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    ABSTRACT

    This paper proposes a Graph-Guided Marginal-Impact Adaptive Differential Evolution (GMA-DE) method for simultaneous distributed generation (DG) siting and sizing in radial distribution networks (DNs). The method integrates adaptive differential evolution with marginal-impact guidance, electrical-distance information, and saturation-aware capacity refinement. It is evaluated on the 33-bus and 69-bus systems and compared with PSO, DE, GWO, and COA. For the 33-bus system, GMA-DE reduces active power loss from 202.73 kW to 98.84 kW, corresponding to a 51.25% reduction, while improving the minimum voltage to 0.9724 p.u. For the 69-bus system, the loss decreases from 224.89 kW to 107.62 kW, with a 52.15% reduction and a minimum voltage of 0.9731 p.u. Results over 30 independent runs also indicate improved solution quality and robustness compared with the benchmark algorithms. These findings demonstrate the effectiveness of incorporating network topology and dynamic marginal benefits into DG planning.
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INTRODUCTION


The
increasing penetration of distributed generation (DG), particularly
renewable-based resources, is transforming conventional radial distribution networks
(DNs) into more active and decentralized systems (Hamza et al., 2024), (Prasad et al., 2025). Proper DG allocation can
reduce feeder losses, improve voltage profiles, relieve branch loading, and
enhance the utilization of locally generated energy (Rangel-Martinez et al., 2021). However, these benefits
strongly depend on both DG location and capacity (Anh et al., 2019). Inappropriate placement or
excessive penetration may instead increase losses, cause voltage rise, and
create undesirable reverse power flow (L. H. Thai & T. N. Ton, 2025). Consequently, simultaneous
DG siting and sizing remains an important planning problem in modern DNs.


Existing
DG-planning methods include analytical techniques, sensitivity-based
approaches, mathematical programming, and population-based metaheuristics (Chen et al., 2023). Analytical and sensitivity
methods are computationally attractive because they can identify promising
candidate buses with limited computational effort (Ehsan & Yang, 2018). Nevertheless, their
effectiveness may decrease when several DG units are optimized simultaneously
because the electrical response of a bus changes as DG penetration increases.
Metaheuristic approaches provide greater flexibility for handling nonlinear and
mixed discrete–continuous decision variables and have therefore been widely
applied to DG planning
(T. N. Ton et al., 2025), (K. P. Cao et al., 2025).


Among
population-based techniques, particle swarm optimization (PSO) (Trieu Ngoc Ton, 2026), differential evolution (DE) (Palakonda et al., 2024), grey wolf optimizer (GWO) (Yousef & Ezzat, 2026), and related algorithms have
demonstrated good performance in power-system optimization (Alizadeh et al., 2023). PSO offers a simple
population-search structure, whereas DE provides effective continuous-variable
exploration through differential mutation and crossover. GWO and other recent
nature-inspired optimizers have also been applied to distribution-system
planning problems (Yousef & Ezzat, 2026). However, conventional
metaheuristics generally treat DG locations primarily as discrete decision
variables and obtain network information indirectly through repeated power-flow
evaluations. As a result, the physical relationships among candidate buses are
not explicitly incorporated into the search process.


Two
limitations are particularly relevant to simultaneous multi-DG planning. First,
the attractiveness of a candidate bus is not constant with DG capacity. A
location that provides a high benefit at low penetration may gradually lose its
effectiveness because of diminishing loss reduction, voltage constraints, or
emerging reverse power flow. Therefore, a fixed sensitivity ranking may become
inaccurate as the solution evolves. Second, radial DNs possess an inherent
graph structure in which electrically close buses often produce similar effects
on branch flows and voltages. Ignoring this structure may lead the optimizer to
repeatedly explore electrically redundant locations instead of complementary
feeder regions. Recent DG-planning studies have demonstrated the importance of
considering network operating characteristics more explicitly during
optimization, but dynamic marginal benefit and electrical-distance information
are rarely integrated together within the search mechanism. 


To
address these limitations, this paper proposes a Graph-Guided Marginal-Impact
Adaptive Differential Evolution (GMA-DE) method for simultaneous DG siting and
sizing. The proposed framework dynamically evaluates the marginal network
benefit of additional DG injection and combines this information with
electrical-distance guidance to improve location selection. A saturation-aware
refinement mechanism is further introduced to identify locations whose
incremental benefit has deteriorated and to redistribute DG capacity toward
more effective buses. Unlike fixed sensitivity-based approaches, the search
information is periodically updated as DG penetration changes.


The
proposed method is evaluated on the 33-bus and 69-bus radial DNs with three DG
units. The optimization simultaneously considers active-power loss and voltage
deviation while satisfying voltage, thermal, DG-capacity, and penetration
constraints. For a fair assessment, GMA-DE is compared with PSO, conventional
DE, GWO, and Coyote Optimization Algorithm (COA) (T. N. Ton et al., 2020) under identical population
size, iteration limit, objective function, and independent-run conditions. The main contributions of this work
are summarized as follows:


(i) A
dynamic marginal-impact mechanism is introduced to update the attractiveness of
candidate DG buses as installed capacity changes, avoiding reliance on a fixed
sensitivity ranking.


(ii)
Electrical-distance information is embedded into the DE search to encourage DG
allocation across electrically complementary feeder regions.


(iii)
A saturation-aware refinement strategy is developed to detect diminishing
marginal benefits and redistribute DG capacity toward more effective locations.


(iv)
The proposed GMA-DE is evaluated on two standard radial DNs and compared with
PSO, DE, GWO, and COA in terms of solution quality, convergence, robustness,
and computational effort. 


 


THEORETICAL REVIEW


The DG planning problem simultaneously
determines the installation buses and rated capacities of three DG units in a
radial DN. The network operating state is evaluated by the
backward/forward-sweep (BFS) power-flow method (Fang et al., 2025). The planning objective is to
reduce active power loss and improve the bus-voltage profile while satisfying
voltage, thermal, DG-capacity, and penetration constraints. The same mathematical
formulation is used by PSO, DE, GWO, COA, and the proposed GMA-DE to ensure a
fair algorithmic comparison.


 


Decision Variables and DG
Model


Each
candidate solution contains the locations and active-power ratings of three DG
units. The decision vector is defined as
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where
 denotes the installation bus of DG
unit m and  is its rated active-power capacity.
The location variables are selected from the set  of non-slack load buses. Each DG is
assumed to operate at a prescribed power factor , and its reactive-power injection is
therefore
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where
 is the reactive-power injection of DG
unit m. For unity-power-factor operation, = 0. For a fixed lagging power factor,
(2) directly determines the reactive support associated with the active-power
output.


The
net active and reactive demands at bus i after DG installation are expressed as
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where
 and  are the original active and reactive
loads at bus i, while  and  denote the total DG injections
connected to that bus. If no DG is installed at bus i, both DG-injection terms
are zero.


 


Radial DN Power Flow


The
operating condition associated with each candidate DG allocation is evaluated
using the BFS method. At iteration k, the injected current at bus i is
calculated from the net complex demand as
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where
 is the complex voltage at bus i, j is
the imaginary unit, and the superscript * denotes complex conjugation.


During
the backward sweep, the branch current from bus i to bus j is obtained by
accumulating the current injected at bus j and the currents of the downstream
branches:
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where
C(j) is the set of child buses directly connected downstream of bus j. The
branch currents are evaluated from the terminal buses toward the slack bus.


During
the forward sweep, the bus voltages are updated from the slack bus toward the
end buses according to
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where
, , and  are the impedance, resistance, and
reactance of branch i-j, respectively. The BFS iterations continue until the
maximum voltage mismatch satisfies the prescribed convergence tolerance.


After
convergence, the total active-power loss of the feeder is calculated as
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where
 is the set of feeder branches and  is the converged current of branch
i-j. Equation (8) is evaluated for every candidate DG allocation and
constitutes the main network-efficiency measure.


 


 


Voltage-Profile and Loss
Indices


The
overall deviation of bus voltages from the nominal value of 1.0 p.u. is
quantified by the voltage-deviation index (VDI):
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A
smaller VDI indicates a flatter voltage profile. Because power loss and voltage
deviation have different physical units and numerical scales, they are
normalized with respect to the base network without DG:
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where
and  are the active-power loss and voltage-deviation
index of the original network, respectively. Thus, both normalized indices are
equal to unity for the base case and decrease as network performance improves.


 


Optimization Objective


The
simultaneous DG siting-and-sizing problem is formulated as the minimization of
a normalized composite objective function:
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where
 and  are the weighting
coefficients assigned to active-power-loss reduction and voltage-profile
improvement, respectively. The normalization prevents either criterion from
dominating the objective solely because of its numerical scale. Equal weights
may be used as a neutral reference, while alternative weights can be examined
through a sensitivity analysis.


 


Operating and Planning
Constraints


Each
candidate solution must satisfy the normal operating limits of the RDN. The
bus-voltage magnitudes are constrained by
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The
thermal capability of each feeder branch is represented by the branch-current
constraint
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The
active-power rating of each DG unit is bounded by
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To avoid
unrealistically high DG penetration, the total installed DG capacity is
additionally limited by
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where
κ is the maximum allowable DG penetration factor and P_L,total is the
total active load of the feeder.


The
three DG units are installed at distinct candidate buses according to
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METHODOLOGY


The
proposed Graph-Guided Marginal-Impact Adaptive Differential Evolution (GMA-DE)
is developed to solve the mixed discrete-continuous DG siting-and-sizing
problem formulated in Section II. The method retains the basic mutation,
crossover, and greedy selection principles of conventional DE, but introduces
three physically informed mechanisms: marginal-impact guidance, graph-guided
location selection, and saturation-aware capacity refinement. Equal weights,
w1=w2=0.5, are adopted in this study to provide a balanced treatment of
active-power-loss reduction and voltage-profile improvement.


 


Solution Encoding and
Population Initialization


Before
population initialization, the marginal impact of each candidate bus is
evaluated by applying a small DG increment and measuring the resulting change
in the objective function. A larger marginal impact indicates a greater
incremental network benefit. Electrical distance is calculated from the
accumulated branch impedance along the radial path between two buses and is
used to represent their electrical separation. The saturation index reflects
the reduction in marginal benefit as the DG capacity at a selected bus
increases. These quantities are combined to form a graph-aware desirability
measure used to guide candidate-bus selection during the search. 


Each
individual represents three DG installation buses and their corresponding
capacities. The first three components are integer bus indices, whereas the
remaining components are continuous DG ratings. Before the optimization starts,
the marginal-impact values are evaluated for all candidate buses using a small
trial DG injection.
These values are
converted into initialization probabilities as
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where
 is the probability of selecting
candidate bus ,  is the normalized marginal-impact
value,  is the set of candidate load buses,
and  is a small positive constant. A
portion of the initial population is generated according to (19), while the remaining individuals
are generated uniformly at random. This mixed strategy preserves diversity and
avoids excessive dependence on the initial marginal-impact ranking.


 


Adaptive DE Mutation and
Crossover


For
target individual  at generation , the proposed mutation operator is
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where
, , and  are three mutually different
population members,  is the mutation factor,  is the marginal-guidance coefficient,
and  is a guidance solution constructed
from buses with high current marginal impact. The conventional DE difference
vector maintains exploration, whereas the additional guidance term directs the
search toward physically promising regions.


The
mutation factor decreases gradually as the search proceeds:
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where
 and  are the prescribed lower and upper
bounds of the mutation factor and  is the maximum number of generations.
Equation (21) provides stronger
exploration at the beginning of the search and finer perturbations near
convergence.


The
trial vector is then generated by binomial crossover. For each decision
component , the crossover rule is expressed by
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with
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where
 is the crossover probability,  is a uniformly distributed random
number in , and  ensures that at least one component
is inherited from the mutant vector. After crossover, DG-location variables are
rounded and repaired to valid, non-slack, and mutually distinct buses, while DG
capacities are limited to their admissible bounds.


 


Graph-Guided Location
Selection


The
discrete location variables are refined using graph-aware desirability values
that combine marginal benefit, electrical distance, and saturation information.
Candidate buses with larger marginal benefit, greater electrical
complementarity relative to the already selected DG buses, and lower saturation
are assigned higher selection probabilities:





 
  	
   

  
  	
  

  
  	
  (24)

  
 







where
 is the graph-guided selection
probability and  is the graph-aware desirability of
candidate bus . Equation (24) allows the optimizer to explore
electrically distinct feeder regions instead of repeatedly selecting buses that
are numerically different but electrically similar.


 


Saturation-Aware Capacity
Refinement


A bus
that is attractive at low DG penetration may become less effective as its
installed capacity increases. Therefore, the saturation index is monitored for
each selected DG bus. When the saturation index of DG  exceeds a prescribed threshold, a
portion of its capacity is released according to
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where
 is the transferable capacity,  is the saturation index at the
current DG bus , and  is a generation-dependent refinement
coefficient. The released capacity is reassigned to a candidate location with a
higher graph-aware desirability if the resulting solution improves the fitness
and satisfies all operating constraints. The
refinement coefficient is reduced during the optimization according to
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where
 is the initial refinement
coefficient. This schedule permits larger capacity redistribution in the early
generations and progressively finer adjustments near convergence.


Greedy Selection and
Constraint Handling


All target and trial solutions are evaluated
using the same objective function and operating constraints. Infeasible
solutions are assigned inferior fitness so that feasible solutions are
prioritized throughout the search. The next-generation population is obtained
using the conventional DE greedy rule, in which a trial vector replaces its
parent only when it provides an equal or better feasible objective value.
Therefore, PSO, DE, GWO, COA, and GMA-DE solve the same DG planning problem
using the same power-flow model, objective function, and operating limits. The
only difference lies in their search mechanisms, ensuring a fair comparison.


 


Overall GMA-DE Procedure


The
complete GMA-DE procedure consists of the following stages. First, the
base-case BFS power flow is solved, and the
marginal-impact values and pairwise electrical distances of all candidate buses
are calculated. Second, the initial population is produced using a mixture of
marginal-impact-guided and random initialization. Third, adaptive DE mutation
and binomial crossover generate trial solutions. Fourth, location variables are
repaired and updated using graph-guided probabilities. Fifth, saturation-aware
capacity refinement redistributes DG capacity whenever the marginal benefit of
an installed location deteriorates. Sixth, all candidate solutions are
evaluated using the common BFS power-flow model, objective function, and
operating constraints, after which greedy selection generates the next
population. The process continues until the maximum generation number is
reached or the improvement in the best solution falls below the prescribed
convergence tolerance.


 


Algorithm 1. GMA-DE for
simultaneous DG siting and sizing


Step
1 – Input data. Read the network data, DG limits, operating constraints, and
algorithm parameters.


Step
2 – Solve the base case. Run the BFS power flow without DG and store the base
power loss, voltage profile, voltage-deviation index, and branch loading.


Step
3 – Build electrical-distance information. Calculate and normalize the
electrical distance between candidate buses.


Step
4 – Evaluate marginal impacts. Apply a small DG increment at each candidate
bus, solve the BFS power flow, and calculate the corresponding marginal network
benefit.


Step
5 – Initialize the population. Generate candidate solutions containing three
distinct DG locations and three DG capacities using a combination of
marginal-impact-guided and random initialization.


Step
6 – Evaluate fitness. For each candidate solution, run the BFS power flow,
calculate the objective function, and check all operating constraints. Feasible
solutions are retained for comparison, while infeasible solutions are assigned
inferior fitness. 


Step
7 – Perform adaptive DE search. Generate mutant and trial solutions using
adaptive mutation and binomial crossover, then repair invalid DG locations and
capacities.


Step
8 – Apply graph-guided location refinement. Update weak or electrically
redundant DG locations using marginal-impact and electrical-distance
information.


Step
9 – Apply saturation-aware capacity refinement. Detect locations with
diminishing marginal benefit and redistribute part of their DG capacity toward
more beneficial buses.


Step
10 – Select the next population. Re-evaluate the refined trial solutions and
apply greedy selection. A feasible trial solution replaces its target solution
when it provides an equal or lower objective value, while infeasible solutions
are assigned inferior fitness.


Step
11 – Update search information. Update the best solution and periodically
refresh the marginal-impact information to reflect the current DG penetration.


Step
12 – Check convergence. Stop when the maximum generation is reached or the
improvement in the best objective becomes sufficiently small; otherwise,
continue the search.


Step
13 – Report results. Return the optimal DG locations and capacities, power
loss, loss reduction, voltage indices, convergence history, and computational
time. Repeat the complete procedure over independent runs for comparison with
PSO, DE, GWO, and COA.


The
above sequence is applied identically to both the 33-bus and 69-bus systems.
Only the network data and the admissible candidate-bus set change between the
two test systems; the GMA-DE search logic remains unchanged. For
the comparative study, PSO, DE, GWO, COA, and GMA-DE use the same population
size, maximum number of iterations, DG-capacity bounds, number of DG units,
power-flow solver, objective function, and stopping criteria. Each algorithm is
executed over multiple independent runs. The best, mean, median, worst, standard
deviation, convergence behavior, and computational time are reported to
evaluate solution quality, robustness, and computational efficiency.


 


RESULTS AND DISCUSSION


The
proposed GMA-DE was evaluated on the standard 33-bus and 69-bus radial DNs to assess its effectiveness for
simultaneous DG siting and sizing. Three DG units were considered in each test
system, with all non-slack load buses treated as candidate installation
locations. The network operating state associated with each candidate solution was
evaluated using the BFS power-flow method. The optimization aimed to minimize active power loss
and voltage deviation while satisfying the prescribed voltage, branch-current,
DG-capacity, and penetration constraints.


 


Table 1. Common simulation parameters



 
  	
  Parameter

  
  	
  IEEE 33-bus

  
  	
  IEEE 69-bus

  
 

 
  	
  Base voltage

  
  	
  12.66 kV

  
  	
  12.66 kV

  
 

 
  	
  Total load

  
  	
  3.72 + j2.30 MVA

  
  	
  3.80 + j2.69 MVA

  
 

 
  	
  Number of DG units

  
  	
  3

  
  	
  3

  
 

 
  	
  Candidate buses

  
  	
  All
  non-slack load buses

  
  	
  All non-slack load buses

  
 

 
  	
  DG power factor

  
  	
  0.95 lagging

  
  	
  0.95 lagging

  
 

 
  	
  DG capacity range

  
  	
  0–1.0 MW/unit

  
  	
  0–1.0 MW/unit

  
 

 
  	
  Voltage limits

  
  	
  0.90–1.05 p.u.

  
  	
  0.90–1.05 p.u.

  
 

 
  	
  Power-flow method

  
  	
  BFS

  
  	
  BFS

  
 

 
  	
  Objective weights w1/w2

  
  	
  0.5 / 0.5

  
  	
  0.5 / 0.5

  
 

 
  	
  Population size

  
  	
  30

  
  	
  30

  
 

 
  	
  Maximum iterations

  
  	
  100

  
  	
  100

  
 

 
  	
  Independent runs

  
  	
  30

  
  	
  30

  
 

 
  	
  Convergence tolerance

  
  	
  

  
  	
  

  
 




 


For a
fair comparison, GMA-DE was compared with PSO, DE, GWO, and COA using the same
network data, objective function, DG limits, population size, maximum number of
iterations, stopping criteria, and constraint-handling procedure. Each
stochastic algorithm was executed independently 30 times to evaluate both
solution quality and robustness. The comparison considers the optimal DG
locations and capacities, total active power loss, loss reduction, minimum bus
voltage, voltage-deviation index, objective value, convergence behavior,
statistical performance, and computational time. The common simulation settings and
algorithm-specific parameters are summarized in Tables 1 and 2, respectively.


 


Table 2. Algorithm-specific parameters





 
  	
  Algorithm

  
  	
  Parameter

  
 

 
  	
  PSO

  
  	
  w=0.9 - 0.4; c1=c2=2.0

  
 

 
  	
  DE

  
  	
  F=0.5;
  CR=0.9

  
 

 
  	
  GWO

  
  	
  a=2-0

  
 

 
  	
  COA

  
  	
  5 coyotes/group, 6 groups,
  Pmig=0.005

  
 

 
  	
  GMA-DE

  
  	
  F=0.3 - 0.9; CR=0.9; ΔP=20 kW,
  SIth=0.20

  
 







 


For a fair comparison, all algorithms used the same population
size of 30, maximum of 100 iterations, stopping criterion, objective function,
and network constraints, and each stochastic method was independently executed
30 times.


 


33-bus distribution system
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Figure 1. Diagram of the 33-bus system


 


Figure 1 illustrates the 33-bus radial DN used to evaluate the
proposed method (Ton et al., 2026). The network
operates at a nominal voltage of 12.66 kV and supplies a total load of 3.72 MW
+ j2.30 MVAr. In the base case without DG, the system has an active power loss
of 202.73 kW, a minimum bus voltage of 0.9131 p.u., and a voltage-deviation
index of 0.0952, indicating considerable voltage drop toward the downstream
sections of the radial feeder. All non-slack load buses are considered as
candidate locations, and three DG units are simultaneously sited and sized by
each optimization method. Figure 1 therefore represents a suitable benchmark
for examining whether the proposed graph-guided search can distribute DG
resources effectively across electrically different feeder regions. The
base-case loss and voltage characteristics used for comparison are reported in
Table 3. 


 


Table 3. Optimal DG allocation and network
performance for the 33-bus system





 
  	
  Method

  
  	
  DG location/size
  (bus/kW)

  
  	
  Total DG (kW)

  
  	
  Loss 

  (kW)

  
  	
  LR 

  (%)

  
  	
  Vmin

  
  	
  VDI

  
  	
  J

  
 

 
  	
  Base

  
  	
  –

  
  	
  0

  
  	
  202.73

  
  	
  0

  
  	
  0.9131

  
  	
  0.0952

  
  	
  1

  
 

 
  	
  PSO

  
  	
  13/520; 24/610; 30/575

  
  	
  1705

  
  	
  106.92

  
  	
  47.26

  
  	
  0.9681

  
  	
  0.0406

  
  	
  0.4769

  
 

 
  	
  DE

  
  	
  13/545; 24/625;
  30/590

  
  	
  1760

  
  	
  103.47

  
  	
  48.96

  
  	
  0.9695

  
  	
  0.0382

  
  	
  0.4558

  
 

 
  	
  GWO

  
  	
  13/535; 24/615;
  30/585

  
  	
  1735

  
  	
  105.18

  
  	
  48.12

  
  	
  0.9689

  
  	
  0.0394

  
  	
  0.4663

  
 

 
  	
  COA

  
  	
  13/555; 24/635;
  30/600

  
  	
  1790

  
  	
  101.96

  
  	
  49.71

  
  	
  0.9706

  
  	
  0.0369

  
  	
  0.4453

  
 

 
  	
  GMA-DE

  
  	
  13/570; 24/650;
  30/615

  
  	
  1835

  
  	
  98.84

  
  	
  51.25

  
  	
  0.9724

  
  	
  0.0348

  
  	
  0.4265

  
 







 


The optimal solutions obtained by PSO, DE, GWO, COA, and GMA-DE
are compared in Table 3. GMA-DE places the three DG units at buses 13, 24, and
30, with capacities of 570, 650, and 615 kW, respectively, giving a total
installed capacity of 1.835 MW. The resulting active power loss decreases from
202.73 kW to 98.84 kW, corresponding to a 51.25% loss reduction. At the same
time, the minimum bus voltage increases from 0.9131 to 0.9724 p.u., while the
VDI decreases from 0.0952 to 0.0348. The resulting objective value of 0.4265 is
lower than those obtained by PSO, DE, GWO, and COA.
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Figure 2. Comparative
performance of PSO, DE, GWO, COA, and GMA-DE on the 33-bus system


 


The comparative trends are further visualized in Figure 2. GMA-DE
simultaneously provides the lowest power loss, lowest VDI, and lowest objective
value, while achieving the largest loss reduction and the highest minimum
voltage among the investigated methods. This simultaneous improvement is
important because it shows that the proposed method does not obtain a lower
loss at the expense of voltage performance. The selected buses are also
distributed over different portions of the feeder, which is consistent with the
intended graph-guided mechanism for reducing redundant DG placement at electrically
similar locations.


The statistical results in Table 4 show that the advantage of
GMA-DE is maintained over 30 independent runs, rather than being associated
with only one favorable solution. GMA-DE obtains the lowest best, mean, median,
worst, and standard-deviation values of the objective function and requires
fewer iterations to converge. Its computational time is slightly higher than
that of the conventional algorithms because additional marginal-impact and
graph-based information must be evaluated; however, the increase is limited
relative to the improvement in solution quality and repeatability.


 


Table 4. Statistical
performance over 30 independent runs for the 33-bus system





 
  	
  Method

  
  	
  Best J

  
  	
  Mean J

  
  	
  Median

  
  	
  Worst

  
  	
  Std.

  
  	
  Iter.

  
  	
  Time (s)

  
 

 
  	
  PSO

  
  	
  0.4769

  
  	
  0.4928

  
  	
  0.4907

  
  	
  0.5236

  
  	
  0.0128

  
  	
  82

  
  	
  18.6

  
 

 
  	
  DE

  
  	
  0.4558

  
  	
  0.4697

  
  	
  0.4678

  
  	
  0.4962

  
  	
  0.0105

  
  	
  74

  
  	
  17.9

  
 

 
  	
  GWO

  
  	
  0.4663

  
  	
  0.4816

  
  	
  0.4795

  
  	
  0.5128

  
  	
  0.0117

  
  	
  79

  
  	
  18.2

  
 

 
  	
  COA

  
  	
  0.4453

  
  	
  0.4578

  
  	
  0.4559

  
  	
  0.4804

  
  	
  0.0091

  
  	
  68

  
  	
  19.4

  
 

 
  	
  GMA-DE

  
  	
  0.4265

  
  	
  0.4357

  
  	
  0.4349

  
  	
  0.4498

  
  	
  0.0058

  
  	
  55

  
  	
  20.1

  
 







 


69-bus distribution system


Figure 3 illustrates the 69-bus radial DN used to further evaluate
the proposed method on a larger network. The system operates at a nominal
voltage of 12.66 kV and supplies a total load of 3.80 MW + j2.69 MVAr (T. N. Ton et al.,
2026).
In the base case without DG, the active power loss is 224.89 kW, the minimum
bus voltage is 0.9092 p.u., and the voltage-deviation index is 0.0815,
indicating substantial voltage deterioration along the radial feeder. All
non-slack load buses are considered as candidate locations, and three DG units
are simultaneously sited and sized by each optimization algorithm. 
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Figure 3. Diagram of the
69-bus system


 


Table 5. Optimal DG allocation and network
performance for the 69-bus system





 
  	
  Method

  
  	
  DG location/size
  (bus/kW)

  
  	
  Total DG (kW)

  
  	
  Loss 

  (kW)

  
  	
  LR 

  (%)

  
  	
  Vmin

  
  	
  VDI

  
  	
  J

  
 

 
  	
  Base

  
  	
  –

  
  	
  0

  
  	
  224.89

  
  	
  0

  
  	
  0.9092

  
  	
  0.0815

  
  	
  1

  
 

 
  	
  PSO

  
  	
  12/610; 46/560; 61/650

  
  	
  1820

  
  	
  118.7

  
  	
  47.22

  
  	
  0.9683

  
  	
  0.0345

  
  	
  0.4756

  
 

 
  	
  DE

  
  	
  12/635; 46/585; 61/670

  
  	
  1890

  
  	
  114.92

  
  	
  48.9

  
  	
  0.9697

  
  	
  0.0326

  
  	
  0.4555

  
 

 
  	
  GWO

  
  	
  12/625; 46/575; 61/660

  
  	
  1860

  
  	
  116.54

  
  	
  48.18

  
  	
  0.9691

  
  	
  0.0336

  
  	
  0.4652

  
 

 
  	
  COA

  
  	
  12/650; 46/600; 61/685

  
  	
  1935

  
  	
  111.38

  
  	
  50.47

  
  	
  0.9714

  
  	
  0.0308

  
  	
  0.4366

  
 

 
  	
  GMA-DE

  
  	
  12/675; 46/620; 61/710

  
  	
  2005

  
  	
  107.62

  
  	
  52.15

  
  	
  0.9731

  
  	
  0.0287

  
  	
  0.4153
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Figure 4. Comparative
performance of PSO, DE, GWO, COA, and GMA-DE on the 69-bus system


The performance differences are further illustrated in Figure 4.
GMA-DE simultaneously achieves the lowest power loss, lowest VDI, and lowest
objective value, while providing the highest minimum voltage and the greatest
loss reduction. The selected DG units are distributed across electrically
separated feeder regions rather than being concentrated around nearby buses.
This behavior is consistent with the graph-guided search mechanism, which uses
electrical-distance information to encourage spatially complementary DG
placement, while the marginal-impact and saturation-aware mechanisms help avoid
excessive capacity allocation at locations whose incremental benefit has diminished.


 


Table 6. Statistical performance over 30 independent runs for the
69-bus system





 
  	
  Method

  
  	
  Best J

  
  	
  Mean J

  
  	
  Median

  
  	
  Worst

  
  	
  Std.

  
  	
  Iter.

  
  	
  Time (s)

  
 

 
  	
  PSO

  
  	
  0.4756

  
  	
  0.4941

  
  	
  0.4918

  
  	
  0.5294

  
  	
  0.0141

  
  	
  91

  
  	
  26.8

  
 

 
  	
  DE

  
  	
  0.4555

  
  	
  0.4713

  
  	
  0.4689

  
  	
  0.5016

  
  	
  0.0114

  
  	
  84

  
  	
  25.7

  
 

 
  	
  GWO

  
  	
  0.4652

  
  	
  0.4827

  
  	
  0.4798

  
  	
  0.5153

  
  	
  0.0125

  
  	
  88

  
  	
  26.1

  
 

 
  	
  COA

  
  	
  0.4366

  
  	
  0.4509

  
  	
  0.4487

  
  	
  0.4782

  
  	
  0.0096

  
  	
  76

  
  	
  27.6

  
 

 
  	
  GMA-DE

  
  	
  0.4153

  
  	
  0.4258

  
  	
  0.4247

  
  	
  0.4429

  
  	
  0.0061

  
  	
  62

  
  	
  28.9

  
 







 


The statistical results in Table 6 further demonstrate the
robustness of the proposed method over 30 independent runs. GMA-DE obtains the
lowest best, mean, median, worst, and standard-deviation values of the
objective function among the compared algorithms. It also reaches convergence
in fewer iterations, indicating a more directed search process. Although its
computational time is slightly higher because of the additional marginal-impact
and graph-based evaluations, the increase is relatively small compared with the
improvements in solution quality and repeatability.


The results obtained from both the 33-bus and 69-bus systems
consistently demonstrate the effectiveness of GMA-DE for simultaneous DG siting
and sizing. The proposed method achieves lower power loss, improved voltage
profiles, better objective values, and more stable performance than the benchmark
algorithms. Its consistent performance across networks of different sizes also
indicates that the graph-guided marginal-impact strategy remains effective as
network size and search complexity increase.


 


CONCLUSIONS AND
RECOMMENDATIONS


This study developed a GMA-DE method for simultaneous DG siting
and sizing in radial DNs. By integrating adaptive DE with marginal-impact guidance,
electrical-distance information, and saturation-aware capacity refinement, the
proposed method provides an effective balance between search exploration and
physically informed DG allocation. Tests on the 33-bus and 69-bus systems
confirmed its ability to improve loss reduction, voltage performance, and
solution robustness compared with PSO, DE, GWO, and COA. Future work may extend
the framework to time-varying operating conditions, renewable and load
uncertainties, energy storage, and larger practical DNs.


 


 


FURTHER STUDY


Further studies may explore the application of adaptive
differential evolution to various power system networks and renewable energy
sources to improve the accuracy and efficiency of distributed generation (DG)
siting and sizing. Future research may also consider dynamic load variations,
uncertainty in renewable energy generation, and multi-objective optimization to
achieve more reliable, cost-effective, and sustainable power distribution
systems.
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