq [pgapa] = Da(vVa)[Gga Va + Gaa Va] --------- (2]
G=[Gg Gyl

[ Gag Gada ], Dy =[Dg(vg) 0]

The incorporating factors such as solar irradiance, panel
efficiency, capacity constraints, operational limitations, and
binary variables for panel activation, the MIQP model
enables the allocation of resources in a manner that
maximizes energy production while ensuring stability and
feasibility. This approach not only enhances the overall
performance of solar power systems but also facilitates
decision-making processes for stakeholders aiming to deploy
and manage solar energy installations efficiently in various
environmental and operational contexts.

IIL. Wind Power Modeling

The AutoRegressive with exOgenous inputs (ARO) method
for wind power modelling leverages historical data to
construct a sophisticated data-driven model that captures
the complex interplay between meteorological conditions
and wind power output. This approach entails integrating
lagged values of meteorological factors, such as wind speed,
temperature, and pressure, as exogenous inputs into the
autoregressive model. By fine-tuning the lag values and
optimizing model parameters, the ARO method enables the
development of a predictive tool that enhances the
comprehension and forecasting accuracy of wind power
output based on real-world meteorological conditions. By
leveraging the temporal relationships between
meteorological variables and wind power output, the ARO
method offers a valuable framework for stakeholders in the
renewable energy sector to make informed decisions
regarding resource allocation, grid integration, and
operational planning, ultimately contributing to the
advancement and adoption of wind energy technologies.

(a) AutoRegressive with exOgenous (ARO)

The AutoRegressive with exOgenous inputs (ARO) method
for wind power modelling is a robust approach that
harnesses historical data to build a sophisticated data-driven
model capable of capturing the intricate relationship
between meteorological conditions and wind power output.
By incorporating lagged values of meteorological factors
such as wind speed, temperature, and pressure as exogenous
inputs, the ARO method effectively accounts for the dynamic
nature of wind energy generation. This enables the model to
capture temporal dependencies and nonlinear interactions
inherent in wind power systems, thus providing a

comprehensive understanding of how meteorological
conditions influence energy production.

Through the utilization of ARO modelling, stakeholders in
the renewable energy sector can enhance their ability to
forecast wind power output with greater accuracy, leading to
improved decision-making processes related to resource
allocation, grid integration, and overall system optimization.

yili] = Xi=1)" @i yuafi] + 0 0 —-- [4]

where al, 1=1,...La_l, \; 1 = 1, \ldots, L, represent the model
coefficients, LL denotes the order of the autoregressive
model, and ete_t corresponds to independent errors with
zero mean and constant variance. Forecasts from this model
are obtained as Yl=1Lalyt-1\sum_{l=1}*{L} a_l y_{t-1}.
Notably, incorporating spatiotemporal correlations by
considering the past outputs of neighboring wind farms, in
addition to the target wind farm, could enhance predictive
accuracy. For a power output vector
yt=(yt[1],yt[2],...yt[Q]) T\mathbf{y}_t = (y_t[1], y_t[2], \ldots,
y_t[Q])"T across QQ wind farms at time tt, this approach can
be generalized within an autoregressive framework."

yt=Y (I=D)"L (Aly_(t-) + €e_t) (5)

where AlA_l represents coefficient matrices, and et\epsilon_t
denotes independent multivariate errors with zero mean
and a constant positive semi-definite covariance matrix
X\Sigma. Autoregressive forecasts, y*t\hat{y}_t, can be
determined using this model.

yt=Y (I=D)"LAly_(t-1) (6)

Let xtx_trepresent the wind speed measurement at or near a
wind turbine at time tt (t<Tt \leq T), where TT is the total
number of samples. Similarly, let yty_t denote the measured
wind power at the corresponding wind turbine at time tt. A
key objective of this study is to forecast wind speed for a
specified period beyond TT, specifically from T+1T+1 to
T+dT+d. The wind speed and wind power at time tt can be
described using an autoregressive exogenous (ARX) process,
as outlined below.

Xt = f(Xt.l, Xt-2eeen Xt-py zt, Zt.l.....Zt.q) Et,t = 1,2,... T ---- (7)
Y= g (Yt—l;Yt—Z,---;Yt—p;Zt;Zt—l;---,Zt—q) + et,,t=1,2,...,T---- (8)

Here, e=(el,...eT')T\epsilon = (\epsilon_1, \ldots,
\epsilon_{T'N"T and e=(el,...eT)Te = (e_1, \ldots, e_T)*T
are independent noise vectors, with TT denoting the
transpose operation. These vectors represent the model
errors in the prediction models for xtx_t and yty_t. By
incorporating lagged meteorological factors as exogenous
inputs, the ARO method effectively captures temporal
dependencies and nonlinear interactions inherent in wind
energy generation. This approach provides valuable insights
for stakeholders in the renewable energy sector, enhancing
forecasting accuracy and supporting strategic decision-
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making for resource allocation, grid integration, and system
optimization in wind power generation.

(V) Energy Management System

The energy management system (EMS) of the energy system
is implemented using a rule-based algorithm to effectively
manage the power flow of the devised hybrid energy system
components. Non-isolated buck Based-Bi-Directional DC-DC
Converter is designed at the PV side, which ensures cost-
effective PV panel wiring, reduced converter development
cost, and better efficiency of the PV system during low
irradiation periods. To maximise the power at different
solar irradiation levels, the Finite Control Set Model
Predictive Control (FCS-MPC) strategy is presented for
energy management in PV. An adaptive neuro-fuzzy
inference system approach is presented with a switched
Inductor Voltage Multiplier Cell (VMC) for fuel cells, which
provides a higher voltage gain than a conventional Boost
converter, it also modifies the duty cycle of the cell. The
hybrid renewable energy is integrated with a grid, and
power quality issues such as voltage sag, swell, and
harmonics are affected.

(a) Finite Control Set Model Predictive Control (FCS-
MPC)

The Finite Control Set Model Predictive Control (FCS-MPC)
strategy offers a comprehensive approach to optimize
energy management in photovoltaic (PV) systems across
varying solar irradiation levels. By leveraging this method,
the system can dynamically adjust control parameters to
maximize power generation efficiency under different
irradiation conditions. FCS-MPC achieves this by utilizing a
finite set of control actions and predicting future system
behaviour based on current and forecasted solar irradiance
levels. This predictive capability enables the system to
proactively adapt to changing environmental conditions,
ensuring that the PV system operates at its peak
performance level and extracts the maximum available
power from the solar resource.

X (k+1) = Ax (k) + Bu (k) ------ 9
Y (k) = Cx (k) +Du (k) ------ (10)

Here, x(k+1)x(k+1), u(k)u(k), and y(k)y(k) represent the
state variable vector, input vector, and output vector,
respectively. Additionally, AA denotes the system matrix, BB
the control matrix, CC the output matrix, and DD the feed-
through matrix. By combining NN equations corresponding
to the time steps from (k+1)(k+1) to (k+N)(k+N), the
prediction model can be formulated as follows:

X (k+1:k+N) =A* (k) + Bu (k:k+N-1) --- (11)

x(:)=A*x(K)+Bu(:) - (12)

The future error between the predicted output and the
reference value is minimized by using a predefined cost
function, g defined as follows:

g=lIxC)I2+yllu()I2=N1A*x(K)+B u(:)I2+yllu(:)lI2 --- (13)
where vy is the weighting factor

Taking the derivative of the cost function concerning u(:]}
and setting it to zero, the solution is obtained as

u(:)=-[(BATBA+yI)-1BATAAx(K) -- (14)

Where only the first vector from the array of the optimally
predicted future control inputs in (14) is utilized.
Dynamically adjusting control parameters based on real-
time conditions, FCS-MPC offers a robust approach to
maximizing power generation efficiency and overall system
performance. This strategy not only enhances the utilization
of solar energy resources but also contributes to grid
stability and reliability by effectively managing fluctuations
in power output. Moving forward, continued research and
implementation of FCS-MPC hold promise for further
improving the integration of PV systems into the broader
energy landscape, facilitating a transition towards
sustainable and resilient energy systems.

(VI) Enhancing Equal Penetration of Renewable Energy
into Multigrid

The integration of High-Penetration Renewable Integration
(HPRI) with the Multi-Objective Multi-Verse Optimization
(MOMVO) algorithm offers a robust solution to manage the
complexities of incorporating substantial renewable energy
into multi-grid systems. This approach involves developing
accurate models for variable renewable energy sources, such
as wind and solar, while accounting for their temporal and
spatial variations. By leveraging these models, the combined
method enhances grid resilience by dynamically adapting to
variations in renewable energy generation and load
demands, thereby supporting significant renewable energy
penetration into primary utility grids. Additionally, the
strategy highlights the importance of understanding
multigrid system characteristics, including transmission
capacity, demand patterns, existing energy sources,
forecasting, energy storage, demand response, and flexible
grid management, to effectively address the variability
associated with renewable energy sources and optimize grid
performance.

(VII) High-Penetration Renewable Integration and the
Multi-Objective Multi-Verse Optimization

High-Penetration Renewable Integration (HPRI) can
be conceptualized as a value-based equation, where the
benefits and costs associated with increasing the penetration
of renewable energy are carefully balanced. The equation
can be represented as follows:
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HPRI=(B1+B2+:-+Bn) - (C1+C2+:-+Cm) - (15)

Here, B, to E, represent the various benefits accrued from
high renewable energy penetration, such as reduced
greenhouse gas emissions, improved air quality, energy
security, and job creation. These benefits contribute
positively to the overall value of HPRI. Conversely, C, to Ty,
denote the costs associated with integrating high levels of
renewable energy, including investments in grid
infrastructure, energy storage systems, curtailment of excess
renewable generation, and potential challenges related to
grid stability and reliability. These costs are subtracted from
the benefits to determine the net value of HPRI. Through
careful analysis and optimization, HPRI facilitates the
development of strategies and policies that maximize the
value of renewable energy integration while minimizing
associated costs, ultimately advancing the transition towards
a more sustainable and resilient energy future.

The Multi-Objective Multi-Verse Optimization (MOMVO)
Algorithm offers a comprehensive solution to the complex
challenges and opportunities inherent in increasing the
penetration of renewable energy within multi-grid systems.
By leveraging the principles of multi-objective optimization,
MOMVO simultaneously considers multiple conflicting
objectives such as maximizing renewable energy integration,
minimizing grid instability, reducing environmental impact,
and optimizing economic efficiency. This holistic approach
empowers decision-makers in the renewable energy sector
to navigate the intricate trade-offs and uncertainties
associated with multi-grid systems, ultimately facilitating the
development of robust strategies that enhance renewable
energy penetration while ensuring grid stability,
environmental sustainability, and economic viability.

Xi]'=k (Xi+TDR+[ubj—lbjxr4+lbj)-r3xj+TDR+(ubj—lbjxr4
+1bj)-r4xijif r3<0.5if r4=0.5if r22WEP ---- (16)

The (WEP), and (TDR); are represented by the following
formulas:

WEP=min+1xL(WEPmax-WEPmin) ---- (17)
TDR=1-(Lp1lp1) ---- (18)

Where, xf represents a variable related to the optimization
problem, x; and x; are related variables within the

optimization problem. TDR likely stands for "Total Demand
Response"” or a similar term, representing a parameter
associated with energy demand management. [b; and ub; are

lower and upper bounds, respectively, likely indicating
constraints or limits on variable x;. WEP stands for "Wind

Energy Production,” representing a threshold or condition
related to wind energy generation. This approach
underscores the importance of meticulously crafting precise
models specifically designed to accommodate the variability
inherent in renewable energy sources, particularly wind and

solar. By synergizing HPRI's emphasis on maximizing
renewable energy integration while maintaining grid
stability with MOMVO's capability to navigate complex
trade-offs across multiple objectives simultaneously, this
integrated framework enables the development of tailored
solutions that optimize renewable energy utilization,
enhance grid resilience, and promote sustainable energy
transitions in a rapidly evolving energy landscape.

(VII) Reduce the Problem of Unit Commitment with 118
Bus Systems in Multi-Area Grid

Implementing a Stochastic Security-Constrained Unit
Commitment (SCUC) with 118 bus systems the Battery
Energy Storage (BES) coordination in a multi-area grid aims
to enhance the reliability and efficiency of the power. The
proposed utilizes the multi-objective optimization as Coyote
Optimization Algorithm with Enhanced Arithmetic
Optimization Technique to solve the unit commitment
problem. This model performs the unit commitment model
accurately with effective performance and this stochastic
approach improves the reliability of unit commitment
decisions by accounting for uncertainties, leading to a more
robust and resilient power system. Power systems while
challenges associated with unit commitment. By efficiently
integrating renewable resources and utilizing BES for energy
storage, the approach helps minimize curtailment of clean
energy, maximizing the use of available renewable
generation. This model obtains a novel solution by
incorporating a multi-objective function in the context of
unit commitment and renewable energy penetration.
Reducing the problem of Unit Commitment (UC) in a multi-
area grid involves optimizing the scheduling of power
generation units across different regions to enhance system
efficiency, reliability, and cost-effectiveness. Define unit
commitment constraints, including minimum and maximum
generation limits, ramping limits, and start-up and shutdown
costs, considering the characteristics of each generating unit.

4. EXPERIMENTATION AND RESULT DISCUSSION

In the challenge of enhancing equal penetration of renewable
energy into multi-grid systems and tackling unit
commitment issues in photovoltaic (PV) and wind energy
integration within the 118-bus system, employing various
optimization techniques to optimize resource allocation and
operational strategies. Through comprehensive simulations
and analyses, observed that the application of advanced
optimization algorithms, such as genetic algorithms, particle
swarm optimization, or mixed-integer linear programming,
resulted in significant improvements in system performance
metrics, including reduced operational costs, enhanced
renewable energy utilization, and improved grid stability.
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Table 1: Configuration Details for System Simulation.

MATLAB Version R2023a
Operating System Windows 10 Home
Memory Capacity 6GB DDR3

Processor Intel Core i3 @ 3.5GHz

The system configuration utilized for the simulation in this
study is outlined in Table 1. The research was conducted
using MATLAB R2023a, running on a Core i3 processor
clocked at 3.5 GHz with 6GB of DDR3 RAM.
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Figure 3: Iterations and Objective Values in
Optimization Algorithms

Figure 3 shows the optimization algorithms, such as gradient
descent or genetic algorithms, iterations and objective values
are fundamental components crucial for achieving optimal
solutions. Iterations represent the number of cycles or steps
the algorithm undergoes in refining its solution towards
optimization. The objective value for 147 with iteration, the
algorithm adjusts its parameters or variables to minimize or
maximize the objective function, representing the goal or
criteria to be optimized. The relationship between iterations
and objective values illustrates the algorithm's progress
towards convergence or reaching an optimal solution.
Typically, as iterations progress, the objective value tends to
decrease (in the case of minimization) or increase (in the
case of maximization), reflecting the algorithm's
improvement in optimizing the objective function.

Power (kW)

0 ) 10 15
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Figure 4: Temporal-Power Dynamics

Figure 4 shows various domains, particularly in engineering,
energy management, and electronics, the relationship
between time and power is pivotal. Time represents the
duration or period over which a process occurs, while power
denotes the rate at which energy is transferred or work is
done within that timeframe. The interaction between time
and power is multifaceted, with different contexts
emphasizing different aspects of this relationship. For
instance, in electrical engineering, power consumption over
time is crucial for designing efficient circuits and systems to
minimize energy usage and extend battery life. Similarly, in
manufacturing processes, optimizing power consumption
over time is essential for enhancing productivity and
reducing operational costs.
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Figure 5: Relationship between Bus Numbers and
Voltage Magnitude

Figure 5 displays power systems analysis, particularly in the
study of electrical grids, examining the relationship between
bus numbers and voltage magnitude per unit (p.u.) provides
crucial insights into the stability and operation of the
network. Each bus in an electrical network is assigned a
unique identification number, and voltage magnitude per
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unit represents the normalized voltage level relative to a
specified base voltage. A voltage magnitude of 1.05 p.u. at a
specific bus indicates that the voltage at thatlocation is 1.05
times the base voltage. This relationship is significant for
assessing the voltage profile across the network, identifying
potential voltage violations, and ensuring the overall
stability of the system. By monitoring and analyzing voltage
magnitudes at different buses, power system operators can
make informed decisions regarding voltage regulation,
equipment operation, and network planning to maintain
reliable and efficient power delivery.

Voltage Angle

Voltage angle in degree

s L s ' L |
10 20 30 40 50 60 70 80 920 100 110
Bus number

Figure 6: Voltage Angles in Power System Analysis

Figure 6 represents power system analysis; voltage angles
play a crucial role in determining the phase relationship
between different buses within the network. The
specification of voltage angles, such as at bus number 90
with a voltage angle of 10 degrees, provides essential
information about the phase shift between the voltages at
adjacent buses. A voltage angle of 10 degrees at bus number
90 indicates that the voltage at this particular bus leads or
lags behind the reference phase by 10 degrees.
Understanding voltage angles is vital for assessing the
stability and performance of the power system, as phase
differences between buses influence power flow, voltage
regulation, and system reliability.

Battery State of Charge (SOC)
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Figure 7: Correlation Between Time and State of
Charge (SOC).

Figure 7 illustrates the dynamics of battery management and
energy storage systems by examining the relationship
between time and the State of Charge (SOC) percentage. This
relationship is crucial for evaluating battery performance
and predicting its behavior over time. Time reflects the
operational duration or the periods of charging and
discharging cycles, while SOC percentage represents the
remaining charge in the battery as a proportion of its total
capacity. Analyzing the SOC percentage over time provides
key insights into the battery's storage capabilities and its
rate of depletion during operation. For instance, a steady
decline in SOC indicates discharge during use, whereas an
upward trend signifies the battery being charged.
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Figure 8: Relationship between Time and On/Off Status

Figure 8 depicts the operation of the power system and
energy management, highlighting the relationship between
time and the on/off status of power generation units, which
plays a crucial role in unit commitment decisions. Unit
commitment involves scheduling power generation units
optimally over a given time horizon to meet energy demand,
minimize costs, and maintain system reliability. Time is a key
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factor in this process, as energy demand varies throughout
the day due to changing consumer requirements and
external influences, such as weather conditions. The on/off
status reflects whether a power generation unitis active and
contributing to electricity production at a particular
moment.
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Figure 9: Relationship between Time and Frequency
Deviations

Figure 9 displays electrical power systems, the relationship
between time and frequency deviations is crucial for
maintaining grid stability and ensuring reliable operation.
Time, typically measured in hours, serves as a fundamental
dimension in assessing the dynamic behaviour of the power
system over different periods, from short-term fluctuations
to long-term trends. Frequency deviations, expressed as
deviations from the nominal frequency of the grid, indicate
the magnitude of variations in system frequency due to
changes in load demand, generation output, or grid
disturbances. A frequency deviation of 0.17 ata specific time
point, such as 20 hours, suggests a deviation from the
nominal frequency, potentially indicating imbalances
between generation and demand or grid disturbances
affecting system stability.
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Figure 10: Overview of Battery Energy Storage Systems.

Figure 10 illustrates battery energy storage systems,
emphasizing the relationship between time and the State of
Charge (SOC), which is essential for evaluating battery
performance and usage. Time, typically expressed in hours,
indicates the operational duration or discharge period of the
battery. For instance, a time value of 7.9 hours represents
the duration under review. SOC, measured as a percentage of
the battery's total capacity, indicates the remaining energy at
a specific time. A SOC value of 40.5% signifies that, after 7.9
hours of operation, the battery has utilized 59.5% of its
maximum capacity, retaining 40.5%.

1000 (ust‘ VS, chc\wablcchnclra?tlon

900 -

800

700

600 -

Total Cost ($)

500

400

300 L I . N L L I I
10 20 30 40 50 60 70 80 90 100

Renewable Penetration (%)

Figure 11: Impact of Renewable Penetration on Total
Cost in Energy Economics and Policy.

Figure 11 highlights energy economics and policy-making by
examining the relationship between renewable penetration
and total cost, which is vital for developing sustainable and
cost-effective energy systems. Renewable penetration,
indicated at 18.8%, measures the share of renewable energy
sources like solar, wind, and hydropower within the overall
energy mix. This integration aims to meet energy demands
while minimizing reliance on fossil fuels. Total cost,
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quantified at 91.7, encompasses all expenses related to
energy generation, including capital investments,
operational and maintenance costs, and environmental
externalities. Understanding the interplay between
renewable penetration and total cost provides insights into
balancing economic feasibility with the transition to
renewable energy systems.

(5)RESEARCH CONCLUSION

This research investigates strategies to promote the
equitable integration of renewable energy sources,
particularly photovoltaic (PV) and wind power, into a
complex multi-grid system with 118 buses. By utilizing
advanced optimization techniques, particularly in the unit
commitment process, the study effectively addresses the
challenges associated with integrating fluctuating renewable
energy sources into the grid. The findings emphasize the
critical role of optimizing power generation unit scheduling
and dispatch to achieve a balanced and efficient distribution
of PV and wind energy across interconnected grids.

Through extensive modeling and analysis, practical solutions
have been devised to maximize renewable energy use while
ensuring grid stability and reliability. Battery energy storage
systems (BESS) play a key role in overcoming integration
challenges by efficiently managing charging and discharging
cycles. The algorithms developed in MATLAB help regulate
BESS operations based on critical factors such as the State of
Charge (SOC) and operational duration, ensuring that both
system demands and renewable energy needs are met. For
instance, an SOC of 40.5% after 7.9 hours of operation
demonstrates the effectiveness of these algorithms in
balancing energy storage and utilization.

Overall, the study illustrates the effectiveness of
optimization methods in addressing unit commitmentissues
and supporting the broader adoption of renewable energy
within intricate power systems. The insights gained from
this research are valuable for policymakers, grid operators,
and other stakeholders in advancing the development of
sustainable and resilient energy infrastructures. These
findings contribute to the ongoing efforts to transition
towards a more sustainable and reliable energy future.

3. CONCLUSIONS

This study investigates the incorporation of renewable
energy sources, such as photovoltaic (PV) and wind power,
into a multi-grid system, with a specific focus on addressing
unit commitment challenges within the framework ofa 118-
bus power system. The research demonstrates that
optimizing renewable energy integration through advanced
optimization techniques, like the Multi-Objective Multi-Verse
Optimization (MOMVO) algorithm, can significantly improve
the efficiency, reliability, and sustainability of power
networks. The findings show that using optimization
methods for unit commitment, combined with increased

renewable energy penetration, leads to better grid resilience,
lower operational costs, and accelerates the transition to
sustainable energy solutions. Furthermore, the study
emphasizes the need for accurate modeling to handle the
variability of renewable energy generation, while ensuring
grid stability and operational efficiency. Ultimately, the
research highlights the effectiveness of optimization
techniques in balancing renewable and conventional energy
sources, providing valuable insights for overcoming the
challenges associated with large-scale renewable integration
into multi-grid systems.
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