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ABSTRACT

The growing penetration of photovoltaic and wind generation is reshaping traditional distribution networks into active distribution
systems. Maintaining secure and efficient operation under variable generation and load conditions has become increasingly
challenging. This study presents an optimal coordination framework for active distribution system operation that integrates
battery energy storage systems with practical network control mechanisms, including on-load tap changers, switchable capacitor
banks and feeder reconfiguration. To effectively manage the mixed nature of decision variables, a hybrid optimization strategy
is developed in which the discrete firefly algorithm is employed to handle discrete control actions such as OLTC tap positions
and network reconfiguration, while the generalized normal distribution optimization method is applied to continuous variables
related to renewable energy sources, BESS power scheduling and capacitor bank sizing. This coordinated optimization allows
renewable generation and energy storage to operate synergistically, mitigating intermittency effects without causing voltage
violations or thermal overloading. Practical applicability is ensured by incorporating realistic operational constraints, including
voltage and line current limits, radial network structure, OLTC operating ranges, BESS state-of-charge limits and safe switching
requirements. The framework is assessed over a 24-h operating horizon to capture the dynamic interaction between load demand
and renewable generation. Validation on the IEEE 69-bus system and the real Iran 59-bus distribution network demonstrates
notable improvements in voltage regulation, loss reduction and operational cost, while preserving system reliability. The proposed
coordination approach offers a feasible and implementable solution for managing renewable-rich active distribution systems.

1 | Introduction networks (ADNs) with bidirectional power flow and enhanced

operational flexibility [1]. This transition is driven by rising elec-
The increasing penetration of renewable energy sources (RES), tricity demand, environmental concerns, declining renewable
particularly photovoltaic (PV) and wind generation, is transform- energy costs, and global carbon reduction targets [2]. While

ing conventional distribution networks into active distribution =~ RES integration offers significant economic and environmental
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benefits, their intermittent and stochastic nature introduces new
operational challenges, including voltage fluctuations, feeder
overloading, reverse power flow, and increased network losses [3,
4]. To address these challenges, ADNs are increasingly equipped
with flexible control resources such as on-load tap changers
(OLTCs), switchable capacitor banks (SCBs), network reconfig-
uration through tie-switch operation and battery energy storage
systems (BESSs). OLTCs and SCBs provide voltage and reactive
power regulation, while network reconfiguration reshapes power
flow paths to reduce losses and improve load balancing [5-
7]. BESS further enhances ADN flexibility by absorbing excess
renewable generation and supplying power during peak demand,
thereby mitigating RES variability [8]. However, the effective
utilization of these resources requires coordinated operation;
isolated control of individual devices may lead to conflicting
actions and degraded system performance.

Numerous studies have investigated ADN operation using heuris-
tic, metaheuristic, artificial intelligence and mathematical opti-
mization approaches. Distribution network reconfiguration has
been widely explored as an effective means of loss minimization
and voltage improvement, [9, 10] while capacitor placement and
reactive power management have also been studied extensively
[11, 12]. Several works have considered RES allocation and BESS
integration to improve system reliability and reduce operating
costs [13, 14]. Stochastic and scenario-based methods have been
applied to capture renewable uncertainty and load variability [15,
16]. Despite these efforts, many studies focus on optimizing a
single control strategy or adopting simplified network models
that do not fully capture AC power flow characteristics, limiting
their practical relevance. More recent research has attempted to
integrate multiple control actions within unified optimization
frameworks. Coordinated optimization of network reconfigura-
tion, OLTC operation, and distributed energy resource dispatch
has been reported in [17-19], while multi-period and multi-
objective formulations have been explored using mixed-integer
nonlinear programming and evolutionary algorithms [20-22].
Although these approaches demonstrate improved system per-
formance, practical operational constraints are often overlooked.
Frequent feeder switching, unconstrained OLTC tap changes and
unrestricted power export to the upstream grid are commonly
assumed, despite their incompatibility with utility operating prac-
tices and equipment limitations [18, 23]. Furthermore, limited
attention has been given to explicitly coordinating RES and BESS
operation to restrict reverse power flow and enhance local energy
utilization.

This paper proposes a coordinated and practically implementable
optimization framework for ADN operation that simultaneously
considers renewable generation, BESS, OLTC control, switchable
capacitor banks and network reconfiguration. The framework
ensures that RES and BESS operate synergistically to miti-
gate intermittency, maintain voltage stability, and limit power
injection into the upstream grid.

The main contributions of this study are summarized as fol-
lows:

1. Development of an integrated coordination framework for
active distribution system operation incorporating PV, wind
generation, BESS, OLTCs, SCBs and feeder reconfiguration.

2. Formulation of a unified optimization model that jointly han-
dles discrete operational decisions and continuous control
variables under realistic technical constraints.

3. Explicit coordination of RES and BESS to suppress reverse
power flow and improve local energy consumption.

The rest of the paper is structured in the following manner.
In Section 2, the problem formulation and device modelling
are presented. The hybrid optimization method is provided in
Section 3. The test systems and simulation scenarios are described
in Section 4. Section 5 presents the results and discussion. The
conclusion of the paper is found in Section 6.

2 | Modelling Uncertainty and Problem
Formulation

2.1 | Wind and Solar Energy

The Weibull distribution, X, presented in (1) is assumed to be able
to accurately simulate the historical wind speed w record in the
following way [24].

w

X, (@/h,A) = %(z)h (%) ®

The following formula can be used to determine the active power
produced by the wind turbine (2) [25].

0 if w<aw,;orw>aw,
Ay =140 if 0, @< g ©)
A$§X% lf Wei fw< Whno
r (Cl + b) b—1
X(r)=—=rv'1-r 3
0=y A ®

The beta distribution in (3) models the solar radiation, r (W/m?)
as follows [26]. Additionally, the PV generator’s generated active
power can be computed as follows in (4):

,.2
AT ( ) o<r<r,
PV FeXTstd - ¢
Apy = max ("
PV APV r

std

max
Apy Foa <T

Fe £7 < Fgq @

where the values of r, and ry, are set at 150 and 1000 W/m?,
respectively, to represent a specific radiation point and the solar
radiation under standard conditions. For each test system, two
PV-based DGs are modelled with a 24-h generation profile. In
the 59-bus system, PV-based DGs with 3 MW capacity, a 0.95
power factor and 993 kVAR reactive power are placed on buses
22 and 39. Similarly, in the 69-bus system, PV DGs with the same
specifications is located on buses 27 and 41. For wind-based DGs,
one is modelled per system with a 24-h profile. In the 59-bus
system, a 3 MW wind DG, operating at a 0.95 power factor and
generating 993 kVAR, is located at bus 48 using the GWP47-
750 kW turbine. In the 69-bus system, a similar wind DG is placed
at bus 64, based on the PW56 turbine.
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FIGURE 1 | Solar PV generation, wind power generation, load profile, and energy prices: BRM-selected scenario (left) vs QMCS-generated scenarios
(right).
2.2 | Load Variation and Energy Prices the integration of the point estimate method (PEM) complements

This research work models load power uncertainty, A;(MW),
using a normal distribution X(A,) with a defined mean value
m,;(MW) and standard deviation s;(MW), based on historical data
in (5) as follows [27].

X(A) = — e<7%) ®)

Electricity price uncertainty, Ay ($/kWh), is represented using
a normal distribution X(Ay), characterized by a historical mean
my, and standard deviation sy, derived from historical records,
represents in (6), as explained in [28].

()]

e
X(Ap) = ——=el
\/27sy,

(6)

2.3 | Quasi Monte Carlo Simulation Methods

This study employs Quasi-Monte Carlo simulation (QMC) for
scenario generation due to its faster convergence and greater
efficiency compared to traditional Monte Carlo simulation (MCS)
[29], especially in complex systems such as the 59-bus and IEEE
69-bus networks. QMC’s utilizes low-discrepancy sequences,
such as Sobol or Halton, to ensures uniform coverage of the input
space, making it particularly suitable for capturing the variability
of renewable energy systems (RES), including solar, wind and
load profiles, and fluctuating energy prices. Unlike MCS, which
relies on random sampling and converges at a slower LN rate,

=

QMC achieves faster convergence at approximately ﬁ reducing
computational time while maintaining accuracy. Furthermore,

QMC by minimizing computational effort through the use of the
first few moments, making it well-suited for efficiently managing
stochastic variables and improving precision in RES-based dis-
tribution network studies while accounting for dynamic energy
pricing. Although QMCS generates a large number of scenarios
(as shown on the right side of Figure 1) to accurately represent
stochastic uncertainties, it significantly increases computational
time for the optimization process. To address this challenge, the
backward reduction algorithm (BRA) is applied to reduce the
number of generated scenarios to a smaller, more manageable
set while preserving their associated probabilities. Ultimately, the
BRA method condenses the scenarios into a single representative
scenario, as illustrated on the left side of Figure 1.

2.4 | Problem Formulation and Constraints

The proposed planning model is formulated as a two-stage
MINLP multi-objective optimization problem that simultane-
ously minimizes active power loss, voltage deviation and opera-
tional costs. In the planning stage, the framework determines the
optimal allocation and sizing of distributed resources such as PV,
wind, BESS and SCBs. In the operation stage, the model suggests
practically implementable strategies for network reconfiguration
(NR) and OLTC settings, ensuring that line current and voltage
limits are respected under real-world operating conditions. The
overall structure of the proposed model is illustrated in Figure 2.

2.4.1 | Objective Functions

This study aims to minimize three objectives: active power loss,
voltage deviation and operational cost of the system.
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FIGURE 2 | Framework of the proposed model.

Object 1: Active Power Loss

The first objective focuses on reducing the total active power loss
occurring in the distribution network. These losses are mainly
caused by the resistance of the conductors through which current
flows.

Niines

Minimization P,y = Z R.I? @)
i1

Here, R; corresponds to the resistance of the line i, I; is the
associated line current, and Ny, refers to the number of lines
in the system. Minimization of this loss directly contributes to
improved efficiency and lower energy wastage.

Objective 2: Voltage Deviation

The second objective seeks to minimize bus voltage deviations
relative to the nominal reference level, as pronounced variations
can impair power quality and system component performance.
The voltage deviation index is defined as:

Npuses

Minimization V,, = Z |Vj = Vet ®
j=0

Here, V; refers to the voltage at the j bus, V, is the target
reference voltage and N, denotes the total bus count. Reduced
voltage deviation reflects better voltage regulation and more
stable system operation.

Objective 3: Operational Cost

This objective is concerned with lowering total operating cost
of the distribution network. It includes expenditures related to
RES, BESS, SCB, OLTC adjustments, tie-switches operations, line
losses and power imported from the main grid. The combined cost

function is given by,

Minimization CTotal-Operat = CRen + CCap + CBESS + COLTC
+ CTie-Switch + CPower loss T CGrid (9)

The terms in this expression quantify the costs of the individual
components, and minimizing the aggregate cost improves the
overall economic efficiency of the distribution network.

2.4.2 | Constraints of Equality and Inequality

The formulation includes both equality and inequality con-
straints to ensure that control variables remain within acceptable
operating limits. Equality constraints maintain specified relation-
ships among variables, while inequality constraints define allow-
able bounds. Collectively, these conditions steer the optimization
process toward stable and practically feasible solutions.

2.4.2.1 | Equality Constraints. Equality constraints are
imposed to maintain power balance within the network,
ensuring that the total active and reactive power generation
equals the combined load demand and system losses.

Z Pg + Z Pl + Z Pls,

teT iENEss iENRES
-y (Pgb +PIOSS> - Y P)=0 (10)
iEN} i€NEss
T T T T
2 Qgs + Z Qdchi + Z QRESI- + Z QSCB,-
= iENEss iENRES iEN),
- 2 (ng + Qloss) - Z Qghi =0 (11)
ieNy i€NEss

40f16

IET Generation, Transmission & Distribution, 2026

95U9D17 SUOWWIOD 9A1TER.D (et jdde au Aq pausenob ae SaNe YO ‘8sN J0 SN J0) Aeig18UlUO AB]IM UO (SUONIPUOI-PUE-SWBIW0Y"AS| 1M ALe.q 1 Bul|UO//ScL) SUONIPUOD PUe SIS 1 8U) 89S *[9202/80/50] LD ARiqiaulluo A8|IM ‘esAee N LpeeH JO SeInisu| uoleN - NIAANYVYHYS INVMYZ NN Ad 82€02 ZPB/6v0T 0T/10p/w0d A8 | im Aeiq 1 puluo Y. eesaui|//sdny woly pepeojumod ‘T ‘9202 ‘S698TS.T



Here, P, and Q,, represent the active and reactive power
supplied by the main substation, while P, and Q, denote the
active and reactive power demands. P, and Q. correspond to
network losses. The terms P; .y, P; gisch» Qt chi> and Q; gisch» describe
the charging and discharging power of the energy storage device,
and Qgqcp represents the reactive power of the switchable capacitor
bank.

2.4.2.2 | Inequality Constraints. Inequality constraints
represent the operational limits of power system equipment and
components, as well as security restrictions on transmission lines
and load buses.

PI® < P < PR QP < Qy < QI (12)
Py, < Pres, < PR QRis, < Qres, < QRs, (13
NRrEs
Y Prys; <09 %Py (14)
i=1
NgrEes
Z Qgres,;i £0.9 *Qp 15)
i=1
Nscp
Z Qscp; £0.9 % Qp 16)
i=1
v < |v,| < v )
S < sp (18)
lor —1 (radial network)
det(A) = ’ . 20
et(4) { 0, (Not radial) (20)
njpélch- Péh-
SoC) = SoC ™" + A (21)
J J max max
E; n,Ej
S0C iy = SoC; ™" = 2.0 MWh (22)
0.2 % EM™ < SoC; < 0.9 » E™ (23)
0<P, <02MWand0<P|, <02MW (24)
J J

0<Q, <02MVAR and 0 < Q;;, <02MVAR (25

|Iij| <zl max Vij € @y (26)
Each line’s absolute value of the current |I;;| is guaranteed by the
inequality to not be more than the product of z;; and, I;; .. The
set of all branches or lines in the network is denoted by ®y;,..

Therefore, this restriction is applicable to all the system’s lines ij.

3 | Methodology

This paper analyses the impact of non-dispatchable solar PV-DG
and wind-DG, which inject active and reactive power to reduce
power losses. Simulations are conducted on a real 59-bus practical

network and the IEEE 69-bus test system over a 24-h period.
To account for uncertainties in solar and wind generation, load
profiles, and energy prices, the QMC method generates 1000
scenarios. However, handling such a large number of scenarios
increases computational complexity, which is mitigated using the
BRA shown in Figure 1.

This study proposes a multi-objective hybrid optimization
(MOHO) framework for the planning and operation model, as
illustrated in Figure 2. The framework integrates the DFA for
identifying optimal tie-switch configurations and OLTC settings,
with the GNDO for determining the optimal sizes of wind, solar
PV, BESS and SCBs. The methodology is tested on the IEEE 69-
bus system and the real Iran 59-bus system. A multi-objective
Pareto optimization approach is applied to minimize active power
loss, voltage deviation and operational cost, ensuring enhanced
efficiency and reliability in smart grid operation. One major
challenge in solving multi-objective optimization problems is
handling the Pareto front (PF), which offers a range of optimal
solutions, complicating the selection of a single solution for each
hour. Numerous studies have explored methods to determine
the best compromise solution. This paper employs the fuzzy set
method to identify the optimal compromise solution from the
PF generated by MOHO, using Equation (27) for membership
functions [30].

For OPC, APL and VD (minimizing functions),

1, F; < Fmn
— _F;mx_Fj Fmin < F. < pmax 27
Mj= FTax_F;nin > j J j 27
0, Fj; > Fm

The membership function represents F;, the jth objective func-
tion, with F™" as its minimum value. The normalized member-
ship function is then calculated using Equation (28). M represents
the number of solutions in the Pareto front (PF), and the solution
with the highest u* value is selected as the best compromise
solution.

=1
po=— (28)

3.1 | Multi-Objective Hybrid Optimization

In this study, the hybrid optimization algorithm with a multi-
objective is introduced to solve multi-objective issues more
efficiently. Widely used algorithms, such as MOPSO or NSGA-
11, can encounter issues such as convergence problems and traps
of local optima, particularly in a large search space or when
the number is more than five, and six variables, which lead
to suboptimal solutions. The proposed method can be utilized
to deal with these drawbacks. MOHO model. In this research,
a hybrid model is proposed that integrates the generalized
normal distribution optimization (GNDO) algorithm with the
discrete firefly algorithm (DFA). Figure 3 shows how this can be
developed. The discrete decision variables, such as NR and OLTC
settings, are appropriate. GNDO is a good fit where continuous
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FIGURE 3 | Proposed MOHO framework for multi-objective distribution system optimization.

control variables need to be optimized, which include RES,
BESS sizing and SCB sizing problems. The hybrid algorithm that
one gets is called DFA-GNDO and beats conventional multi-
objective optimization techniques like MOPSO, MOGWO and
MOHHO by producing high-quality Pareto fronts of better quality
and variety. Moreover, the performance of GNDO was proven
in 35 benchmark case studies of mathematical problems and
engineering problems, based on such performance measures as
generational distance (GD), inverted generational distance (IGD),
maximum spread (MS), etc. These outcomes show the strength
and efficiency of the recommended method in the case of theory
analysis and practice [28, 31]. Therefore, the hybrid optimization
framework suggested is an effective solution to multi-objective
optimization problems. This study is concerned with the planning
and functioning of a multi-period system 24/7. First, the data of
solar irradiation and wind speed are input into solar-PV and wind
power generation models. These outputs, along with the load
profile and energy price values, are used in a QMC simulation
to generate 1000 scenarios. Due to computational limitations,
a single representative scenario is selected using the backward
reduction algorithm that is shown in Figure 1.

In the planning stage, a multi-objective optimization framework
based on MOHO is employed. Within this framework, the
GNDO algorithm is applied to determine the optimal sizing of
continuous variables such as solar-PV, wind, BESS and switchable
capacitors. For discrete decision variables, including tie-switch
positions for network reconfiguration and OLTC tap settings,
the DFA is used due to its effectiveness in handling discrete
problems and its advantage of not requiring parameter tuning.
Since the planning model is performed on a 24-h basis, the
tie-switch positions and OLTC settings are further refined for

practical operation. The OLTC regulates the grid-side voltage
by adjusting the transformer tap settings, which are assumed
to have 17 positions (from —8 to +8) [32], allowing voltage
changes within the range of —5% to +5%. The voltage limits are
set between a maximum of 1.05 p.u. and a minimum of 0.95
p.u., ensuring voltage stability by compensating for load and
generation variations in the grid. Fuzzy logic is then applied to
consolidate the hourly variations into a single optimal setting
for the 24-h period, while the other decision variables (PV,
wind, BESS and capacitors) are fixed in size. For each hour, the
system supplies power according to load demand and solar/wind
generation, with the BESS charging and discharging as needed
to balance the supply-demand gap. The model evaluates the tie-
switch positions and OLTC settings for each hour and identifies
the best combinations according to the defined objective function.

In the operation stage, fuzzy logic is used to select one optimal
tie-switch and OLTC combination from the 24 possible hourly
results. This ensures that a single configuration is chosen as
the most suitable throughout the day. The selected tie-switch
configuration is then validated to determine which switches
should remain closed or opened, while ensuring that practical
constraints such as thermal line limits, line current capacities,
voltage limits and radiality are satisfied.

4 | Results and Discussion
4.1 |

Test System

This paper analyses the efficiency of the suggested planning and
operation model in the optimization of the size of RES such as

6 of 16

IET Generation, Transmission & Distribution, 2026

95U9D17 SUOWWIOD 9A1TER.D (et jdde au Aq pausenob ae SaNe YO ‘8sN J0 SN J0) Aeig18UlUO AB]IM UO (SUONIPUOI-PUE-SWBIW0Y"AS| 1M ALe.q 1 Bul|UO//ScL) SUONIPUOD PUe SIS 1 8U) 89S *[9202/80/50] LD ARiqiaulluo A8|IM ‘esAee N LpeeH JO SeInisu| uoleN - NIAANYVYHYS INVMYZ NN Ad 82€02 ZPB/6v0T 0T/10p/w0d A8 | im Aeiq 1 puluo Y. eesaui|//sdny woly pepeojumod ‘T ‘9202 ‘S698TS.T



o1 02 03 pa 05 06 07

&

Network Bus —-—
System Load —

|
1
|
|
| Normally Closed Branches
|
|
|
|

Normally Open Branches ~ ~""""

= ] Solar-PV DG r 4

I T ol T T TN TR " e sy

|_° |_¢ I l_., [—p |—> I I_>| I_° -*h Wind i
36 37 38 39 a1 42 a3 aa 45 a6 be

FIGURE 4 |

Network Bus — Battery Energy L smema
Storage System
System Load — (bEss)
Normally Closed Branch —— Raa 4
Normally Open Branch 13 14 =
& switchable Capacitor -"ﬂ -— B 'ﬂ
Solar-PV DG Bank (SCB) =
o1 02 03 0a (iS Oi | °|9 llo 11 o
15 6
-

______ 'l

23 24

21 22 26 8
L1 I

Switchable Capacitor
Bank (SCB) [

Optimal source allocation in the 69-bus distribution system configuration.

1 e

&g =

FIGURE 5 |

wind, solar PV, BESS and SCB and in the scheduling of RES and
BESS with reduced OLTC changes. As contrasted to the planning
models that are currently found in the literature, the operational
model also uses a viable switching sequence and considers all
the constraints at the same time, reducing three strategic goals:
active power loss, voltage deviation and operational cost. The
methodology is applied to two systems [33], the IEEE 69-bus
system (shown in Figure 4) and the actual Iran 59-bus radial
distribution system (RDS), shown in Figure 5.

The scenarios are as follows and are compared to MOPSO and
MO-DFA-GNDO.

a. Base case

b. Integration of RES, BESS, SCB, OLTC and network reconfig-
uration (NR).

These situations reveal how the model can be used to increase sus-
tainable energy integration without compromising operational
limits.

<-|I—>I—» L»LL»L» L..I-»I

Optimal source allocation in the Iran 59-bus distribution system configuration.

4.2 | Simulation Results

This part will test the proposed MOHO procedure (MO-DFA-
GNDO) against the existing multi-objective particle swarm
optimization (MOPSO) approach and the base case scenario. The
optimal decision variables taken into account in the analysis
are the variables of RES, BESS, SCB sizing, OLTC settings and
network reconfiguration, which are combined with the switching
sequence process. The aim of this study is to single out one good
configuration of one tie-switch position and OLTC setting, which
will be implemented once a day, to make the operational strategy
practically feasible. The suggested method is experimented on a
69-bus test system, and the actual distribution network of Iran 59-
bus and the results are compared to those found with the use of
MOPSO.

Figure 6 shows a total power analysis of the 59-bus and 69-bus
systems in 24 h (MO-DFAGNDO), demonstrating how the power
is distributed among various sources of energy both in the active
and the reactive mode. The active power load demand, power
losses and supply contributions of solar PV, wind, BESS and the
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24-Hour Power Analysis for 59-Bus and 69-Bus Systems using MO-DFAGNDO
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FIGURE 6 | Active and reactive power load demand and supply for the 59-bus and 69-bus systems using MO-DFAGNDO.

grid are shown on the left side of the figure, and the reactive
power load demand and supply are shown on the right side of the
figure. The upper row is 59-bus system, and the lower one is 69-
bus system. The black line is the aggregate demand across the day
and the red bars are the losses of power. These energy resources
together supply the residual demand, which depicts the ability of
the MO-DFAGNDO approach to not only minimize power losses
but also to optimize the energy assets distribution. The results
indicate that renewable generation and capacitor bank support of
reactive power are used more efficiently and lead to an increase
in system efficiency and stability.

Lastly, three main goals, which are active power losses, voltage
deviations and cost reduction of operation, are analysed to
determine the technical, economic, and environmental impacts
on the performance of a system. Figure 7 shows the 3D Pareto
fronts of MOPSO (left) and MO-DFA-GNDO (right) to 59-bus
system (top) and 69-bus system (bottom). The blue markers refer
to the non-dominated Pareto solutions of all three objectives,
whereas the red marker refers to the best compromise solution
calculated by the fuzzy decision-making. The MO-DFA-GNDO
approach generates a smoother and more uniform Pareto front,
which implies better convergence and diversity of the trade-
off surface. These findings show that it is effective in reaching
a balanced optimization between system reliability, technical
performance and cost effectiveness, which is better.

Figure 8 shows the 24-h operation performance comparison of
the base case, MOPSO, and the proposed hybrid MO-DFA-GNDO
approach of the real 59-bus distribution system in Iran. The
evaluation is based on three main objectives, such as active
power loss, voltage deviation and operational cost. The hybrid
approach beats the MOPSO, as well as the base scenario, in
the way of providing more efficiency and voltage regulation in
changing load situations throughout the day. To be more exact,
the total active power loss declines to 92.1 kW with the help
of the hybrid method compared to 118.4 kW in the base case

and 104.6 kW with MOPSO, which is 22.2% lower than the base
case and 10.6% improvement over MOPSO. Equally, the highest
deviation in voltage is minimized to 0.0091 p.u. (base) and 0.0091
p-u. (MOPSO) with the hybrid approach, which is 15.7% lower
than that of MOPSO. On the side of operation cost, the daily
spending decreases to 1568 with the hybrid model, which is 8.6%
less than that spent by MOPSO. These findings indicate that the
proposed hybrid optimization structure is efficient in balancing
technical performance and economic efficiency with lower losses,
better voltage stability and cheaper operating costs and can be
practically used in real-world distribution networks.

Figure 9 compares the total daily performance of the three sce-
narios, citing the percentage improvements that have been made
by the proposed hybrid MO-DFA-GNDO algorithm. The loss of
active power and voltage deviation and the cost of operation per
day of each panel, both of which are shown as bar charts and
trendlines of the differences with MOPSO. The hybrid strategy
is always the lowest in all measures, showing that it is better
optimized. Specifically, there is a 10.6 percent decrease in total
daily active power loss, voltage deviation is better (15.7 percent),
and the operating cost is lower (8.6 percent) than MOPSO. These
findings highlight the fact that the hybrid algorithm can offer
quicker convergence and a higher quality Pareto solution, leading
to greater operational efficiency and better voltage regulation.
The combination of the DFA and GNDO provides an opportunity
to optimally explore and exploit the space of solutions to provide a
strategy that is not only technically sound, but also economically
feasible to use in the active operation of a distribution system.

Figure 10 shows the hourly change of active power loss, voltage
deviation and operation cost of the base case, MOPSO and the
suggested hybrid MO-DFA-GNDO algorithm on the IEEE 69-bus
distribution system. Throughout the 24-h operating cycle, the
hybrid approach has continuously lower values in the objective
function than MOPSO and the base configuration. The active
power loss reduces significantly from an average of 130 kW in the
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3D Pareto Front with Optimal Solution in MOPSO (59-Bus System)
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base case to 18.6 kW in the case of MOPSO and further to 14.7 kW
in the case of MO-DFA-GNDO, with an overall improvement
of about 88.7 and 21 percent over the base case and MOPSO,
respectively. In a similar fashion, the voltage deviation decreases

Hour

Comparison of hourly performance for all three objective functions using the base case, MOPSO and hybrid (MO-DFA-GNDO) in the

in the base case from 0.045 to 0.0062 p.u. with MOPSO and the
hybrid method, respectively, which is reduced by approximately
89 and 22 percent., respectively. On operational cost, the sug-
gested algorithm reduces the total cost of 185$/kWh (base) to
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(a) Total Active Power Loss and Reduction (%)

3000 = T I — 80
68:2% 0% 2
—160 <
=
—40
]
51
—20 &

0
Base MOPSO MO-DFA-GNDO
(b) Total Voltage Deviation and Reduction (%)

| I I —{ 100
93.9% =
= s
7407% 80 e
i3
—60
—40 3
5]
&~

—20

Base MOPSO MO-DFA-GNDO
(¢) Total Operational Cost and Reduction (%)
I T T

= 9700% 97(5% =il
i s

£

z )
c T —
e =

L
0 L 0
Base MOPSO MO-DFA-GNDO

Optimization Mcthod
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method in the 59-bus distribution network.
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20$/kWh (MOPSO) and 15$/kWh (MO-DFA-GNDO), which is
a reduction, respectively, of 91.9 and 25 percent of the base and
MOPSO. Convergence is consistently quicker, voltage stability
is enhanced, and it is more economical and still more reliable
over the 24 h of the hybrid method compared to the non-hybrid
approach.

Figure 11 shows the daily comparison of total active power
loss, voltage deviation and operational cost in aggregate and
trendlines depicting the percentage reduction of each method
of optimization. The findings clearly show that the hybrid MO-
DFA-GNDO approach has a higher level of performance than the
MOPSO and the base scenario. In particular, the total power loss
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Daily Objective Comparison with Reduction (%) Trendline
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FIGURE 11 | Comparison of daily performance metrics and reduction trends for all three objective functions under the hybrid (MO-DFA-GNDO)

strategy in the 69-bus distribution system.

per day of active operation is reduced in the base case of about
3100 to 380 kW with MOPSO and even more to 285 kW with the
help of MO-DFA-GNDO, which is a reduction of 87.7 and 90.8
percent, respectively. On the same note, total voltage deviation
decreases by 1.45 to 0.085 p.u. (MOPSO) and 0.058 p.u. (MO-DFA-
GNDO) corresponding to decreases of 94.1% and 98.6%. Regarding
the cost of operation, the hybrid option reduces the operation
expenses by 95.9 and 97.0 percent, that is, the difference between
the operation cost of $4800 (base) and the operation cost of $195
(MOPSO) and the operation cost of $145 (MO-DFA-GNDO). It is
these drastic advancements that affirm that the hybrid algorithm
not only improves the efficiency of the networks and minimizes
technical losses, but also more effectively optimizes the overall
day-to-day performance of the operations as compared to the
traditional MOPSO approach.

A comprehensive comparison between the base case, MOPSO,
and the suggested hybrid MO-DFA-GNDO approach under peak
load conditions (18:00) to the IEEE 69-bus system and the real
Iran 59-bus network is given in Table 1. The analysis includes
technical, electrical, and economic parameters, such as active
power loss, voltage deviation, operational cost, line currents and
bus voltage magnitudes, which are evaluated in comparison with
operational limits (maximum voltage of 1.05 p.u. and minimum
of 0.95 p.u.).

In the case of the IEEE 69-bus system, the hybrid solution is
much better, with an active power loss of 18.24 kW in the hybrid
solution (out of 204.97 kW in the base case), a reduction of 91.1%
with the hybrid solution plus an incremental improvement of 14.4
compared to MOPSO. The decrease in voltage deviation is 0.0905
to 0.0097 p.u. indicating a reduction of 98.9 percent compared
to the base case and 80.2 percent compared to MOPSO. There is
also a significant reduction in the operational cost of $243.18/h

to an amount of 6.40/h of 97.4 percent. The maximum voltage
stays approximately 1.003 p.u., which is approximately 4.47%
less than the maximum value, whereas the minimum voltage
is increased to 0.9891 p.u., which is approximately 4.12% larger
than the minimum value. Also, in the Iran 59-bus system, the
hybrid algorithm reduces the active power loss, voltage deviation
and operational cost at 55.8%, 88.1% and 98.2% of the base case,
respectively, and has additional gains of 3.0%-10.8% over MOPSO.
Line currents do not exceed their rated values (400 and 350 A)
and therefore there is thermal security. The maximum voltages
are reduced by a small margin (approximately 4.5 percent of the
limit) and minimum voltages go up by approximately 4.4 percent,
which is a positive indication that the voltages are maintained
in all buses. Additionally, it is evident that the results indicate
that the presented hybrid MO-DFA-GNDO approach promotes
better performance of the system by increasing and, at the same
time, decreasing technical losses and cost-effective functioning,
not to mention meeting the voltage and current restrictions.
This justifies its relevance to real-life distribution networks and
standard benchmark systems.

Table 2 provides a detailed result of hourly and daily optimization
strategies based on the hybrid MO-DFA-GNDO method to 59 bus
Iran versus IEEE 69-bus networks illustrating how the effective
balance between practicality of the system operation and its
performance is achieved. The hourly reconfiguration in the Iran
59-bus system reduces 2586 kW (base case) of active power loss
to 727.1 kW, and the daily optimization, at 779.4 kW, retains
almost 97 of the loss reduction achieved by hourly switching.
The difference in voltages becomes significantly better, from
0.283476 to 0.01743 p.u. (hourly) and 0.01542 p.u. (daily) and
the overall cost of the daily operation reduces by 97 percent.
Equally, in the case of the IEEE 69- bus system, the active power
loss is lowered to 290.6 kW instead of 3173 kW (hourly) and
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TABLE 1 | Performance comparison at peak hour (18:00) for IEEE 69-bus and Iran 59-bus systems.

MO-DFA- Reduction (%) Reduction (%)
System Objective Base case MOPSO GNDO vs. base vs. MOPSO

IEEE 69-bus Active power loss (kW) 204.97 21.30 18.24 91.1% 14.4%
Voltage deviation (p.u.) 0.0905 0.00489 0.00097 98.9% 80.2%

Operational cost ($/kWh) 243.18 6.74 6.40 97.4% 51%

Max. line current (A) 400 128.6 120.6 59.8% 6.2%

Max. voltage (p.u.) 1.05 1.004 1.003 4.47% 0.10%
Min. voltage (p.u.) 0.95 0.9869 0.9891 4.12% 0.09%

Iran 59-bus Active power loss (kW) 160.17 72.97 70.79 55.8% 3.0%
Voltage deviation (p.u.) 0.01756 0.00427 0.00209 88.1% 51.1%

Operational cost ($/kWh) 570.30 11.45 10.20 98.2% 10.8%

Max. line current (A) 350 172.4 165.3 52.8% 4.1%

Max. voltage (p.u.) 1.05 1.0029 1.0028 4.51% 0.10%
Min. voltage (p.u.) 0.95 0.9919 0.9923 4.45% 0.04%

TABLE 2 | Comparison of hourly vs daily reconfiguration performance of MO-DFA-GNDO.

Performance deviation

Hourly Daily optimization (%) from base-hourly/
Metric Base case optimization (proposed) base-daily
Active power loss (kW) in Iran 59-bus 2586 727.1 779.4 71.9/69.9
Voltage deviation (p.u.) in Iran 59-bus 0.283476 0.01743 0.01541733 93.9/94.6
Operational cost ($/day) in Iran 59-bus 11,042 273.592 308.022 97.5/97.2
Active power loss (kW) in IEEE 69-bus 3173 290.64 547.6 90.8/82.7
Voltage deviation (p.u.) in IEEE 69-bus 1.402789 0.01897 0.1445 98.6/89.7
Operational cost ($/day) in IEEE 69-bus 4591.66 136.335 161.88 97.0/96.5
Number of switch changes N/A 24 1 —95.8%
OLTC tap changes N/A 24 1 —95.8%
Maintenance cost N/A 1.0 0.05 —95%

547.6 kW (daily), voltage deviation is minimized to 0.01897 p.u.
instead of 1.4028 and 0.1445 p.u., and costs of operation are
reduced to $136.3 and $161.9 per day as compared. Even though
the hourly scheme has a little bit lower losses and deviations,
it necessitates 24 tie-switch and OLTC tap operations per day,
which in actual distribution grids is operationally impractical
due to higher wear and tear, higher maintenance expenses, and
heightened reliability risks. By comparison, the proposed daily
operation is almost as effective with just a single switching and
OLTC adjustment each day, which significantly decreases the
switching load and maintenance needs by more than 95% and
maintains more than 90 percent of the technical advantages.
This shows that there is a practically viable, computationally
efficient and economically sustainable solution of MO-DFA-
GNDO framework, which considers the benefits of dynamic
reconfiguration, and yet remains not impractical at the expenses
of having to change every hour but is viable to support the current
smart distribution system.

Figure 12 shows the hourly and daily best tie-switch and OLTC
settings that were obtained using the proposed hybrid MO-
DFA-GNDO algorithm on the IEEE 69-bus system, along with
the actual 59-bus Iranian distribution network system. It is
demonstrated that the hybrid method is able to dynamically
determine what is the most appropriate network reconfiguration
and OLTC tap positions to be used each hour, adapting to
variable load requirements and renewable generation. But in a
real-world distribution end, tie-switch operation and continuous
OLTC adjustments are not easily practical because of mechanical
wear and tear, reliability issues and coordination of control. In
order to cope with this challenge, the suggested methodology
proposes the use of a daily configuration strategy such that only
one best combination of tie-switches and OLTC tap position is
used throughout the 24 h period. Daily set-up (10, 14, 17, 58, 59)
and 0.99375 p.u. of the IEEE 69-bus system and (25, 29, 31, 53,
56) and 0.99375 p.u. of the Iran 59-bus system give constant and
effective operation at all hours of the day. This approach is unlike
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FIGURE 12 | Optimal hourly and daily selection of tie-switches and OLTC settings for IEEE 69-bus and Iran 59-bus systems using Mo-DFA-GNDO.

the traditional process that is called to adjust tie-switches and
OLTC settings every hour; it provides a practical implementation
and a performance that is close to optimal. The hybrid algorithm
is useful in balancing the network loss reduction, improving the
voltage profile and saving on operations, and performing system
efficiency at a comparative cost of 2-3% of the fully hourly-
optimized solution and decreases switching activities by over
95%. In this way, Figure 12 indicates the potential of the offered
approach to present a technically sound and operationally viable
solution to the distribution networks in the real world.

Figure 13 shows the convergence properties of both algorithms on
the basis of hypervolume instrument (HVI) and IGD indices of
the IEEE 69-bus test system. These two approaches demonstrate
a gradual increase in the quality of a solution as the iterations are
executed, although the hybrid approach proposed has more rapid
and consistent convergence. The HV curve shows that MO-DFA-
GNDO quickly plateaus at about 0.83 in the initial 500 iterations,
whereas MOPSO takes almost 3000 steps to achieve a smaller
final HV of some 0.79. In the same way, the IGD curve demon-
strates that the hybrid approach reaches a lower value of IGD
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FIGURE 13 | Convergence comparison of MOPSO and hybrid MO-DFA-GNDO for IEEE 69-bus.

Convergence Comparison on Real Iran 59-Bus System
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FIGURE 14 | Convergence comparison of MOPSO and hybrid MO-DFA-GNDO for Iran 59-bus.

of approximately 0.06 much sooner, whereas MOPSO reaches its
end result of 0.09 progressively. These findings confirm the fact
that the hybrid algorithm that is proposed is more efficient in
convergence and also better in Pareto-front quality, relative to the
traditional MOPSO.

The HVI and IGD convergence curves of the real 59-bus distri-
bution network are presented in Figure 14. The hybrid method
of MO-DFA-GNDO proposed is better in rate of convergence and
the overall performance as compared to MOPSO. The HVI curve
indicates that the hybrid technique reaches a stable state of 0.80
in 600 iterations compared to MOPSO, which takes a longer time
of about 3200 to reach its 0.77 value. The hybrid approach will get
afinal value of approximately 0.065 in terms of IGD performance,
and MOPSO will stabilize at approximately 0.10. The similar
results of the two test networks support the effectiveness and
solidity of the suggested hybrid solution.

Table 3 gives a summary of the convergence of the MOPSO as well
as the proposed Hybrid MO-DFA-GNDO algorithm to both test

systems as measured by the HVI and IGD measures. The findings
are categorical that a hybrid approach converges much faster
without compromising Pareto fronts of high quality. Convergence
is achieved in 500 iterations in the hybrid method of the IEEE 69-
bus system as compared to 3000 iterations in MOPSO, and this
implies that the hybrid method is 83.3 times faster than MOPSO
in reaching convergence. The obtained results of MOPSO and the
suggested MO-DFA-GNDO method demonstrate that the index
of the HVT has increased by 0.79 to 0.83, and the index of the IGD
has reduced by 0.09 to 0.06, respectively. These advances signify
increased variety of solutions and have a closer proximity to the
actual Pareto front. On the whole, the findings can confirm that
the hybrid approach offers significantly stronger exploration and
quicker convergence than the standard MOPSO approach.

5 | Conclusion

In this paper, a hybrid optimization framework is proposed,
which is based on the DFA and the GNDO algorithm to organize
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TABLE 3 | Convergence performance comparison (HV and IGD metrics).
System Metric MOPSO MO-DFA-GNDO Improvement
IEEE 69-bus Iterations to converge 3000 500 83.3% faster
IEEE 69-bus Final HV 0.79 0.83 +5.1%
1IEEE 69-bus Final IGD 0.090 0.060 —33.3%
Iran 59-bus Iterations to converge 2800 550 80.4% faster
Iran 59-bus Final HV 0.77 0.81 +5.2%
Iran 59-bus Final IGD 0.088 0.062 —29.5%

the planning process and activity of ADNs with intensive cover- References

age of RES. The suggested solution is a collaborative operation
in the optimization of RES and BESS and in fulfilling all the
realistic operation requirements. The simulations are done on the
IEEE 69-bus system and the real Iran 59-bus distribution network.
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cost by up to 87, 96 and 90 percent, respectively, in comparison
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