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Abstract: The requirement for integration of power plants due to the cyclical rise in electrical energy
consumption is due to fluctuating load demand with the current grid systems. This integration necessitates
effective allocating loads to the power plants for a minimum grid-tied transmission line cost while meeting
network constraints. In this paper, we formulate an optimisation problem of minimising the total operational
cost of all committed plants transmitted to the grid while meeting network constraints and ensuring economic
power dispatch (EPD) and energy management system co-optimization. The developed Particle Swarm
Optimization (PSO) method resolve the optimisation problem using piecewise quadratic function to describe
the operational cost of the generation units, and the B coefficient approach is employed to estimate the
transmission losses. Intelligent adjustments are made to the acceleration coefficients, and a brand-new
algorithm is suggested for distributing the initial power values to the generation units. The developed
economic power dispatch strategy successfully demonstrated an imperative cost reduction with connected
load of 850MW, 1263MW and 2630MW power demand are contrasted with previous PSO application cost
values, maximum yearly cost savings of (0.55%, 91.87), (46.55%, 3.78), (73.86%, 89.10) respectively, and
significant environmental-benefit. The proposed co-optimisation approach can enhance a significant self-
consumption ratio compared to the baseline method.

Keywords: Economic power dispatch; photovoltaic (PV); Particle Swarm Optimization; Co-
optimization; energy management system.

1. Introduction

Renewable energy sources have opened a new era for stability enhancement and future load
expansion in the power system. The regular increase in the cost of power from the grid,
environmental concerns, and the depletion of fossil fuel reserves with or without market
manipulation have in recent years increased electrical demand [1]. Photovoltaic (PV) campaigns,
energy storage devices, and electric vehicles (EVs) are growing in popularity as the penetration of
renewable energy resources (RESs) in distribution systems deepens [2]. The demand from the
distribution networks may be met (in part) by such RESs, which can offer grid services like voltage
regulation. For the total energy management system-and-transmission (EMS&T) networks, it
becomes operationally desirable and economically sensible to incorporate RESs for energy delivery
without interfering with distribution system operation [3]. The power networks of many nations are
designed as a networked system that heavily relies on conventional sources of generation. To adapt
to changing demands, this structure needs to be improved. Any nation's energy sector now requires
integrated energy planning to grow sustainably [4]. The public policies necessary for the extensive
expansion of renewable energy technologies and markets are being implemented by several
emerging nations. Numerous nations have set a minimum 20% renewable energy (RE) contribution
goal [5], while to encourage improvement and generation of alternate or renewable energy, the South
African government has set a minimum renewable energy contribution goal [6]. Consequently, steps
have been taken to diversify the nation's energy mix. South Africa published a white paper in 2003
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outlining its plan to transition to renewable energy sources (biomass, wind, solar, and small-scale
hydro) to provide 10 TWh of power. The foundation for the development of RE technologies in South
Africa is provided by this policy paper. Then, in May 2011, an integrated resource plan was released,
setting a new goal of adding 17,800 MW of renewable energy to the energy mix by 2030. A Renewable
Energy Independent Power Producer's Programme (REIPPP) was established in 2011 to further entice
private investment into the nation's energy transition. The REIPPP, an ambitious effort for renewable
energy generation in South Africa, has three key focuses: lowering CO: emissions; increasing
generating capacity; and, ultimately, providing a path for economic growth. Currently, solar energy
production makes up a very small portion of global generation. However, due to resource availability
and declining system costs, it will be necessary to expand and integrate solar energy into the grid in
the future [7]. A crucial job when taking renewable energy sources into consideration is striking a
balance between power generation and load demand. This is a result of the fluctuation and
unpredictability of power generation from renewable sources across time [8]. The sun's irradiance
present at a site determines the solar panel's generation schedule. Seasons and time of day both have
an impact on solar irradiance variations [9, 10]. For an accurate output value, the sun's irradiation
must therefore be adequately modelled, simulated, and predicted using a variety of techniques.
Economic Power Dispatch (EPD) is a crucial and ongoing phase in a power system's operational
planning. The process of allocating producing power to the grid units to supply the system load
economically is described as the general economic dispatch problem [11]. In this scenario, constraints
like generation caps, power balance, etc. are crucial factors to consider. Many researchers
concentrated on the improvement in general economic dispatch problems, whereas research on
dispatch considering renewables is limited [12, 13, 14]. Economic dispatch was initially implemented
using equal incremental costs, then transmission loss and penalty factors were added subsequently
[15]. Particle swarm optimisation (PSO), differential evolution (DE), genetic algorithms (GA), and
evolutionary programming (EP) are examples of intelligent techniques that are used to solve complex
dispatch problems that consider valve points, banned operation zones, and quadratic cost functions.
[16]. For total transmission-and-distribution (T&D) systems, it becomes operationally desirable and
economically sensible to incorporate RESs for energy supply without interfering with distribution
system operation [17]. Joint generator-side and load-side control has been suggested in the literature
to help with power balancing and frequency regulation in grid systems [18, 19]. The liberalisation of
the energy market results in new types of competition and paradigm shifts in the process of
producing electricity. Then, for energy contribution in the entire generation of electric power,
distributed generation has attracted a lot of interest. The idea of microgrids is now emerging as a
natural replacement for traditional electric power systems, where large synchronous generators in
remote locations could be accompanied by smaller generators and shorter transmission lines close to
the loads, providing an efficient and sustainable alternative for the full use of renewable energies
[18]. Both traditional generators, such as thermal generators or diesel engines, and renewable energy
sources (RES), such as wind turbines, solar systems, fuel cells, or battery energy storage systems
(BESS), can be used as generation units in microgrids [19, 20]. It is crucial to keep in mind that RES
projects' operations are unpredictable and vulnerable to disruptions, which makes it challenging to
identify the optimum dynamic solution to a problem of economic dispatch [21]. Since conventional
and emerging generation systems are physically constrained, energy management in microgrids aims
to maximise some desired objective function that describes the cost behaviour, reliability, and
efficiency of the system. It also determines the optimal energy dispatch (economic power dispatch).
As aresult, RES and BESS could handle challenging jobs involving connectivity to big power systems
or serve as a technical substitute for managing excess or deficiency of generated energy in smaller
grids while taking load changes into account [21, 22].The transmission system structure at the grid
buses is often ignored in these studies, which instead focus on the distribution system dynamics by
treating load buses as movable nodes. With fewer studies at the transmission level during the past
ten years, a lot of work has been done on optimising RESs in distribution networks. Numerous
problem formulations and resolution methodologies have been proposed to effectively coordinate
RESs for voltage regulation, loss minimization, dispatching signal tracking, etc. [23]. When
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considering renewable grid injection and any requirements for grid optimisation, Kempener et al.
[24] suggested that using smart grids over conventional systems is economically feasible. According
to the type of grid reforms necessary to handle renewable energy, the literature on this topic has
recognised three distinct levels of renewable penetration: low, medium, and high. Numerous studies
on the integration of renewable energy systems into the grid have been done, focusing on different
aspects. There are a few works on transmission and energy management system co-optimisation. The
transmission and distribution networks and RESs are given specific models in [25, 26], and a multi-
level solution approach is suggested to handle the subproblems for each layer in turn. A coordination
approach is put forth in [27] by resolving the corresponding subproblems for the two levels.
However, no well-defined joint (EMS&EPD) optimisation problem has yet been put forth in previous
works, making it challenging to assess the overall effectiveness of their solutions. Additionally, since
the joint (EMS&EPD) co-optimisation problem typically has a larger feasible set of solutions to find,
solving the network operation cost at a time may not yield the best result. The outputs of the large
generator’s connection and those of the RESs in the net-works are jointly optimised. A system for
allocating, sizing, and analysing RES (solar PV generator sources) is presented. For the grid-tied PV
power system to operate reliably, there must be a high penetration of intermittent RES. These swift
reserves can be provided by aggregated and coordinated loads, but they represent energy-
constrained and uncertain reserves (in terms of their energy status and capability). Optimisation-
based strategies enable one to build a suitable trade-off between closed-loop performance and the
resilience of the energy power dispatch to efficiently dispatch uncertain, energy-constrained reserves.
The uncertainty linked to aggregations of RESs with energy constraints i.e., a localised energy storage
system for each connected generator is therefore studied in this paper.

In this paper, we formulate an optimisation problem of minimising the total operational cost of
all committed plants transmitted to the grid, while meeting network (power flow) constraints and
ensuring economic power dispatch (EPD) at the transmission level. Optimised-based energy
management systems are used to estimate the power flow of the grid-tied systems in simulated
Matlab clear and cloudy weather conditions with seasonal variations for optimal solar PV and grid
output for the EPD model. The rest of the paper is organised as follows: Section 2 describes the related
works on energy management system-and-transmission. Section 3 presents the integration of solar
PV modelling and estimation of power output from a PV array and economic dispatch problem. In
Section 4, results and discussion are presented on the integration of solar energy into economic
dispatch and the cost optimisation for various scenarios are described. Section 5 concludes the paper.

1.1. Problem Overview

The reliability issues caused by the uncertain behaviour of RESs are caused by their
dependability on naturally occurring phenomena such as varying light intensity, weather conditions,
and irradiance. These inadequacies make RES uneconomical and challenging to integrate into electric
grids that are rivalled by conventional hydrocarbon fuel-based generations. One of the practical
methods to rise above these deficiencies is to install dispatchable generation RESs into the electric
grid, such as energy storage systems (ESSs) [28]. Integration of such RESs with higher seasonal
variations is economically beneficial to use with these conventional existing power generation
sources, but this increasing diversity of generation sources makes the operating strategy for these
hybrid grids a challenging problem, and the cost characteristics of each RESs generators produced
power is also a nonlinear function [29]. The problem of achieving minimum cost is primarily focused
on in this paper, presented as the total operating cost objective function.

0, = Ti(E58, Co (Po) + ZiE Cr (Pr) + 2021 €y (Pud)) + Epare + 7, 1)

C;(Pg;) is the grid cost function, C,.(P,;) is the grid transmission line spinning reserve operating
cost, and Cy(Py;) are the cost functions for solar PV generator and Ej,;; is battery model equation.

Cq(Pgi) = 258 N (agPg;At* + by P At + ¢y), (2)
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Cr (PGL') = 11y£1 NRpr PriAt' (3)

Co(Py) = L%, Nyt, PyiALV, 4)

As illustrated in equations (2) to (4), a;Pg; + b;Pg; + ¢; implies as (operating cost of solar PV
and Grid); ai, bi and ci are the unit coefficients of power cost and Pg; is the unit output i of the real
power. Note that in this paper At = 1, denotes a simulated period. The second component of the total
cost, which is the renewable component of the model indicated in (5),

T NG NV NV
y= D @ NPt ) NyPu)+ ) NyPa))", ©)
1 g=1 v=1 v=1

i=

Where the percentage-based renewable requirement is the penalty imposed on grid
transmission line for failing to meet the customer obligation. The sign function (.)+ is equivalent to 0
in the absence of RES fulfilment requirement. The energy regulator often gives the penalty v as an
annual amount. It is possible to convert this penalty value into a daily penalty value that reflects the
daily efficient dispatch of power.

1.1.1. Constraints

The power balance constraints are the total generation @; as equal to total system power
demand Pp plus transmission loss P,

@1 = Pp + Pposs, (6)

The power plant geographical distributions and grid-tied transmission losses are function of its
value and number of unit’s generation expressed as quadratic functions:

Pposs = Xim1 X1 P; BijP; + Xi%1 BoiPi + By, (7)

Inequality constraints:

The power generation of all the grid bus has maximum and minimum limits. PZ*" < Pg; <
P(T;Tilax’
Where PZ™", PZ%* are the maximum and minimum grid bus output limits?

The power output of any generator has a maximum value dependent on the rating of the
generator with a minimum limit set by capacity factor of the solar PV plant. The economic dispatch
problem has been scheduled based on the following constraints.

Equality Constraints Y.}, P;; = Pp

Inequality Constraints  Pgimin < Psi < Pgimax

The plants operated with equal incremental operating cost till their limits are violated as soon
as the plant reaches the limits (maximum and minimum) its output is fixed at that point and is
maintained constant.

2. Materials and Methods

2.1. Numerical study and Simulation of different case studies

Proposed dispatch cases studies depend on estimations of power generation into the grid
systems and electric load demand. In this section, a detail description of these mathematical models
is given. The generation sources discussed in this paper can be categorized into two types related to
their capability of controlling power generation. First, dispatchable, which can control the power
dispatch, e.g., coal, fuel cell, micro gas turbine. Second, non-dispatchable, which lacks the dispatch
ability, for example, solar PV. The grid relates to the RESs via a single point which is called the Point
of Common Coupling (PCC).

2.1.1. Non-dispatchable Energy Sources
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2.1.1.1. Solar Photovoltaic (PV)

Solar Photovoltaic (PV) is a non-dispatchable energy source which harvests electric power from
solar radiations. The solar power plants are viewed as lossless considering the literature review on
EPD and renewable energy sources, and the climatic consequences of their power outputs are not
considered [30]. Due to the resistance and reactance of the transmission lines, which are used for both
the transfer of solar power and grid electrical energy, there will be significant losses. The irradiance,
which in turn depends on the environmental conditions, determines the solar power. In this paper, a
set amount of loss is considered when transmitting grid power across the current transmission lines.
The case studies are taken into consideration for various climatic circumstances (clear and cloudy
conditions) because the output of solar power is climate dependent. The cost of installation is not
considered in this model because it is anticipated that public utilities will develop solar power plants.
The objective of the economic power dispatch problem of electrical grid power is to schedule the
committed electrical power generated outputs to meet the required load demand while satisfying the
system equality and inequality constraints.

2.1.1.2. Model for Economic Power Delivery Coordination Using Solar PV Energy

The output power of a solar panel is mostly dependent on estimating varied irradiance values,
which calls for an appropriate functional model. The Matlab function was simulated to obtained
seasonal solar irradiance model data before in the function. This function estimates the output of a
solar panel based on clear and cloudy days, and then calculates the overall output of all solar PV
systems.

The second objective function increases the level of RES energy penetration and optimal power
flow, as presented in Ref. [31]. In addition to the total operating cost in (1), the maximisation is shown
in (8).

0, = Y1 1(Tor, Prihi), 8)

This solar-generated electricity is included at that point of common connection and is seen as
negative demand. The results of economic power dispatch utilising this model are then compared.
The electricity produced by PV arrays is regarded as a negative load for incorporating solar PV
energy into the existing grid bus (9), and revised as the optimal power flow optimization problem,
formulated to maximise the economic benefits of large-scale solar PV and hybrid energy generators
in a time horizon of T intervals, modelled to minimize the cost function of energy generation to satisfy
the operating constraints for optimal power output.

Minimise:

CRT (PV,w) = F(Pg) XS, Ci (Pgi), ©)

2.1.1.3. Constraints

Subject to total power generated by the grid-tied solar PV is equal to the demand per hour at
each load bus.

Y681 NePei + Z3L Ny Py = X32 NpPy; Vi, (10)

Subject to grid-tied bus maximum permitted ramp rate shown in constraints (11) through (14)

Py — P, <UGAL Vi VG, (11)

P, — Poy < URGAI Vi, V1, (12)

Y01 NgPg; + X3L Ny Py = TRZ NpPy; Vi, (13)
P, — Py <DRGAL ViVt (14)

Subject to grid-tied bus, and solar PV maximum capacity limitations (15) to (17)
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6
Pei < min(Pg axPgi-1 + URg At) Vi (15)
Psi <max(PgminPgi-1 + URg At) Vi . (16)
Pyi < Pyimax Vi (17)

Subject to total spinning reserve of the grid-tied bus constrained by the generator's capacity
Pei + Pri £ Pgpax Vi, VG. (18)
Subject to each generator's maximum spinning reserve, not greater than -tied bus capacity.
0 <P <SSRymax Vi (19)

constraints (20) present dispatch period's spinning reserve not greater than the system's
spinning reserve requirements

YNNG NgP,; > SSR Vi, (20)

In case of RES generators unable to provide any power, constraints (21) make sure that there is
enough spinning reserve requirement SSR; 4, to ensure that the demand can be met by the grid-
tied bus.

M9 NgPgi + X8 NgPyy = X318 NgPy, Vi, (21)

the power flow restrictions are represented by constraints (22) and (23) and are calculated using
optimal power flow.

—Ppossmax < Pri = Ppossmax Vi, Vi, (22)
Piross = 2521 NgGeossPei + Zglz/l NyHyposs Pyi — 213'51 NgHprossPpis (23)
Total generation should meet total power demand and can be determined from optimal power
flow as
Pp = Pp = XGiwis=1 Pai + Pyis, (24)

Where Pj,: New Power Demand, and }%s_; Py;s is the sum of solar PV generators.
2.1.2. Dispatchable Energy Sources

2.1.2.1 Batteries

The battery’s function is to store electricity, absorb extra and fluctuating electric power, and
discharge power in times of need. When it is economical or when no excess energy is obtainable, the
batteries get recharged by the grid. The electric power flow cycles of a battery bank rely on the
following constraints: minimum discharge level, self-discharge rate, recharging cycles, shelf life, and
recharge/discharge rate. The battery storage charge model can be formulated as follows:

2.1.2.1. Model of battery charge storage

Unreliable renewable energy sources (RES) are the main cause of the microgrid's peaks and
gorges. The seasonal changes affect a higher percentage of the microgrids if we take them into
account. Dispatched energy sources, on the other hand, produce less uncertainty and fluctuation, and
their societal cost is already recognised. Another key player in the power dispatch strategy is an
energy storage system (ESS), which is handled in a specially optimised manner due to its limits. The
main goals are to cut back on social costs and grid interactions. The cumulative societal cost equation
for RES is described as ESS performing a different role from the other microgrid components. By
charging the ESS when power is virtually free (coming from the RES) or when the utility grid price
is the lowest, while the charge quantity in each battery is determined by the SOC, which is measured
by estimation methods [32, 33]. By combining two methods, ESS can reduce societal costs as follows:
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1) profiting from the pricing differentials between peak and off-peak hours; 2) recharging from RES
with excess energy reduces transmission. In this paper, responsive ESSs are distributed as balancing
reserves and have baseline consumption (i.e., aggregated baseline consumption of individual flexible
loads in an ESS). The ESS can react to the mismatches brought on by forecast errors by regulating its
controlled load over time. Any reduction (increase) in the ESS's consumption compared to the
starting point is referred to as discharging. Since the ESS are responsive, they constitute a valuable
resource to address demand-supply mismatches at high levels of renewable penetration. The ESS's
energy-constrained properties, in contrast to those of a traditional generator, demand careful
management of its state of charge. This work shows that the only factors affecting an ESS's energy
evolution are the net charging orders. In addition, unlike grid-tied batteries, the system operator's
level of flexibility is unknown and time-varying. In other words, the system operator's access to an
ESS's flexibility can be translated into upper and lower limits on the ESS's energy state. These upper
and lower boundaries depend on several stochastic factors, such as the weather and human
behaviour. Here, ESSs are modelled with chance constraints and are formulated probabilistically to
account for these factors.

Equations (25) and (26) describe the explicit battery operating cost model while charging and

discharging:
C,
Ccharging = Clgatt + CbaTtax' (25)
D,
Cdischarging = Pl?att + Pba?tlax' (26)

Subject to power constraints for ESS charging or discharging power constraint prin<p <
Pid*, ESS is charged, P, < 0 ; when ESS is discharged, Poss > 0

The local optimisation function in equation (27) for minimizing the total operating cost of
renewable energy production, while accounting for uncertainty grid constraints is given as equation
(28) and equation (29) was adapted from the work of [34]. These models will be developed in real-
time, with intra-hour dispatch intervals, while accounting for operating and security limitations
following the guided model.

TR T Coi(Pa) + ZEEY" BI2% Cov (Pr), (27)
Subject to grid power network constraints
max [PE™, PG — REY™| < Py < min[PE™, PLTM+ RGY] VI < VRS, (28)
The mathematical modeling of the MINLP solvers (equation 29 -30) to compute the lower bound
on the optimum objective function’s inputs obtained by enlarging feasible sets i.e., ignoring
constraints is guided by the work of [35].

ZminNLp = min[(x) =1 (29)

1 is the charging and discharging efficiencies of the batteries, subject to g as 0 < PS,., <
PET S, 0 < PR, < PR ub ., (X) is an objective function or cost function (minimisation) or grid
function (maximisation) for an optimal solution x € X , x; € Z/Vforalli € 1.

For a convex function f(x):R"™ - R, g: R® - R™ smooth sometimes convex functions
applied to the expected battery energy storage of solar PV variable are bounded by the real power
output of the convex function of the charging or discharging of the battery given as

1

Epare = Epare—1 + Pbcattrlganﬂt - PI?att NP At : (30)

Having constraints 0 < Epqy < E,oby
P

storage capacity E,.r, with total power as Pyqs = Pluet — Plase

that ensures the energy in the battery does not exceed the

2.1.2.3. Proposed optimised-based energy management system

The study of optimization-based EMS can be enriched by the developments of computational
and mathematical programming methods, which predate the invention of digital computers and
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have revolutionized computation and numerical optimization. Design variables cannot take random
values in many practical applications because they must fulfill certain electrical or physical
constraints. These limitations, also known as design constraints, are crucial for ensuring the stability
and security of the system. The mathematical modeling restrictions is typical of the multi-objective
function’s inputs for hybrid energy systems [38].

The study adopted convex MINLP, which rests on the mixed-integer quadratic program for an
energy system with storage and found a near-optimal solution for which a heuristic was developed
in the branch-and-bound implementation of the model that facilitates online implementation [39].
The fundamental branch-and-bound approach, often known as the branch-and-cut (B&C) method,
has been developed throughout the history of integer programming. This indicates that to tighten the
formulation, in addition to branching, extra valid inequalities or cuts are placed at the nodes of the
branch-and-bound tree. The variables to control the energy supply-demand balancing problem and
power flow within different RESs in real-time were motivated by this study. To investigate a broad
and complex solution space with numerous objectives for utility integration while using a guiding
particle search optimization algorithm and various optimization problems. To compare its
performance to other well-known optimization approaches described in the literature, the proposed
PSO has been used to solve EPD problems for several test systems that has been developed using the
R2022b (Matlab 9.9) window environment.

2.1.2.3. Economic Power Dispatch Problem

Kennedy and Eberhart introduced PSO as a multi-agent parallel search optimisation method in
1995 [40]. PSO served as swarm theory inspiration for the evolutionary strategy for a social behaviour
of fish, bird flocking [41] and the PSO concept depends on applying different particles to find the best
answer, every particle in the PSO algorithm represents a potential solution, and the optimisation
objective function evaluates these solutions to determine their fitness [42, 43]. The number of answers
doubles in the iteration until the best one is found, while more particles are imposed in each iteration,
which promotes finding the best solution and cuts down on the number of optimisation iterations.
Particles move around in a multidimensional search space in quest of the best solution. The particle
memory (pbesti) stores the best experiences from each particle, and the best overall result from all
particles is referred to as the global best particle (gbest). The following equations describe how each
particle (i) adjusts its present position (xi) and velocity (vi) during flight based on its own experience
and the experience of nearby particles. The economic dispatch problem aims to reduce the cost of
supplying energy subject to restrictions on the static behaviour of the producing units, assumes that
the amount of power to be delivered by a given set of units is constant for a certain period. However,
plant operators work to keep gearbox slopes within safe bounds to prevent reducing the life of their
equipment. This restriction typically manifests as a cap on the rate at which the power output can
grow or decrease. The dynamic economic dispatch is distinguished from the conventional, static
economic dispatch by such ramp rate limits. The dynamic economic dispatch cannot be solved for a
single value of the load because these ramp rates limitations affect how the generators' output
changes over time. Instead, it tries to reduce the cost of providing a specific demand profile. One of
the primary roles of the operation and control of the power system is the dynamic economic dispatch.
It is a technique for allocating the outputs of the online generator to the anticipated load needs over
a specific time period in order to run an electric power system as economically as possible while
maintaining system security. Given the limitations placed on system functioning by generator
ramping rate limits, this issue is one of dynamic optimisation. The most precise version of the EPD
problem is the dynamic economic dispatch, which is also the most challenging to answer due to its
high dimensionality [44, 45].

2.1.2.4. Particle Search Optimisation Model formulation

The PSO algorithm has two major equations. Equation (31) is the velocity equation, in which
each particle in the swarm changes its velocity based on the computed values of the individual and
global best solutions as well as its current position. Individual and social acceleration factors are
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represented by the coefficients c;and c,. They are known as trust parameters, with c¢; representing
a particle's confidence and ¢, representing a particle's confidence in its neighbours. They define the
stochastic influence of cognitive and social behaviours in conjunction with the random numbers 7,
and 4. For the formulation of the PSO, which is denoted as the stochastic vector v}, is given by

v = cirip(Ph — xh) + g (B — x4). (31)

Where rf, and i, represents two uniform real random scalar numbers between 0 and 1.,
updated at every iteration k, and for each solar PV generation sources i in the swarm. Hence 7,
and 1}, simply scale the magnitudes of the cognitive and transmission line powers c;7{ (Pf — xL)
and ¢, (P — xL). Studying the stochastic contribution v} in the composition of instantaneous
search domain given in equation 52. The cognitive vector P{ — x} and transmitted powers P — x}
consist of the directions and distances from the solar generator’s location x} to the best solar
generator’s location P, and the best global location PJ; the cognitive and transmitted powers can
be anything from normal to parallel w.r.t. each other. When the cognitive vector Pi — x| and the
transmitted powers (PJ — x}) are not parallel, eq. (32) may be interpreted as the vector equation of
abound plane P} inn-dimensional space. The plane is bounded since the length of the cognitive and
social vectors are scaled independently by the finite scalars ¢;7{, and c,7.

The angle § between the cognitive vector P} —x} and the transmitted powers (P — x})
may be determined using.

|@i-xf) « (B -xh) |
|-zl P ==

If § =0, the vectors (PL —xL) and (P —x}) are parallel, when 8 = 90, the vectors (P —
xk) and (BJ — x}) are perpendicular. Scaling each solar PV generators sources independently, each
component of (P —xL) and @I - xL) are replaced with scalar random numbers in the stochastic
vector from i, and r}, to Ri, and Rb,:

(32)

0= cos‘l(|

vi = aRu(Pi — k) + 2Ry (B — %k, (33)
The R%, random diagonal matrices are explicitly given as
P 1ilk 0 . 0
. i
Lk = 0 ' S.DZZk o 0 ) m= 1.2, (34)
0 aes en Tllnk
With 0 < jijk <1, j=1,......,n auniform random number for an independently scaled solar

PV generators sources.

3. Proposed Co-Optimization of EPD and EMS PSO Algorithm

To design the best scale of RES capacity, a new proposed particle swarm optimisation (PSO)
technique is introduced. Operating energy costs, as well as transmission line losses (TLLs), have been
defined as objective functions for optimal solar PV generator allocation and sizing. The optimisation
approach employs multi-objective particle swarm optimisation with different scenarios for optimal
operation under various operating situations. This study makes a novel contribution by employing a
new PSO algorithm for optimal size while accounting for time variation. The simulated grid-tied
photovoltaic-based energy management systems are presented in this section. Optimised-based
energy management systems are used to estimate the power flow of the grid-tied systems in
simulated Matlab clear and cloudy weather conditions with seasonal variations for optimal solar PV
and grid output for the EPD model. The findings obtained utilising the newly proposed optimisation
program demonstrate a high potential for the deployment of solar PV energy sources in terms of
lowering energy and TLL costs and enhancing system operational conditions.

3.1. EMS Classical Algorithm
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Step 1 - Input Decision Variables Lower &Upper bound; for battery MinMax(PgridV, PbattV, EbattV)
Step 2 - Minimize cost of electricity from the grid Objective dt*cost*PgridV — FinalWeiht*EbattV(N)
Step 3 - Power input/output to battery Constraints.energyBalance = Optimconstr(N)

Step 4 - Power load with power from PV, grid and battery Constraints.loadBalance =
Ppv+PgridV+PbattV-Pload

Step 5 - Linear Program Options = Optimoptions(prob.optimoptions,)

Step 6 - Parse optimization results

3.2. Solar PV — Battery — Grid Algorithm Steps

Step 1- PSO Settings

set.Nparticle; set.Niteration; set.weight; set.cl; set.c2;LGS;COESS;Voltage; set. Npv_min&max;
set.Nbat_minmax; set.Ngrid_minmax
Step 2 -Initiate Particles

particle.position; particle.velocity; particle.best_position;
particle.best_LGS;particle.best COESS;particle.best_Mark;particle=repmat(particle,1,set.Nparticle);
best_global.position=[]; best_global. LGS=[];

best_global. COESS=[];best_global. Mark=[];log_global=repmat(best_global,1,set.Niteration);
Step 3 - Initiate condition
temp_InitiateP(;,1)=randi([set. Npv_min,set. Npv_max],set.Nparticle,1);temp_InitiateP(:,2)=rand
i([set.Nbat_min,set.Nbat_max],set.Nparticle,1);
temp_InitiateP(:,3)=randi([set.Ngrid_min,set.Ngrid_max],set.Nparticle,1); for
n_par=1:set.Nparticle particle(n_par).position=temp_InitiateP(n_par,:); particle(n_par).velocity=[0 0
0]; end clear n_par
Step 4 - Main PSO
for n_ite=1:set.Niteration
for n_par=1:set.Nparticle
Calculate Mark; Bestparticle; Best Global; Velocity & New Position; Round Position; Limit
Position
Step 5 - Results
tpro=toc; fprintf('The optimum system size is:\n Npv=%d\n Nbat=%d\n
Ngrid=%d\nwith the LGS = %.3f%% and COESS = $%.2f\nCompute in %.2f s\n..
best_global.position,best_global. LGS*100,best_global. COESS,tpro);beep;

3.3. EPD PSO Algorithm Steps [49]

Step 1 - Problem definition
o  Z=F(X) = P=PminActual+(PmaxActual-PminActual). *x
e  Create a parse.m function P=ParseSolution(x,model)

e  InputPmin=model.Plants.Pmin; Pmax=model Plants.Pmax; P=Pmin+(Pmax-Pmin).*x;
PZ=model.Plants.PZ; nPlant=model.nPlant; for i=1:nPlant; forj=1:numel(PZ{i})if
P(i)>PZ{i}{j}(1) && P(i)<PZ{i}{j}(2)% Correction

e  CreateModel for 3, 6, 15 Units committed generators variables; with power demand of
committed generators (particles) with uniformly random distribution Pmin, Pmax, alpha,
beta, gamma, PO, UR, DR, transmission loss and over X (position).

e Develop CostFunction -@(x) MyCost (x, Model);

e  Develop a model calculation C=alpha+tbeta.*P+gamma.*P.*P; PL=P*B*P'+B0*P'+B00;

e  Decision Variables nVar = Model. nPlant (lower and upper bound for 3,6,15 Units

committed generators variables
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Step 2 - PSO Parameters
e  MaxlIt —no of iteration; nPop — Swarm Size; Constriction Coefficient — C1 = chi*phi 1 as
personal Coeff., C2 = chi*Phi 2 as Global Coeff.; Velocity Limit
Step 3 - Initialisation
e BestSol.Cost = inf; for i=1; nPop, initialise position; initialise Velocity;
e  Evaluation of each committed generators cost model considering the objective function

value.
e  Z=F(X)=P=PminActual+(PmaxActual-PminActual). *x; with or without prohibited zones

. Evaluation; Update Personal Best; Update Global Best; BestSol = Particle(1) Best
Step 4 - PSO Main Loop

e It-1, Maxlt; for i=1: nPop, Update Velocity; Apply Velocity Limits; Update Position,
Velocity mirror effect; Apply Position Limits; Evaluation; Update Personal best

e Run PSO Matlab codes by calling functions (problem definition; PSO parameters;
constriction coefficients; velocity limits; initialization of particles, position, evaluation;

update personal best; update global 'Best Cost')
e  Results - Plot (Best Cost, x label, Y label)
e  Update generators’ velocities.
e Move particles to their new positions CostFunction(particle(i).Position);

e  If all committed generators present position is better than the previous best position,

update the value particle(i). Cost<particle(i).Best.Cost

e  Find the best committed generator update BestCost(it)=BestSol

4. Simulation Results and Discussion

4.1. EMS Simulation Results

The operational behaviour of the hybrid energy management system is the main question of the
study. Next, a comparison with the cost function without the battery's daily operating costs. The
FMINCON technique is used in the MATLAB environment to resolve the optimisation problem.
FMINCON optimisation solver methods utilise optional input in addition to active set and interior
point chosen from the work of [31]. The authors adapted the work of [46, 47, 48] on the grid-tied solar
PV and grid patterns hybrid energy systems operational behaviour and co-optimisation approach
(EPD & EMS), using the following data (Vrms =5000, 60 Hz, with an initial power of 10 MW) in a
Matlab environment using the FMINCON algorithm. Three phase utility point of common
connection data (Vrms = 6600, phase angle = 0.007, initial power 10 MW). Energy storage capacity
(ESS =25000 kwh, Pmin =400 kw maximum discharge rate, Pmax = 400 kWh maximum charge rate),
battery SOC is 20-80%, initial SOC is 50%, SOC to recharge is 11%, SOC recharge rate is 50, battery
capacity = 3.6 MW. Figure 1 (a) shows the energy usage exceeding 500 kWh during clear days in the
heuristics approach simulation, and the load demand profile illustrated in Figure 1(b) reaches a peak
of 800 kWh during cloudy days in the heuristics approach simulation adopted for the period.

d0i:10.20944/preprints202307.0220.v1
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Figure 1. Generated power simulation: (a) energy usage exceeding 500 kWh during clear days in the
heuristics approach simulation; (b) a peak of 800 kWh during cloudy days in the optimised-based
approach.

The ESS receives data from the EMS optimisation commands and then performs the appropriate
energy generation and load balancing actions in either grid-connected or off-grid mode operating.
The ESSis crucial in handling demand side management. In this simulation model, two forms of EMS
are used: the heuristics technique and the linear optimisation method. Eq. (30) is used to compute the
SoC energy restrictions of the battery limits. It should be emphasised that while SoC cannot be
directly measured, it can be obtained through SOC estimating and monitoring methods. The charging
and discharging rate restriction is then determined using eq. (33 -35). When the SoC is at its maximum
(50C = maximum SoC) storage capacity, the individual solar PV power generator runs in accordance
with the EMS's mode recommendations. The energy restrictions of the battery SoC will be kept
between 20% and 80% SoC, which will be beneficial to battery health and life cycle. Emax, the initial
battery energy, is computed with 50% SoC assumed for the ideal scenario. However, in this suggested
microgrid, a lithium-ion battery with the lowest 10% SoC energy is employed, so that more saved
energy can be injected into the grid-tied transmission bus when needed. The ideal cost is the cost of
grid energy once optimised, whereas the baseline cost is the price that the consumer should pay
without optimisation. The tariff mentions the grid energy that was imported to power the load and
battery storage system. The surplus of solar PV and energy storage sold to the utility grid is the
revenue. Figure 2 depicts the cost savings computation. The optimum system size is:

Npv=6600
Nbat=6600
Ngrid=6600

with the LGS —loss of grid supply = 0.017% and,

COESS - cost of energy storage system = $594.00

Compute in 0.19 s
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Figure 2. Grid cost simulation: (a) loss of grid supply and cost of ESS; (b) cumulative grid cost and
grid usage for heuristic and optimization approach.

4.1. EPD Simulation Results

The simulation EPD covers thermal units with data obtained from coal power plants on South
Africa's energy giants (Eskom) and solar PV installations from the Solar PV Installation Company
South Africa website. The total power demand is 850MW, 1263MW AND 2630MW, with the chosen
maximum iterations of 2 for external PSO and 100 for internal PSO. The quadratic cost functions for
the cost of conventional generated power was based on characteristics of input-output of the plants
data from the literatures, while the input-output of solar PV plants are free of cost. The assumed costs
are the operational which are the subject of the paper. The PSO algorithm is programmed by Matlab
2020b and operated under Intel Core i7 and Windows 10 using two unimodal functions and two
multimodal functions to facilitate the original minimum problem calculation through transformation
into a maximum value of 200 iterations. The effectiveness of the proposed EPD problems with
different load demands and numbers of generating units is tested through cases 3-units, 6-units, and
15-units with and without generation coefficient for all thermal and without generation coefficient
all solar PV units. The cases are:

4.1.1. Case 1: 3-unit generator system with demand of 850 MW

The case study comprises 3-unit generators with 850 MW load demand data taken from Ref.
[51]. To identify the best solution, we do not require many particles in small cases, but at big scales,
the swarm's ability to quickly and accurately search the issue space increases with the number of
particles. Table 1 presents the data showing the evolutionary process of the proposed EPD PSO with
UR and DR (up-ramp limits and down-ramp limits) and prohibited zones of the generators. The
convergence property of the suggested approach is shown in Figure 3.

Table 1. IEEE 14-bus system data Cost Data and Power Constraints of 3-Unit System [49;40;52].

Coeff. without

PV Coeff. with PV

Pmin ax aj bi ci Pmin Pmax . bi ci
Unit (MW) ™M (MW (/M ($/M Unit (MW) (MW) > ($/MW ($/ MW

Unitl 100 600 561 792 0.0016 Unit1 100 600 561 792 0.0016
Unit2 100 400 310 7.85 0.0019 PV1 20 100 0 0 0
Unit3 50 200 78 797 0.0048 PV3 50 200 78 7.97 0.0048
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Figure 3. 3-Units EPD simulation for the minimum cost (best cost) (a) convergence of the minimum
cost (best cost) 3 thermal units; (b) second run convergence of the minimum cost (best cost) for 2
thermal and 1 solar PV units.

4.1.2. Case 1: 6-unit generator system with demand of 1263 MW

The case study comprises 6-unit generators with 1263 MW load demand data and loss coefficient
are taken from Ref. [51]. The thermal units have 26 buses and 46 transmission lines of 6x100
population [52]. Table 2 presents the data showing the evolutionary process of the proposed EPD
PSO with UR and DR (up-ramp limits and down-ramp limits) and prohibited zones of the generators
as the main part of the algorithm for limiting the model, with the main cost function part as the parse
solution for unit commitment. The fitness value is 99.0 for each independently run function to
eliminate randomness in each algorithm. Figure presents the sample of the prohibited zones of the
generating plants with respect to the unit's number. Figure 5 is the 6-Units EPD simulation for the
minimum cost (best cost).

Table 2. IEEE 14-bus Cost Data and Power Constraints Of 6-Unit System data [49, 50, 51].

Coeff. without solar PV Coeff. with solar PV

Pmin ax ai bi ci Pmin Pmax bi ci

Unit (MW) M /MW (/M ($/M Unit (MW) (MW) > (/'MW ($/MW
Unitl 100 500 240 7.00 0.0070 Unit1 100 500 240 7.00 0.0070
Unit2 50 200 200 10.0 0.0095 PV1 20 200 0 0 0
Unit3 80 300 220 8.5 0.0090 PV 3 80 300 0 0 0
Unit3 50 150 200 11.0 0.0090 PV3 50 150 0 0 0
Unit3 50 200 220 10.5 0.0080 PV3 50 200 0 0 0
Unit3 50 120 190 12.0 0.0075 PV3 50 120 190 12.0 0.0075

model . Planmnts . PZ{1}=4[21e 24&] ., [=25a 38]F;

model _ Plants . PZ{2}={[21e 2] . [25a 3803] };

model . Planmnts _.PZ{3F=4[22 11ea],.[l1la4e 1] };

model _ Plants . PZ{aA}={[82 9a].,.[11a 12&] 3} ;

model . Planmnts .PZ{S}=4[21ea 2442] ., [=25ea 38]F;

model Plants . PZ{6}={[21e 2aco]_,.[25a 32s8e]};

model . Planmnts . PZ{73y=4[21e 242] ,[=25e 381 %

model Plants . PZ{8}={[15e 17e].[21a 2] }%;

model . Planmnts . PZ{o9=4{l[e8e @9e],[11a 12e] F;

model .Plants . PZ{1el={[ese e9a],.[11e 12a]¥;

model _Plamts _PZ{11}={[e265 a7Fs5].,.[aca 8]}

model Plants . PZ{12}={[e65 a@75].[oea 75]%;

model _Planmnts _ PZ{1=3}={[e@65 a7Fs5s].,.[aca 751 %

model Plants .PZ{l1AaA}={[e=3 a55].[aa 5Sa]};

model . Planmnts . PZ{A15}F={[232 a55],[@aa 5&]F;
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Figure 4. Prohibited zones of the generating plants.
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Figure 5. 6-Units EPD simulation for the minimum cost (best cost) (a) convergence of the minimum
cost (best cost) 6 thermal units; (b) second run convergence of the minimum cost (best cost) for 2
thermal and 4 solar PV units.

4.1.3. Case 1: 15-unit generator system with demand of 2630 MW

The 15 thermal Units has input-output characteristics as shown in Table 3 with 15x100
population dimension presents the data showing the evolutionary process of the proposed EPD PSO
with UR and DR (up-ramp limits and down-ramp limits) and Figure 6 as 15 x 15 prohibited zones of
the generators

Table 3. IEEE 14-bus system Cost Data and Power Constraints Of 15-Unit System data [49,50; 51;52].

Coeff. without PV Coeff. with PV
Pmin ;: aj bi ci Pmin Pmax aj bi i
Unit (MW ($/MW Unit (MW GMw ! !
nit (MW v (SM (/M Unit (MW ) (S/MWh) (8/MW)
w 2 Wh W 2h)
. 0.000 .
Unit1l 150 455 671 10.10 3 Unit1l 150 455 671 10.10  0.0003
. 0.000 .
Unit2 150 455 574 10.20 1 Unit2 150 455 574 10.20 0.0001
Unit3 20 130 374 8.80 0'201 PV1 20 130 0 0 0
Unit4 20 130 374 8.80 0'(101 PV 2 20 130 0 0 0
. 0.000 .
Unit5 150 470 461 10.40 ” Unit3 150 470 461 10.40  0.0002
. 0.000 .
Unit6 135 460 630 10.10 3 Unit4 135 460 630 10.10 0.0003
. 0.000 .
Unit7 135 465 548 9.80 3 Unit5 135 465 548 9.80 0.0003
. 0.000 .
Unit8 60 300 227 11.20 3 Unit6 60 300 227 11.20  0.0003
Unit9 25 162 173 11.20 0'(;00 PV 3 25 162 0 0 0
. 0.001
Unit10 25 160 175 10.70 PV 4 25 160 0 0 0

2
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Unit1l 20 80 186 10.20 0'(;03 PV5 20 80 0 0 0
Unit12 20 80 230 9.90 0'205 PV 6 20 80 0 0 0
Unit13 25 85 225 13.10 0.(;00 pPv?7 25 85 0 0 0

. 0.001
Unit14 15 55 309 12.10 9 PV 8 15 55 0 0 0

. 0.004 .
Unit1l5 15 55 323 1240 4 Unit7 15 55 323 12.40  0.0044

Figure 4 displays the suggested approach's convergence property for 15-Units EPD simulation
for the minimum cost (best cost) .It is expected that the best plant selection is at the discretion of the
grid operators to ensure the scheduling of the right plants.

< 10° 5
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Figure 6. 15-Units EPD simulation for the minimum cost (best cost) (a) convergence of the minimum
cost (best cost) 15thermal units; (b) second run convergence of the minimum cost (best cost) for 7
thermal and 8 solar PV units.

In modest circumstances, we do not need many particles to find the optimum answer for small
scale, but at medium and large scales, the number of particles increases the speed and accuracy of the
swarm's search of the problem space. The maximum results according to the suggested technique
and previous results are listed in Table 4.

Table 4. IEEE 14-bus thermal units with 26 buses and 46 transmission lines system data [51].

Best cost (million $) (Iterations)

% Best cost

Unit PSO plants Model 1t 200 Differenc / day Compared
e Best cost
8234.07
3- Units 3 Thermal 8234.97  8230.38 4.5932 0.055 [53]
8194.35
[56]
2 Thermaland 1PV~ 117238.1 95283.67 107709.5  91.87
15447 [51;
. 53]
6- Units 6 Thermal 337273  15709.8 29396.0  46.55 15450.00
[55]

2 Thermaland 4 PV~ 209331.5 201411.1 7920.48 3.784

d0i:10.20944/preprints202307.0220.v1
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33049 [51;
53]
15- Units 15 Thermal 306054.0 33330.2 1374879 89.10 32708 [54]
32858.00
[55]

7 Thermal and 8PV~ 186141.8  48653.8 2727237  73.86

5. Conclusions

The grid-tied solar PV-battery system's daily operation costs for an optimisation problem of
minimising the total operational cost of all committed plants transmitted to the grid while meeting
network (power flow) constraints and ensuring economic power dispatch (EPD) at the transmission
level. In this paper, co-optimisation approach was developed and FMINCON technique is used in
the MATLAB environment to resolve the performance of the hybrid EMS and support the power
balance. The system is implemented under the conditions of rising self-consumption strategies. An
approach made with a baseline method with consideration of the operational cost, battery SOC
charge and recharge rate, and PSO Algorithm for EPD. Based on the outcomes of the simulation, the
following conclusions can be drawn from the results indicate that the proposed EMS optimisation
was successful in lowering the grid-connected system's daily running costs and increasing the self-
consumption of RE sources.

The developed economic search optimisation PSO has successfully demonstrated an imperative
cost reduction of maximum yearly cost savings and significant cost-benefit. The proposed co-
optimisation approach can enhance a significant self-consumption ratio compared to the baseline
method. Further work will cover the integration of wind turbines, electric vehicle charge station
placement to further enhance a significant self-consumption ratio compared to the baseline method.
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