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Abstract: The integration of diverse distributed generation (DG) units, encompassing both Renewable Energy
Sources (RES) and non-RES technologies delves into voltage levels, current distributions, and power flows,
aiming to optimize and effectively manage the distribution network. An RES-based DGs such as photovoltaic
systems and wind turbines, alongside non-RES units like fuel cells and micro turbines. This study proposes a
hybrid approach the Multi-Objective Genetic Algorithm - Grey Wolf Optimizer (MOGA-GWO). By merging
the strengths of multi-objective genetic algorithms with the efficiency of the Grey Wolf Optimizer, this
advanced algorithm seeks semi-optimal solutions for multi-objective optimization problems. The algorithm
aims to improve convergence speed without compromising solution quality, offering a promising solution for
optimizing the characteristics of DG and RES integration in distribution networks compared to Cuckoo Search
and Simulation Annealing Techniques. Key algorithmic operations include individual representation,
initialization, fitness function computation, selection, crossover, mutation, and ending conditions. The DG
optimal power flow problem is explored with a focus on minimizing generation costs, improving voltage
profiles, minimizing losses, enhancing reliability, integrating renewable energy, reducing environmental
impact, managing congestion, and ensuring compliance with operational constraints. Beyond traditional
considerations, the study emphasizes neglected objectives and constraints, such as cyber-security concerns,
real-time operation, regulatory frameworks, social acceptance, lifecycle environmental impact, grid resilience,
data privacy, aging infrastructure compatibility, and economic viability.

Keywords: MOGA-GWO; grey wolf optimizer; optimal power flow; RES

1. Introduction

Power distribution firms often comprise various types of distributed generators (DG) in a micro-
grid system [1]. The integration of DG units with Renewable Energy Resources (RES) like solar PV,
Wind Energy Conversion Systems (WECS), and small hydro-turbine systems is affected by physical
and climate situations [2]. DG components using non-RES sources, such as electrochemical cells,
small-scale gas turbines, and diesel gensets (DiGs), are linked to the network at various locations,
taking into consideration the cost of fuel [3]. In the realm of electrical power systems, the electrical
power distribution is a complex network that plays a vital role in delivering power from the source
to end customers. The integration of RES based DGs steady-state load flow includes a complete
investigation of voltage levels, current distributions, and power flows, aiming to ensure the seamless
and reliable operation of the distribution system. To achieve this, metaheuristic techniques are one of
the best means to solve complex equations, enabling engineers to optimize and manage the
distribution network effectively [4]. This study is essential for maintaining system stability, adhering
to voltage constraints, and managing power flows effectively in the evolving site of electrical DG [5].
Typically, the DG distribution network achieves a planned, enhanced, and regulated voltage profile,
leading to reduced power losses. This improvement results in enhanced economic efficiency and
decreased dependence on local utilities, achieved through the application of various techniques.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202404.1738.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 April 2024 d0i:10.20944/preprints202404.1738.v1

Addressing these challenges is met by optimal power flow (OPF) that involves the effective
coordination of DG network

Operations, voltage regulation utilizing devices like voltage regulators and ULTC, as well as
reactive power (VAR) compensators [6].

The DG OPF problem major objectives considered by many authors and professionals are
Minimization of Generation Costs, Voltage Profile Improvement, Loss Minimization, Reliability and
Resilience Enhancement, Renewable Energy Integration, Environmental Impact Reduction,
Congestion Management, and Compliance with Operational Constraints [7]. The design outlined
aims to establish the most effective operational plan and cost optimization proposal for a micro-grid
comprising a photovoltaic array (PV), wind turbine (WT), micro turbine (MT), diesel generator (DiG),
fuel cell (FC), and a battery energy storage system (BESS) [8]. Employing an advanced Genetic
Algorithm (GA), to minimize the system’s cost function observing client request and safeguarding
network safety.

However, it's worth noting that certain objectives, such as minimizing reactive power losses,
integrating Renewable Energy Sources (RES), and considering constraints related to loss
minimization, reliability, and other factors, are not taken into account. A complete problem design
for real-reactive OPF in distribution networks, as fixed WTs and BESS [9]. A mixed-integer linear
programming model analyzing its features and performance across feeders with different operating
conditions having volt/var optimization [10].

It is necessary to address uncertainties related with input parameters linked to power generation
and load demand from RES DG units [11]. However, objectives and constraints are not considered
by many authors such as Cyber-security Concerns, Interoperability and Standardization, Real-Time
Operation and Control, Regulatory and Policy Frameworks, Social and Community Acceptance,
Lifecycle Environmental Impact, Grid Resilience and Extreme Events, Data Privacy and Ownership,
Aging Infrastructure Compatibility, and Economic Viability and Financing.

Various metaheuristic algorithms are applied to optimize the incorporation of DGs from RES in
power networks like Particle Swarm Optimization (PSO) [12], Genetic Algorithms (GA) [13], Ant
Colony Optimization (ACO) [14], Simulated Annealing (SA) [15], Harmony Search (HS) [16],
Differential Evolution (DE) [17], Cuckoo Search (CS) [18], Firefly Algorithm (FA) [19]and Grey Wolf
Optimizer (GWO) [20] and hybrid of these techniques [21-23]. These metaheuristic algorithms offer
varied methods to resolve OPF, including the integration of DG from RES. The algorithm’s choice
rests on on the precise features of the OPF and the anticipated trade-offs among exploration and
manipulation [24-29]. Researchers and practitioners often test with dissimilar metaheuristic
techniques to obtain the utmost suitable approach meant for a given application. Hybrid
metaheuristic approaches can potentially enhance the overall performance and robustness of
optimization algorithms. Many challenges in DG RES distribution networks can be solved to obtain
Non-Convex Optimization Spaces, Computational Intensity, Parameter Tuning Sensitivity, Multi-
Objective Optimization, Stochastic Nature of Renewable Resources, Integration of Storage System:s,
Dynamic System Operation, Parallelization and Scalability, Incorporation of Regulatory Constraints
and User-Friendly Implementation [30-35]. The integration of various metaheuristic techniques,
including Particle Swarm Optimization, Genetic Algorithms, and Ant Colony Optimization, is
investigated for optimizing DG integration in power systems. Hybrid metaheuristic approaches are
explored for enhanced performance and robustness, with the choice of algorithm contingent on
specific optimization problem characteristics and desired trade-offs.

In this paper, a single objective OPF to minimize the fuel costs is considered among the four
objectives planned. Second to remaining four objectives is Multi-objective OPF (MO-OPF), while the
second objective is minimizing fuel costs, power losses, and enhance life-cycle resilience. The third
objective is minimization of fuel costs, voltage deviation at load nodes, and life-cycle environmental
impact. The fourth objective is concurrent minimization of fuel costs, voltage deviation, power losses,
and environmental impact. The results of four objective functions are compared with optimization
algorithms (MOGA-GWO, MOGA-CS [39], MOCS [18], and MOGA [13]). The proposed (Multi-
Objective Genetic Algorithm - Grey Wolf Optimizer) DG RES OPF distribution
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network will help in improving the convergence speed without compromising solution quality
and characteristics of DG and RES integration, such as voltage and capacity constraints compared to
the optimization techniques. The MOGA-GWO algorithm introduces an advanced approach to
optimization by combining the principles of multi-objective genetic algorithms with the Grey Wolf
Optimizer.

The proposed MOGA-GWO algorithm addresses critical challenges in DG RES distribution
networks, including non-convex optimization spaces, computational intensity, and parameter tuning
sensitivity, multi-objective optimization, stochastic renewable resource nature, storage system
integration, dynamic system operation, parallelization, regulatory compliance, and user-friendly
implementation. Positioned to enhance convergence speed without compromising solution quality,
this algorithm offers a promising avenue for optimizing the intricate characteristics of DG and RES
integration in distribution networks. The algorithm involves representing individuals, initializing
populations, calculating fitness functions, and performing selection, crossover, and mutation
operations. The iterative optimization process continues until specific ending conditions are met,
such as reaching a maximum number of generations or achieving predefined fitness criteria. The key
contribution lies in leveraging the strengths of both MOGA and GWO to efficiently explore solution
spaces, ultimately obtaining semi-optimal solutions for multi-objective optimization problems.

2. Mathematical Modeling of Distribution Power Flow

The objective of Deterministic Optimal Power Flow (OPF) is to minimize a chosen objective
function by adjusting the control variables optimally, considering a set of equality and inequality
constraints. In general, the formulation of the OPF problem can be outlined as follows, as described
in references [16-26]:

minimize F(x) (1)

Constraint to: gi(y) =0, k=1,2,3,... (2)

h(z) <0]=1,2,3,...(3)

Control variable® €U ()

Where the function F is the objective or fitness, x, y and z are dependent or decision variables,
constraints gr(y) and h(z) are equality and inequality based.

In the context of DGs, the dependent parameter vectors ({x, y and z}):

e The Micro-grid Real Generation (Pgr)

¢ Load node voltage, encompassing Distributed Generation (DG) units as PQ model, denoted as
(VL)-

e The DG output reactive powerQpg, structured as (NPV) PV nodes.

e Branch stream, denoted as S;.

S0, x is equated as:

x = [Py, Vir- Ving, QDGl"'QDGNPV'Sll"'SlN]T ®)

The vector of control variables {u} comprises:

e Base node voltage (V).

e The DG real power units with non-RES (Pp).

o PV (Vpy) & (Vyyr) WT terminal nodes.

e Transformer taps setting (t).

¢ Shunt Reactor Compensation outputs- VAR (Q¢).

Hence, control parameter vector stated as:

T
u= [PDGl - Pog_nnr Voo Veva - Vey nevs VW - - Vg T -t Qe QC,NC] (6)

2.1. The Four Cases Fitness Functions Considered in This Paper

The fitness function can manifest in various ways, and this paper explores several cases. In the
first case, minimization of fuel costs is the objective or fitness.
Objective Case 1: minimize Fuel cost.
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F = .fgr (Pgr )+ 1%1:{ .f[(PDG[ )
)
P . .
where / g’( g’) for electric grid and J; (PDG’) DG units represent the cost characteristics.
Case 2: minimize fuel costs, power losses, and enhance life-cycle resilience.

=)o S 2 i+ B o1 )
where Plossi, power loss in branch i, Weloss power losses weighting factor, RK is at the decision
period k weighting factor for power losses, resilience of Power Distribution Network (PDN), NT
signifies number of short-term decision periods.

Case 3: minimize fuel costs, voltage deviation at load nodes, and the lifecycle environmental
impact (i.e., (1): load shaded and (0): load fed):

NNR NL )
=1, (P, )+ Y 1Py )+ w, D> (1= ¥,)+ RESI O ]
i=1 i=1

(%a)
RES] = —1 ISPF (1) = SPF (1)
-1, ) SPF (1) 35, 36] 9b)
RESI o= 1 Iir‘ Z i€Qpus ’ ’3 »5e z (1 b!“;r; A(’ z l 5,5 dt
s t‘:,sfi - t.:,.w [ Z i€Qpys Pzt s,5€ (9C)
1
RESI " = —= > RESI
se s s€Q (9d)

In the given expression:
e voltage magnitude V; at load branch (i),
e voltage deviation weighting factor w,
e Resilience Index (RESI),
e RESI in SPF progression phase I and IT as RESIOEY,
e Total Cost (TCO'EY) in dollars,
e Annual CO, emission for diesel DG (AEMISPPY) in kg/kWh/year,
e  Grid Annual CO; emission (AEMISORIP) in kg/kWh/year,
e Aggregate CO, (AEMISOLEY) emission,
e Diesel DGs Annual Operations and Maintenance cost (AOMCPP) in $/kWh/year,

o (s™) scenario event te .. for the season (se),

e binary variable bl ?Zt . for load curtailment for bus (i) at time (t)

e  Number of severe scenarios N .

Case 4: minimize fuel costs, power losses, voltage deviation at load nodes, and environmental
impact.

F f r( PIOS‘ZP 1055‘WZI V +[fedeze€g)+femB\/ﬁ(t)
=1 (10a)
where f, = (y/ N 4y 1 4y O O (251 (10b)
In the provided OPF problem solving context: fenv represents the environmental fitness value,
the physical constraints of the Diesel DG (DDG) and micro-turbines (MT) (Pmaxdiesel and PmaxMr) are

taken into consideration.

) NNR
[;

2.2. Equality and Inequality Constraints Considered in the Paper

The constraints such as equality and inequality equations depict standard generation and
voltage balance. The DG’s power balance equation for RES and non-RES in a distribution network
for backward/forward sweep [22,23] with number of RES DG units (NR):

(11).

NNR NL N NR
> Ppy + P, =Y P, +Y Loss , - > Py
i=1 i=1 i=1 i=1

The inequality constraints include limits on load bus voltage magnitude, reactive power
capabilities of DG units, and constraints on branch flow:
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I/[min SI/[SI/[maxlzl,...,NL (12)
O < Qoo SOPi=12,3,4...,NPV (13)
S <8™i=1234..,N (14)

The viability section of the problem constraints (12-14). These include limits on DG unit real
power output, voltage magnitude at the root node:

Py < Py < Py i=123,..,NNR (15)

Vomin S V() S VomaX (16)
Viw <Vpg <V i=123,.,NPV  (17)

" <t <™ i=1.23,..,NT (18)
<0y SOMi=1234..,NC (19)
NT NC NC

X, <T & Sx, <p k=L....NC (20)
zz Lk L Z 1k L

k=1 I=1 =1
where PV bus voltage magnitude, transformer tap setting, and shunt VAR compensation. T signifies

total cluster replacements, with (T, = 30) indicating 14102 pole replacements with penalty factors are
N

NL Ty Py u N Ry
Ay, Aavo and As [16]. F, =F+2, > V=V 425063 (Opei= O ) + 43S, =S} (21
i=l i=l

=1

where dependent variable (x) limit is defined here as (x'im) [21]:
™= ™ §f x> x™ and x™ =x™ if x<x™ (22)
The fixed step DGs size defined in [35]

In the given context:
DG ,size
e jth bus DG allocation *

DG

e DG real power step size * .

ES
Rated capacity and rated energy storage power ratio (ri )-

3. Modeling Distributed Generation Units for Optimal Power Flow Analysis

3.1. Modeling Diesel Generators in the Context of Distributed Generation for Optimal Power Flow

Typically, manufacturers provide diesel fuel consumption (Fuely) in liters per hour (L/h) at
various load levels, such as 25% to 100% in kilowatts (kW) generation (Ps), approximated as a
quadratic equation of its power generation:

Fuel,, =a+bF, + cszg (23)

where, fuel consumption characteristic coefficients are- a, b and c. Therefore, the total (fuel cost fi;$/h)
diesel generator can be calculated for diesel fuel price (ci) in ($/L) as:

fdg =Cyq -Fueldg = cdg(a+deg +cszg) (24)

Using the above expressions, the fuel cost characteristic is shown in Figure 1 as:

3.2. Fuel Cell Modeling in the Context of DG Units

The fuel cell operating cost is a function ( f, ) in $/hr of real power (P, ) in kW, fuel (natural
gas) price to supply the fuel cell (¢ ) in $/kW-hr and the efficiency of the fuel cell (77 ;) [5,25]:

Jr=¢pPp /77fc (25)

The 77, as an actual operating voltage (V) is expressed as [29]:

N, =V/1.482 (26)

d0i:10.20944/preprints202404.1738.v1
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The FC actual operating voltage is a function of the power level (& = P, / P ) with nominal

power (P, ), thermodynamic fuel cell potential ((V,=0.91 V), chosen cell potential (¥,
0.45 to 0.75 V) & the eqn is [29]:

N o 7 S I

range

nom

Fuel cost ($/h)

o
L

————— | — Dieset generator
PO ===Fuel cell

" - i | Microturbine

0 50 100 150 00 250 300 350
Qutput power (KW)

Figure 1. Characteristics of Fuel Costs for Distributed Generation Units.

The estimated fuel cost curve for ¢, =0.05 ($/kWh).

3.3. Micro-Turbine Modeling and Analysis in the Context of Optimal Power Flow

The calculation for micro-turbine (MT) fuel costs (fmt)) in dollars per hour ($/h) is a function of

electrical power output P in (kW), electric efficiency (77’”’ ) and fuel price (C’"’ ) in $/kWh given by
[5]:

i = ot B M 28)

The observation is that the 77,, increases with increase in output power [27] defined as a

quadratic function of its power P with considered c,, = 0.05 in this paper.

n, =a+bP, +cP. (29)

3.4. Wind Turbine (WT) Modeling and Analysis in the Context of Optimal Power Flow

To determine the WT power output (P,,), the wind speed (V) at a specific location and the

power curve of the wind turbine. As per references [2,28,30,35], the power curve of a wind turbine if

afunctionof P_ , v, , cut-in wind velocity (v,,), & Vv, :
0, v<v,
2 2
v - Vci
P = 2 2 ' Pﬂom > Vci <vs vrmm (30)
we = Y Viaom ~ Ve
Pnom ’ vrmm <v < vco

0, V>,

Here, Prom = 600 kW, vci = 4 m/s, vnon=16 m/s, and veo== 20 m/s as in Figure 2 illustrates the wind
speed data employed based on above equation.

3.5. Photovoltaic (PV) Modeling and Analysis in the Context of Optimal Power Flow

The PV module power output at Standard Test Conditions (STC) ( Pz ) is influenced by the

solar irradiance (Is), ambient temperature ( 7. ) of the site ("C), temperature coefficient (7 ) in degrees

Celsius inverse (°C™) [31]. The subsequent formula, as outlined in references [33,35], employed to
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calculate the output of the PV P, module at Nominal Operating Cell Temperature (NOCT)

temperature (Tnocr) in (*C) with ambient temperature (T), photovoltaic module temperature (Tc):

= Py B 1441 - 25)] @)

7 =S¢ 1000
Considering the module’s. The NOCT model equation is provided by references [30-35].
I, =1, +£.(TNOCT _20)
800 (32)
The performance parameters are Tyoor =46(°C) , y=-0.0045(C") , and
Py, =250 (W) as in Figure 2 illustrates the ambient temperature & solar irradiance information [5]

for OPF algorithm.

1923 4 8 8 7 6 9101 12131415616 1781202025

1923 4 8 8 7 8 ¢ 101 1213 1416161781020 2282%

1203 4 8 8 7T 8 9 M0 12151187l N2AY
Time {hour)

Figure 2. displays the data for wind speed, ambient temperature, and solar irradiance.

3.6. Electric Grid Modeling and Analysis in the Context of Optimal Power Flow
The market energy costs ( f,,. ) in $/h as a function of cost coefficients considered in this paper
(a=0, b=0.1 $/kWh, and ¢=5.0"10*° $/kW?h) and grid real power ( P, ) in kW is represented by a

quadratic function as:

. 2
So =a+bP, +cP, 33)

4. DG RES and Diesel General OPF analysis with Met heuristic Methods

The OPF problem is a static optimization technique involved in solving is a non-convex,
nonlinear &applicable to a large-network system applicable to analog and discrete control parameters.
In multi-objective (MO) optimization [20] is effectively addressed in this paper by employing the
MOGA- Grey Wolf Optimizer (MOGA-GWO) [31-34]:

MinF(x)=[£,(e) £ (0o £, (x)] (34)
st x€ S, x= [xnxz,---,xn]T
where functions [ 1 (x), fz(x),..., fk(x)] represents the 1 to k objectives, optimization parameters

from1ton [xl,xz,...,xn] and parameter space S € R".
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Specifically, a solution X is considered Pareto-optimal for MOP if there exists no other feasible
solution X (i.e, X €S ) satisfies the problem constraints) such that fj(x) < fj(x*) for all

objectives j, and fj (x ) < f] (x *) for at least one objective function f.

4.1. MOGA-GWO Implemented in this paper
The MOGA-GWO technique is applied in this paper with the parameters is detailed in Table 1.

Production and Population:60 and 50 with initial population as random

chosen: Tournament of size: 2; Heuristic, Cross-over Ratio: 1.2, Mutation as 0.2

Maximum 60 generations with 10> Termination tolerance as End conditions:

Search Space:

Number of Wolves:  [-10, 10] (adjust based on your problem)

Exploration Rate: 0.3

Exploitation Rate: 0.7

Leader Selection: =~ Roulette wheel selection for alpha, beta, and delta wolves

These parameters define the MOGA-GWO configuration for this specific application.
Adjustments to the search space and other parameters can be made based on the characteristics of
the optimization problem being addressed. The algorithm iterates for 50 generations, maintaining a
population size of 50, with the termination condition set based on a maximum generation limit and
a tolerance on the function value.

MOGA Initialization: Randomly initialize the population using MOGA techniques.

GWO Initialization: Initialize the positions of wolves based on the solutions obtained from
MOGA.

MOGA Evaluation: Evaluate the fitness of solutions using MOGA fitness functions.

GWO Exploration and Exploitation: Adjust GWO parameters for exploration and exploitation
during the search.

Additionally, there are additional conditions based on the Grey Wolf Optimizer (GWO)
convergence.

These parameters and conditions define how the algorithm progresses through generations,
applies crossover and mutation, and determines when the optimization process should terminate.
Adjustments can be made based on the specific characteristics of the optimization problem under
consideration. Define a weight for combining MOGA and GWO, e.g., 0.7 for MOGA and 0.3 for GWO
for a Combination Ratio.

Minimizing the formulated MOGA-GWO results in a set of Pareto-optimal solutions [34,35]:

minifi(x*)

(34)

5. Probabilistic Optimal Power Flow: Modeling and Analysis

In the presence of uncertain input variables, the Optimal Power Flow (OPF) problem takes on a
probabilistic nature. The randomness associated with factors such as wind speed for wind turbines
(WT) and solar irradiance photovoltaic (PV) units introduces uncertainty [13]. Additionally, accurate
load demand forecasts are challenging due to unforeseen conflicts, prediction errors, or load
disparities, making load demand a random variable as well. The occurrence of such random factors
constitutes the primary source of uncertainties [11,38]. This allows for a comprehensive
understanding and analysis of the impact of uncertainties on the optimal power flow solution.
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5.1. Modeling Wind Speed for Probabilistic Optimal Power Flow Analysis

The probability density function (PDF) of wind speed at a specific location is commonly modeled
using a Weibull distribution, as described in references [28,29,39,40] with random numbers (r) on the
interval [0, 1], constants scale (c) and shape (k) parameters by means of median wind speed v &
standard deviation O [29]:

So(v) = é‘—[cv_j e @)

The cumulative density function (CDF) is given by:
F,(v)=1- e (36)
Its inverse has been employed for calculating the wind speed.:

y=C-(=In() @7)

—1.086 v
O
(j RESI

5.2 Modeling Solar Irradiance for Probabilistic Optimal Power Flow Analysis

Essentially, solar irradiance exhibits a stochastic nature, necessitating the adoption of a
probability density function. The uncertainty associated with solar irradiance can be characterized
by a normal PDF, as described in references [13,41-43] with error (erf) & inverse error (erf!) function,
hourly median value ( ¢ ) and standard deviation (O'):

l _(IS 7/1)2

1 Ug)= e 2
IS(S) O'\/E )

The normal CDF is given by:

]

The solar irradiance CDF along with 1ts inverse is:
— . . -1 —_
IS—y+«/§ o-erf'(2r—1) (1)

This expression uses the error function and its inverse, along with the mean and standard
deviation of solar irradiance, to calculate the solar irradiance from a random variable with a uniform
distribution. The provided expression utilizes the error function and its inverse, along with the mean
and standard deviation of solar irradiance, to calculate solar irradiance from a random variable with

a uniform distribution.

5.3. Probabilistic density function (PDF) Load Modeling for Optimal Power Flow Analysis

The PDF of the power flow is assumed to follow a normal distribution with mean value (),

standard deviation ( 0") of load (L) as described in references [11,13-15,35].
(L—/t)2

1
f,(L)= e
° (42)

The load values are generated using the normal CDF along with its inverse random numbers (r)
on the interval [0, 1] and error (erf) function and the inverse error (erf!) function with a standard

deviation of 5%.

1
FL(L)=—{1+erf( H
V20 )] 4

L=pu++2 0 ef (2r -1) (44)
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5.4. Statistical Evaluation in Probabilistic OPF

The probabilistic Optimal Power Flow (OPF) as a function of input random variables (X) and
output random variables (Y) is stated as:

Y=F(X) (45

These approaches for our proposed technique can be broadly defined into three major steps:

1. Monte Carlo Simulation: References [39,40] provide details on this simulation-based
approach.

2. Analytical Methods: Analytical methods for evaluating statistical features are discussed in
references [41,42]

3. Approximate Methods: Various approximate methods for statistical evaluation are presented
in reference [13,15,35].

6. Simulation Results

The OPF proposed in this paper as in Figure 3 is performed on a adapted IEEE 34-DG network.
In the modified test feeder, five different Distributed Generation (DG) units were introduced. The
objectives and constraints and the parameters dependencies of the network and the metaheuristic
algorithm are discussed in Sections 3 and 4.

The nodes 812 is with wind turbine, 816 micro turbine, 848 with Fuel Cell (FC), 854 with solar
PV, and 862 with diesel generator (DDG) for the DG network operate at a 0.9 power factor. The FC
has the autonomous capability to regulate real power and voltage as PV operating mode.

Hlectic 60 R 80

i

l
802 806 808 812 84 o 80 84
]

W s @

Figure 3. Altered IEEE 34-node test feeders with modifications.

The information regarding the lines and loads is presented in Table 2 and the load points hourly
forecasted loads as in Figure 4. Table 3 provides DG units data with a total of 9 parameters, and the
bounds for these control variables as in Table 4 with lesser & higher limits of 0.950 & 1.05 p.u.,
correspondingly.
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Figure 4. Day wise load curve within the adapted IEEE 34-node test feeder.

Table 2. provides information on line data & load data.

11

Send. Impedance parameters Load at Receiving terminal
node node R (Q) X (Q) Pr (kW)  Qu(kVAr) Load model
800 802 0.5472 0.4071 27.49 14.49 PQ
802 806 0.3671 0.2731 27.49 14.49 PQ
806 808 6.8372 5.0863 16.00 8.00 I
808 812 7.9552 5.9182 0.00 0.00 PQ
812 814 6.3068 4.6920 0.00 0.00 PQ
814 850 0.0033 0.0017 0.00 0.00 PQ
850 816 0.0991 0.0494 17149  88.01 PQ
816 824 3.2681 1.6264 44.49 22.00 I
824 828 0.2691 0.1341 5.51 2.51 PQ
828 830 6.5425 3.2561 48.51 21.52 Z
830 854 0.1663 0.0827 4.00 2.00 PQ
854 852 11.7891 5.8673 0.00 0.00 PQ
852 832 0.0031 0.0015 7.50 3.50 Z
832 858 1.5685 0.7805 25.51 13.0 PQ
858 834 1.8662 0.9287 89.00 45.00 Z
834 860 0.6465 0.3217 174.0 106.0 PQ
860 836 0.8576 0.4267 61.00 31.499 PQ
836 840 0.2752 0.1369 47.00 31.01 I
836 862 0.0895 0.0445 28.00 14.00 PQ
834 842 0.0895 0.0445 4.50 2.50 PQ
842 844 0.4322 0.2150 432.01  329.01 Z
844 846 0.5797 34.00 17.02 PQ
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846 848 1.1652 0.0845 71.51 53.51 PQ
832 888 0.1697 25.2865 0.00 0.00 PQ
888 890 11.7801 59.7060 450.01  225.01 I
80.2601

Table 3. Data regarding the Distributed Generation (DG) units.

Location | Type Mode | Pogrom(kW) | Qpc (kVAr)
Electric | Slack
800 - -
grid node
812.5 WT PQ 600 cosp=0.9
816.5 MT PQ 300 cosp=0.9
848 FC PV | 300 )
0.888888889
854.5 PV PQ 250 cosp=0.9
861.5 DG PQ 369 cosp=0.9

Table 4. Outlines the limits of the control variables in the modified IEEE 34-node test feeder.

Control
Min Max

variables

Pr (kW) 0 300
Pt 0 300
Pig 0 369
Qa(kVAr) | 0 300
Qc(kVAr) | 0 300

Vsoo(p.u.) | 0.97 1.05
Vsss(p.u.) | 0.98 1.05
tvri(p.u.) | 0.9 1.1
tvez(p.u.) | 0.9 1.1

6.1. Deterministic OPF (DOPF) Problem Solving for Wind Turbine (WT) and Solar Photovoltaic

In the DOPF, the generated wt and pv power, along with the loads at their specified values as in
Table 3 and 4. Four optimization cases as discussed in Section2 at minimum and maximum load
levels (T=2h and T=14h) as in Table 5. The voltage under the above cases discussed and found that
the parameters are within the constrained limits as in Figures 5 and 6 at all the nodes.
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Figure 5. Potential profile for a max load level (T=14 h).
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Figure 6. The potential profile for the minimum load level at time T=2 hours.

The study involves determining the optimal configurations of organized parameters across
different load levels. Figure 7 visually presents the day wise values of fuel rate, energy loss, &
maximum potential deviation corresponding to these optimal control variable settings. Notably,
minimizing fuel cost in Case 1 leads to the highest energy loss among all cases examined. In Case 2,
the minimum energy loss is achieved, but at the expense of increased fuel cost and voltage deviation
reaching their maximum values. Case 3 shows an increase in fuel cost compared to Case 1 & a
decrease compared to Case 2. Simultaneously, energy loss decreases compared to Case 1 & increases
compared to Case 2. Analyzing the results depicted in Figures 5-7, it becomes evident that Case 4
serves as a compromise solution for the Optimal Power Flow (OPF) problem. This implies a balanced
trade-off among fuel cost, energy loss, and voltage deviation, making it a promising choice for
achieving optimization objectives.

Table 5. Optimal settings of organized variables for a max & min load level.

Max load (Time=14 hour) Min load (Time=2 hour)
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14

Casel Case 2 Case 3 Case 4 Case 1 Case2 Case3 Case 4
310 310 310 293.2 0 0 0 0
261.19 291.81 300 220.7 207 221 201 221
297.2 370 369 368 5449 135.09 39.798 121.09
0.9996 1.05 1.0006 1.0114 0.9811 1.05 1.012 1.0017
1.0497 1.0497 1.0036 0.9981 1.0194 0.9801 1.0049 1.0027
0.9445 0.9889 0.9921 0.9651 0.9569  1.0909 0.992 0.9941
0.9668 0.9866 0.9455 0.9529 1.029  0.9675 0.9912 0.9961
148.51 115.09 305 297 104.49 305 84.5 0
2155 305 305 268 112.5 171.5 29.9 64
178.3545 179.7578  179.6536  179.1563 55.5492 56.627 56.2421 57.4289
3 4 1 1 1 6 9 6
76.359 64.349 68.89 79.15 13.575 9.2305 13.6689 9.6479
0.72621 0.98021 0.49215  0.61904 0.46971 0'823? 0.09769 0.10267
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Figure 7. Illustrates the day wise values of energy costs, energy losses, and maximum voltage
deviation.

6.2. Probabilistic Analysis of Optimal Power Flow (OPF)

The probabilistic analysis of Optimal Power Flow (OPF) delves into evaluating the optimal
power flow amidst uncertain conditions, incorporating variables such as wind speed, solar
irradiance, and load variations, all exhibiting stochastic behavior. Statistical methods are applied to
comprehend the probability distribution of output variables, offering insights into system behavior
in the face of uncertainties. Within this framework, power generation from wind turbine &
photovoltaic units, load level, are treated as un-correlated input random variables. The 2m+1 point
estimate method is integrated with the Multi-Objective Genetic Algorithm - Grey Wolf Optimizer
(MOGA-GWO) to ascertain the OPF. Table 6 provides the median & standard deviation of the OPF
results. Various optimization cases for different time intervals (14h, 8h, and 2h) are explored in Cases
1 and 4. Furthermore, Figure 8 illustrates the Probability Density Functions (PDFs) for optimization
Case 4 and Time=14h, generated using the Gram-Charlier expansion. This graphical representation
aids in understanding the distribution of outcomes, contributing to a comprehensive analysis of the
system’s performance under probabilistic influences.

To evaluate the impact of input random variables on statistical characteristics of results, the
probabilistic OPF is conducted for 5 distinct combinations of these variables, and the findings are
summarized in Table 7. The results suggest that the input random variable L (total power load) exerts
a more pronounced influence on the standard deviation of the output variables in comparison to the
input random variables Pwt and Ppv (power outputs of wind turbine and photovoltaic units). This
observation can be ascribed to the considerably higher magnitude of the total power load within the
distribution network, which surpasses the power outputs of the wind turbine and photovoltaic units.
The variations in the total power load contribute significantly to the overall variability of the system’s
performance, underscoring the importance of understanding and managing this influential factor in
the probabilistic analysis.

vaf e 1 oaf = o4 —
|
o & d :
g 02 g2 02}
0 W0 180 180 200 20 240 © % @ T 80 90 W 10 @ 02 o4 05 (1] 1 12
F. cost {$h) Plozs (kW) Vol dev (pu)
. 04
= o4l =
& 1 & -
o a
Soof — — LT a 02
; C e et P ] =L e
260 o 280 ET) 30 E- ] B 200 20 M0 280 M0 200 00 150 200 250 300 30 4N 40 500
P, W) P, W) P gy W)
2 — 20 »
0 \ ] 3
™ Y 00+ w
§ | \ Hl & &
L Pt L — / b —— Lol i N -
i . N e o e
08 095 088 1 102 1M 108 036 0 1 102 14 058 03 032 034 056 086 1 102 104
Vg (P22) Vg P L.
200 ; . - . ; :
i ¥ 04 " il
g g2 ] &
&gl —s i g 02
S i e’ - _
> = Py ool SN S S .. | Dhcmlas - et
092 053 084 095 056 087 098 039 1 %0 90 200 20 240 20 20 0 0 250 300 380
W“’”' nﬂ kv uﬁ? Tkvie)

Figure 8. OPF results for Case 4 &Time=14 h.

Table 6. Mean and standard deviation results of the probabilistic OPF.

Time=14 h Time=8 h Time=2 h
Case 1 Case 4 Case 1 Case 4 Casel Case4d
u 296.5 289.9 272.36 244.69 58.69 38.69
PW[
t o 4.1997 8.779 11.57 60.49 96.11 48.82

(kW)

d0i:10.20944/preprints202404.1738.v1
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v 250.349 240.015 209.29 184.57 199.72 18391
Pr
4 o 19.923 17.793 20.47 47.76 16.05 20.73
(kW)
u 318.875 317.653 159.49 145.57 49.24 101.56
Pdg
(e} 32.6 48.2 51.05 71.29 26.93 52.17
(kW)
v 1.0082 1.0034 1.0049 0.997 0.9941  0.9998
Vsoo
o 0.027 0.0229 0.0179 0.0116 0.0133  0.0034
(pu.)
u 1.0187 1.0074 1.0067 0.999 0.998 1.0047
Visas
e} 0.0167 0.0146 0.0164 0.0143 0.0037  0.0089
(p-u.)
vl 0.9646 0.9622 0.9954 0.9676 1.0093  0.9979
tvr1
o 0.0274 0.0239 0.0278 0.0144 0.0113  0.00497
(p-u.)
u 0.9555 0.9544 0.9697 0.9781 09824  0.9953
tvr2
0.0151 0.0118 0.01951 0.0234 0.0117  0.0029
(p-u.)
v 197.7 231.6 216.2 196.4 24749  178.75
Qa
81.36 20.26 33.29 30.91 53.13 70.29
(kVAr)
u 236.79 254.21 209.91 209.89 197.26  181.51
Qc
66.17 33.08 76.42 39.36 62.27 23.19
(kVAr)
v 178.9172 179.1982 111.9689 115.0571 55.4712 59.2727
F. cost
o 16.5973 17.1371 9.7496 10.6031 55934  5.5939
($/h)
u 77.69 79.198 38.11 45.43 13.59 17.49
Ploss
(e} 9.39 10.297 4.11 12.71 2.612 4,179
(kW)
v 0.7305 0.6937 0.3606 0.329 0.556 0.0577
Vol.
dev. (e} 0.1403 0.1372 0.0581 0.1151 0.0524 0.0076
(p-u.)

Table 7. Median & standard deviation results for dissimilar arrangements of the input random
variables.

Case 4, Time=14 h

Input random variables

t,va,L t,va t 7
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79.1978  8.8243 8.8353 8.8601 9.2445
F. cost ($/h)
17.1368 3933 1168 1218 4223
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Figure 9 depicts the voltage curves compared with that of the proposed Multi-Objective Genetic
Algorithm - Grey Wolf Optimizer (MOGA-GWO) with other algorithms, namely Multi-Objective
Genetic Algorithm with Cuckoo Search (MOGA-CS), Multi-Objective Cuckoo Search (MOCS) [39],
and Multi-Objective Genetic Algorithm (MOGA), all applied to the 4th case as illustrated in Figure 9.
Algorithms for optimal power flow of DG units for the radial 34 bus system for the 4th case.
According to Figure 9, the suggested method can maintain better voltage profile by reducing the
voltage deviation and also helping in attaining the other objectives. The minimum voltage with
MOGA-GWO is 0.9546, MOGA-CS is 0.9036, MOCS is 0.8323 and MOGA is 0.6686 at bus node 18.
The suggested MOGA-GWO method demonstrates the ability to maintain a better voltage profile by
reducing voltage deviation. This implies a more stable and controlled voltage distribution
throughout the system. MOGA-GWO not only reduces voltage deviation but also contributes to
achieving other objectives associated with optimal power flow for DG units. The specifics of these
additional objectives are not detailed but are implied to be favorable.
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Figure 9. Radial 34 bus system voltage profile characteristics with MOGA-GWO, MOGA-CS, MOCS
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Figure 10. MSE Convergence Analysis of Multi-Objective Optimization Algorithms: A Comparative
Study of MOGA-GWO, MOGA-CS, MOCS, and MOGA for a 500 Iterations programming.

The Mean Square Error (MSE) convergence curves for different optimization algorithms provide
insights into how quickly and effectively each algorithm converges to the optimal solution over
successive iterations. In your scenario, MOGA-GWO, MOGA-CS, MOCS, and MOGA are compared
based on their MSE values at 40 iterations. The MOGA-GWO algorithm exhibits a relatively low MSE
of 0.06 at 40 iterations indicating a good convergence towards optimal solutions. The low MSE
suggests that the predicted solutions closely match the actual solutions. However, MO-CS shows a
higher MSE of 0.36 and MOGA is 0.38 at 40 iterations. MOGA-GWO demonstrates the best
convergence performance at 40 iterations, as evidenced by its lowest MSE compared with MOCS and
MOGA. MOCS and MOGA-CS show similar MSE values at 40 iterations and exhibit stability since
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the MS remained almost the same. This stability could indicate that these algorithms might have
reached a near-optimal solution.

The Figure 11 shows the fitness curve analysis of four multi-objective optimization algorithms
(MOGA-GWO, MOGA-CS [39], MOCS [18], and MOGA [13]) in the 4th case over 500 iterations. The
initial fitness value with MOGA is 850, MOCS is 810, MOGA-CS is 708 and that of MOGA-GWO is
680.

Ftiness Curve: Case-4
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i s, with MOGA
g i

Pty .
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Figure 11. Fitness Curve Analysis of Multi-Objective Optimization Algorithms: A Comparative Study
of MOGA-GWO, MOGA-CS, MOCS, and MOGA in the 4th Case Over 500 Iterations.

The fitness values for all algorithms consistently decreased and the objectives being optimized.
At the end of the 500 iterations, the MOGA-GWO achieved the lowest fitness value of 580, while that
of MOGA-CS achieved a fitness value of 630, MOCS is 680 and MOGA is 740. The MOGA-GWO
demonstrated the best convergence and achieved the lowest final fitness value, suggesting superior
optimization performance. The MOGA-CS also performed well, with the second-lowest final fitness
value. The MOCS and MOGA showed higher final fitness values, indicating relatively slower
convergence. MOGA-GWO and MOGA-CS are highlighted as having better convergence compared
to MOCS and MOGA. The lower initial fitness value of MOGA-GWO and its subsequent fast
convergence to 580 indicate a faster convergence speed compared to the other algorithms. The fitness
curve analysis suggests that MOGA-GWO is the most effective algorithm in optimizing the
objectives, achieving both a low initial value and a rapid convergence to the best fitness value for the
given optimization problem in the 4th case, emphasizing its superior convergence and achievement
of low fitness values.

7. Conclusions

In this study, the MOGA-GWO algorithm is adopted to optimize Distributed Generation (DG)
power flow in a distribution network. The technical objectives of hybrid DG installation and Optimal
Power Flow (OPF) were systematically investigated in four distinct cases, each addressing various
optimization criteria such as fuel cost & power losses minimization, life-cycle resilience, potential
deviation at load nodes, &lifecycle environmental impact.

The study was conducted on the IEEE 34-bus power network system by strategically placing DG
units with Renewable Energy Sources (RES), resulting in notable reductions in network power losses,
improvements in voltage profiles, and achievement of other specified objectives while adhering to
operational constraints. The major contributions of this work are:
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e  MOGA-GWO outperformed Hybrid GWO-CS, MOGA, and MOCS in terms of power loss
reduction, voltage profile improvement, resilience enhancement, and adherence to
environmental constraints. The Multi-DGs reconfiguration placement using the MOGA-GWO
algorithm led to a substantial reduction in system power losses, achieving a decrease of up to
41.9355 kW.

e  Significant improvements in voltage profile and stability were achieved through controlled
power loss mitigation facilitated by the reconfiguration and installation of multiple DG units.
The proposed MOGA-GWO algorithm demonstrated quick convergence and strong global
optimization capabilities, mitigating the risk of falling into local optima and thereby enhancing
its overall performance.

e  The study aimed at the comprehensive optimization of various indices, including economic
benefits, voltage stability, deviation and maintenance, system resilience, real power losses
minimization, and environmental impact. The MOGA-GWO algorithm effectively addressed
these diverse objectives under different scenarios and constraints. The complexity of the
planning model’s objective function was instrumental in considering multiple demands and
improving the overall performance of the planning scheme.

e The integration of DG and RES in the planning process contributed to enhanced clean energy
consumption and optimized power flow. This approach not only reduced network losses and
voltage deviations but also improved system resiliency and environmental impact.

As a summary, the MOGA-GWO algorithm emerged as a reliable and effective method for DG
placement and OPF in distribution network systems. Its superior performance across various
objectives positions it as a promising solution compared to simpler metaheuristic techniques, offering
notable benefits in terms of power loss reduction, voltage profile improvement, and overall planning
scheme optimization.
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