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Abstract

The increasing penetration of distributed generation (DG) units and electric vehicles (EVs)
has created significant challenges in minimizing real power loss in modern distribution
systems. In this paper, a hybrid Genetic Algorithm—-Monte Carlo Simulation (GA-MCS)
optimization framework is implemented for the optimal sizing and placement of DG units
in a 38-bus radial distribution system under stochastic operating conditions. The analysis
is carried out for different voltage-dependent load models considering single-, double-,
and triple-DG configurations with different EV categories. The proposed framework is
implemented using 50 Monte Carlo scenarios and 50 GA iterations under varying oper-
ating conditions. The obtained results indicate that DG2 provides the best performance
among single-DG cases in terms of real power loss minimization. In coordinated multi-DG
cases, the DG1-DG2 combination reduces real power loss by approximately 6.50-10.07%
compared with the best-performing single-DG configuration. The DG1-DG2-DG4 configu-
ration under extended-range electric vehicle (EREV) penetration achieves the minimum
real power loss with an additional reduction of approximately 11.89-11.96% with respect
to the best-performing single-DG configuration. Voltage profile analysis further confirms
the improvement in voltage magnitude after coordinated DG integration. Comparative
analysis also indicates the improved convergence characteristics of the proposed GA-MCS
framework compared with conventional GA and PSO approaches.

Keywords: distributed generation; electric vehicles; genetic algorithm; Monte Carlo
simulation; real power loss; radial distribution system

1. Introduction

Distribution networks are no longer operating under the same assumptions that
shaped their original design. The growing presence of distributed generations (DGs),
particularly renewable-based units, together with the increasing penetration of electric
vehicles (EVs), has introduced a level of variability that is difficult to ignore. Unlike
conventional demand patterns, EV charging is not only time-dependent but also behavior-
driven, while DG output, especially from solar and wind, remains inherently uncertain.
When both are in the same system, their combined effect is complex, leading to most
planning difficulties.
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Earlier studies tried to address this uncertainty in a structured way. For example,
stochastic and fuzzy formulations were used to treat DG output and EV demand as uncer-
tain variables rather than fixed inputs [1]. This was a necessary step, but it still depended
on simplified models of the practical operating characteristics of EVs. To improve the
situation, clustering-based approaches were later introduced to capture different charg-
ing patterns and make the modeling less idealized [2]. More recent work has moved
further in this direction by embedding uncertainty directly into network reconfiguration
and planning problems, such as in bi-level stochastic formulations [3]. Even so, many
of these studies remain tied to specific cases and do not fully reflect the diversity of real
distribution systems.

Because of the complexity involved, optimization methods have evolved alongside
the problem itself. Traditional deterministic techniques have largely been replaced by
metaheuristic approaches, which is mainly because the search space becomes too irregular
when DGs and EVs are considered together. Hybrid algorithms, in particular, have gained
attention. For instance, combining gray wolf optimization with particle swarm optimization
has been shown to improve convergence when identifying suitable locations for DGs and
charging stations [4]. A similar idea appears in hybrid moth flame optimization, where
different search mechanisms are blended to avoid premature convergence in multi-objective
problems [5].

At the same time, approaches based on genetic algorithms combined with Monte
Carlo simulation have been used to explicitly include randomness in the optimization
process [6]. This becomes useful when system conditions cannot be represented by a single
scenario. Review studies indicate a growing prevalence of hybrid stochastic-evolutionary
frameworks particularly when accounting for realistic load behavior [7-9].

Another shift that can be observed in the literature is the move from isolated opti-
mization toward coordinated planning. Instead of treating DGs, EV charging stations,
and storage devices separately, more recent studies consider them together within a single
framework. This has practical relevance, since these components interact at the network
level. For instance, combining DGs and EV charging infrastructure has been shown to
reduce losses and improve voltage stability in radial systems [10]. Inadequate coordination,
particularly in benchmark systems such as the CIGRE network, may result in unfavorable
outcomes, including voltage violations and increased power losses [11].

Multi-objective formulations have also been explored, especially in the context of
vehicle-to-grid (V2G) operation, where EVs are treated not only as loads but also as potential
energy sources [12]. In parallel, Al-based methods have been applied to improve siting
decisions for EV charging stations, often in combination with renewable DGs, with a focus
on system reliability [13,14].

One aspect that is still not handled consistently across most of the studies is load
modeling. A large portion of the literature continues to assume constant power loads,
which is mainly for simplicity. In practice, since loads respond to voltage variations,
ignoring this can distort the results. Some works have incorporated ZIP or other voltage-
dependent models and reported noticeable changes in optimal DG placement and loss
estimation [6,15]. A few recent contributions have attempted to combine realistic load
models with EV integration, but this remains relatively limited, particularly when multiple
DG units are involved [8].

More recent publications show a clear shift toward more application-oriented work.
These studies aim to better reflect real system conditions rather than just algorithm per-
formance. In such studies, optimization frameworks have been proposed for placing EV
charging stations within renewable-supported systems while accounting for operational
constraints [16-18]. The simultaneous operation of electric vehicles (EVs) and renewable
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distributed generators (DGs) in microgrid environments has been investigated as a means
to enhance flexibility [19,20]. There is also increasing interest in managing bidirectional
energy flow between EVs and the grid, especially using metaheuristic-based scheduling
strategies [21].

New optimization techniques continue to appear as well. The honey badger optimiza-
tion and hybrid evolutionary methods have been tested for placing EV charging stations
and have shown improvements in convergence behavior [22-24]. At the same time, robust
optimization methods that include storage, demand response, and compensation devices
have been used to deal with uncertainty better [25]. Other studies have focused on coordi-
nated EV-renewable systems using multi-stage or multi-objective formulations—often with
the aim of reducing operational expenses [26-28].

There are also examples of more comprehensive planning approaches. These include
the placement of PV-integrated EV charging stations [29], the use of DG-supported in-
frastructure for sustainable EV integration [30], and strategies for managing dynamic EV
charging demand in distribution networks [31]. Recent studies report measurable improve-
ments, and coordinated planning can significantly improve system performance, although
it usually comes with increased computational effort [17,32].

Nevertheless, most existing studies primarily emphasize isolated DG allocation, sim-
plified EV representation, or limited operating scenarios, whereas a coordinated com-
parative assessment of multiple DG configurations with different EV categories under
voltage-dependent load conditions remains comparatively limited.

Despite the progress reported in the literature, several limitations remain. First, a large
number of studies focus on single-DG configurations or limited multi-DG cases without
systematically evaluating coordinated planning across different DG combinations under
varying EV penetration conditions. Second, although different EV categories such as battery
electric vehicles (BEVs), plug-in hybrid electric vehicles (PHEVs), extended-range electric
vehicles (EREVs), and fuel cell electric vehicles (FCEVs) have been considered in several
works, their individual impact on DG placement is generally analyzed in isolation, and a
unified framework for comparative assessment is still lacking. Third, voltage-dependent
load models have been demonstrated to significantly influence system performance and
optimal planning strategies; their integration with stochastic optimization techniques in
multi-DG environments has not been sufficiently explored. These limitations reduce the
applicability of existing approaches for realistic distribution system planning.

Considering these limitations, this paper investigates the coordinated operation of
distributed generation units and electric vehicles in a radial distribution network under
different operating conditions. Instead of restricting the analysis to a particular EV category
or DG configuration, this paper performs a comparative assessment of single-, double-,
and triple-DG configurations in the presence of BEVs, PHEVs, EREVs, and FCEVs while
incorporating practical voltage-dependent load behavior. The impact of stochastic operat-
ing conditions on DG allocation and active power loss reduction is investigated by means
of an optimization approach based on hybrid GA-MCS in a 38-bus distribution system,
which is shown in Figure 1. The obtained results further demonstrate the effectiveness of
coordinated DG-EV planning under different load and EV penetration scenarios.

The major contributions of this paper are summarized as follows:

e  Ahybrid GA-MCS optimization approach is implemented for coordinated DG and EV
integration in a 38-bus radial distribution system under stochastic operating conditions.

e  Single-, double-, and triple-DG configurations are systematically investigated under
different EV penetration scenarios to analyze coordinated DG-EV integration patterns
within the distribution network.
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e  Practical voltage-dependent load representations associated with industrial, residen-
tial, commercial, and constant load models are incorporated to improve the realism of
the distribution system analysis.

e  The proposed framework is utilized to determine suitable DG locations and DG ratings
for minimizing real power loss under varying stochastic operating conditions.

e  The influence of different EV categories and load conditions on coordinated DG plan-
ning and the overall performance of the distribution system is comparatively evaluated.
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Figure 1. Single-line diagram of the 38-bus radial distribution system.

The remaining sections of this paper are organized as follows. Section 2 illustrates
the mathematical model formulation of different possible combinations of DGs with EVs.
Section 3 contains the proposed methodology. Section 4 illustrates simulation and results.
Sections 5 and 6 present the discussion and conclusions, respectively.

2. Mathematical Modeling

In this section, mathematical problem formulation for the planning of single and
multiple DGs with different types of EVs is described. In general terms, the DG units are
classified based on their active and reactive power delivered/absorbed into the system;
these are listed in Table 1. The DG1 system operates only with real power. The DG2 system
can handle both real and reactive power components as long as the leading power factor
ranges from 0.80 to 0.99. The DG3 system only supports reactive power. Alternatively, the
DG4 system has lagging power factors between 0.80 and 0.99, which means it provides the
system active power and either absorbs or injects reactive power into the system depending
on operating conditions.

Similarly, EVs are also categorized into four different forms on the basis of real and
reactive power, as detailed in Table 2. These are battery electric vehicles (BEVs), plug-in
hybrid electric vehicles (PHEVs), extended-range electric vehicles (EREVs), and fuel cell
electric vehicles (FCEVs).
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Table 1. Types of different distributed generators.

Tvpes of DGs Active Power Reactive Power Range of Examples
yp Capabilities Capabilities Power Factor P
. Solar PV systems, biogas-based
DGl Ppai ) Unity units, microturbines, and fuel cells
Leading power Gas turbines, tidal power,
DG2 Ppao Qb2 factor ranging from geothermal energy sources, and
0.80 to 0.99 diesel-based generation units

Synchronous condensers,
DG3 - Qbas Zero inductive compensation units, and
capacitor banks

Lagging power . . .
. Wind-based doubly-fed induction
DG4 Ppca +Qpcs factor ranging from
0.80 t0 0.99 generators (DFIGs)
Table 2. Types of different electric vehicles.
Active Power Reactive Power EV Energy Range
EV Category Capability Capability (KWh)
BEV Pgvs - 50-100
PHEV Pgys QEevs 1-2
EREV Pgvs QEevs 5-18
FCEV Pgvs - 15-40

The total MVA intake capacity of the main substation (Sg) is given by

o= | 2+ Qi) )

where Pg and Qg are the active and reactive power generated at generating station in MW
and MVAR, respectively.

In the case of an individual DG with the main substation, the total MVA intake of the
main substation with DG1 having only real power, DG2 having real and reactive power,
DGS3 having only reactive power, and DG4 having real and reactive power are Sgpgi,
SspG2, Ss,pG3, Ss, DG4, respectively, which are expressed by Equations (2)—(5):

Ss,pG1 = [(Ps + Ppc1)” + Qsﬂ " (2)
2 2195
Ss,pG2 = {(Ps + Ppc2)” + (Qs + Qpe2) } 3)
Ss,pG3 = [(Ps)z +(Qs + QDG3)2} " 4)
2 2195
Ss,pca = {(Ps + Ppgs)” + (Qs + Qpca) } 5)

In sequence, if the integration of a single DG with different types of EVs is deployed,
then the total MVA intake of the main substation with DG1, DG2, DG3 and DG4 with EVs
is given by Ss pG1,Ev, Ss,pG2,EV, Ss,pG3,EV, and Ss pca ey, respectively, which are shown in
Equations (6)—(9):

05
SS,DGLEV = [(Ps + Ppg1 + Peys)” + (Qs £ QEVS)Z} (6)
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05
Ss,pG2,EV = {(Ps + Ppca+Pevs)® + (Qs + Qpea £ QEVS)Z} (7)
2 2105
Ss,DG3,EV = {(Ps + Ppys)” + (Qs + Qpes £ Qevs) } (8)
5 ,705
Ss,DGa,EV = {(Ps + Ppga+Prvs)” + (Qs £ Qpca £ Qrvs) } )

If the integration of multiple DGs (two DGs at a time) with different types of EVs is
implemented in the main substation, then the total MVA intake of the main substation with
DG1 and DG2 with EVs is given by Ss pg1 pGe cv, which is given by Equation (10):

05
SS,DG1,DG2,EV = {(Ps + Ppg1 + Poca+Pevs)” + (Qs + Qpaa + QEVS)Z} (10)

Similarly, any combinations of two DGs can be integrated with EVs with the help of
the above equations.

In addition, if the integration of multiple DGs (three DGs at a time) with different
types of EVs is implemented in the main substation, then the total MVA intake of the main
substation with DG1, DG2, and DG3 with EVs is given by Ss pG1,pG2,0G3,Ev, which is given
by Equation (11):

05
Ss,DG1,DG2,DG3,EV = [(Ps + Ppc1 + Poca+Pevs)® + (Qs + Qpez + Qpes + QEVS)2} (11)

Similarly, any combination of three DGs can be integrated with EVs with the help of
the above equations.

The objective function for the optimal sizing and location of DGs inside a distribution
system is a reduction in the total real power loss of the system, which is represented by
Pyoss,ij and formulated in Equation (12):

P + Qi

r Tl €N (12)
1

Loss,ij —

In Equation (12), r;; is the resistance in the line section between bus i and bus j, V;
is the bus voltage of the ith bus, and Pp,; ; is a function of all system bus voltage and
line resistance.

In the planning of single or multiple DGs with EVs in a distribution system, voltage-
dependent load models are adopted along with a constant load model, as presented in
Table 3. Practical voltage-dependent load models like industrial load, residential load,
and commercial load have been tested [33]. The mathematical formulations are given by
Equations (13) and (14):

P,=PylV;I¥ (13)

Qi=QlIV;IY (14)

In the above equation, x and y are the exponents of active power and reactive
power, respectively.
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Table 3. Different types of voltage-based static load models [33].
Exponent of Active Exponent of Reactive
Loads Category Power (x) Power (y)
Constant load model 0 0
(CNL)
Industrial load model
(IDL) 0.18 6
Residential load model
(RSL) 0.92 4.04
Commercial load model
(CML) 1.51 34

3. Proposed Methodology
3.1. Genetic Algorithm for Active Power Loss Minimization

A genetic algorithm (GA) is a population-driven evolutionary optimization approach
derived from the principle of natural selection. In distribution system planning, a GA is
particularly effective for addressing nonlinear, nonconvex, and combinatorial optimization
problems, such as the following:

e  Optimal DG allocation and sizing.

e  Optimal placement and penetration of EVs.

e  Minimization of active/real power loss (RPL) under bus voltage limits and DG capacity
(MVA) constraints.

GA iteratively improves solutions using;

e  Selection—by favoring low-loss solutions.
e  Crossover—by exchanging good features.
e  Mutation—by diversifying the search space.

In the GA formulation for RPL minimization, each chromosome represents a candidate
network configuration, where genes encode binary variables for DG and EV bus locations
and continuous or discrete variables for DG and EV sizing,.

3.1.1. Advantages of GA

It is efficient for large and discrete search spaces.
It does not require gradient information.
It avoids premature convergence better than classical methods.

It is well suited for the integration of DG-EV placement problems.

3.1.2. Limitations of GA

e InaGA, deterministic evaluation assumes fixed load and EV behavior.
e Itis sensitive to uncertainty in EV arrival and departure and load variability.
e Its fitness may be misleading under stochastic operating conditions.

3.2. Monte Carlo Simulation for Active Power Loss Minimization

Monte Carlo simulation (MCS) is a probabilistic technique that evaluates system per-
formance under uncertainty by repeatedly sampling random variables such as load demand
(SLMs, ZIP load models), EV charging/discharging patterns, DGs and EVs availability, and
component outages or islanding conditions.

https://doi.org/10.3390/en19143284
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3.2.1. Advantages of MCS

e Itaccurately captures stochastic behavior.
e Itevaluates reliability and congestion probability.
e It provides expected and worst-case RPL.

3.2.2. Limitations of MCS

e It requires numerous iterations to be accurate.
e Itis computationally expensive for large scenario sets.
e It cannot directly search for optimal DG-EV placement.

3.3. Hybrid GA-MCS Optimization Technique for Active Power Loss Reduction

Hybrid GA-MCS optimization is more suitable because this approach combines
the optimization capability of GAs and the uncertainty modeling capability of an MCS.
Therefore, within the GA-MCS hybrid framework, the initial population was generated
using predefined data sets, and the GA fitness function then chose their final values based
on the MCS decision-making capability. In hybrid GA-MCS optimization, the GA generates
candidate DG-EV configurations, and the MCS evaluates each candidate under multiple
stochastic scenarios.

Mathematical Formulation of the Hybrid GA-MCS Framework

The hybrid GA-MCS optimization framework is mathematically formulated as a
constrained stochastic optimization problem for minimizing the total real power loss of
the radial distribution system under different EV penetration conditions and voltage-
dependent load models. In the proposed framework, the genetic algorithm (GA) performs
an optimal search for DG sizing and placement, whereas the Monte Carlo simulation
(MCS) evaluates the performance of each candidate solution under multiple stochastic
operating scenarios.

The primary optimization objective for the proposed GA-MCS framework is
defined as

Min f = E[PLys;s | (15)

where f represents the fitness function of the proposed hybrid GA-MCS framework
and E[Pj,s] denotes the expected real power loss evaluated over all Monte Carlo
operating scenarios.

The optimization process is subjected to several operational constraints to maintain
feasible system operation. The bus voltage magnitude constraint is represented as

Vmin < Vz < Vinax (16)

where V; is the voltage magnitude at the ith bus, while V,,,;, and V;4x denote the permissible
lower and upper voltage limits, respectively.
The DG generation capacity constraint is expressed as

Ppg,™™" < Ppg, < Ppg,™™ (17)

where Ppg ; represents the active power generated by the ith DG unit, while Ppg ;" and
Ppg,™* indicate the minimum and maximum DG operating capacities.
Similarly, the power balance constraints for active and reactive powers are maintained

during the optimization process and can be expressed as
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NDG
Ps+ Y Ppg,; = Pp + Pross + Py (18)
i=1
NDG
Qs+ Y. Qbc,i = Qb + Qross + Qrv (19)

i=1
where Pp and Qp represent the active and reactive load demands; Pry and Qfy represent
EV charging demands; Ppg; and Qpg,; denote the active and reactive powers generated
by the ith DG unit; and Npg represents the total number of DG units integrated into the
distribution system.

Within the proposed framework, each chromosome generated by the GA represents a
candidate DG-EV configuration consisting of DG locations, DG capacities, and correspond-
ing EV operating conditions. For every chromosome, Monte Carlo simulation repeatedly
evaluates the objective function under different stochastic load and EV scenarios. The final
fitness value is then determined using the expected real power loss over all considered
Monte Carlo scenarios. This combined stochastic-evolutionary optimization process im-
proves the robustness of the obtained solution and reduces the possibility of premature
convergence under uncertain operating conditions.

The algorithm steps for this hybrid GA-MCS technique are as follows:

Step 1: Initialize a population of chromosomes whose length equals the number of candi-
date buses. Each gene is encoded in binary form, where “1” denotes an active bus
and “0” denotes an inactive bus. All existing buses in the network are considered
active by default.

Step 2:  Select one chromosome from the population and perform simulation studies.
For the active buses indicated by the chromosome, evaluate the radial distribu-
tion system by computing the active power loss, substation MVA loading, and
corresponding bus locations.

Step 3: Choose one load scenario from the predefined set of static load models (SLMs),
considering any one possible load condition in various voltage-dependent
load models.

Step 4: After that, by using MCS, randomly remove a predefined number of buses from
the chromosome to generate a modified bus string along with a corresponding
off-bus configuration for DGs and EVs.

Step 5:  Now, verify the feasibility of system operation under the modified configuration.
If islanding or infeasible operation is detected, return to Step 4 and regenerate
the configuration.

Step 6: If any DGs or EVs are eliminated during the MCS optimization, replace them
with higher-capacity DG and EV units. To maintain balance across different SLM
conditions, deploy single or multiple DGs with EVs according to a merit-order—
based allocation strategy.

Step 7: Continue the power flow analysis for the remaining buses. Record power flow
results for all active buses in the network.

Step 8: Repeat Step 4 and Step 5 under MCS for a large number of random scenarios to
capture system uncertainty.

Step9: Repeat Step 3 for all possible load scenarios derived from the load—duration or
load—variation curve.

Step 10: Compute the corresponding real power loss, MVA loading, and bus locations for
each evaluated scenario.

Step 11: Determine the minimum real power loss obtained among all evaluated configura-
tions of the 38 bus system.
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Step 12: If both the MVA loading and real power loss satisfy predefined low or acceptable
limits, proceed directly to Step 18.

Step 13: Using the stored power-flow results, estimate the congestion probability for each
active bus in the distribution system.

Step 14: Construct a roulette-wheel selection mechanism for each active bus based on its
congestion probability. Then, update the bus status probabilistically by applying
the roulette-wheel selection method.

Step 15: Recalculate the total optimal real power loss for the updated network configuration.

Step 16: Return to Step 10 to reassess the performance metrics for the revised configuration.

Step 17: Return to Step 2 and repeat the evaluation for the next chromosome in the
GA population.

Step 18: Using the defined objective function, identify the optimal system configuration
that yields the minimum total real power loss through the hybrid GA-MCS
optimization framework.

3.4. GA-MCS Parameter Settings

The performance of the proposed GA-MCS optimization framework depends on
the appropriate selection of the algorithm control parameters. The parameter settings
adopted in this paper were selected based on repeated simulation trials to maintain a
balance between convergence characteristics, computational effort, and solution stability.
Table 4 summarizes the principal parameters used in the implementation of the proposed
optimization framework.

Table 4. GA-MCS parameter settings.

Parameter Value
Population size 60
Survived population size 30
Maximum GA iterations 50
Monte Carlo scenarios 50
GA cycles per MCS scenario 6
Mutation probability 0.05
DG MVA encoding length 10-bit
DG power factor encoding length 7-bit
Bus-location encoding length 7-bit
Load-flow convergence tolerance 42 x 1077
Base power (MVA base) 1 MVA

4. Simulation and Results

In the planning of single or multiple DGs with EVs in a distribution system, a 38-bus
radial distribution system is adopted for testing. The performance of DGs with or without
EVs is investigated on the basis of different voltage-dependent load models along with
a constant load model. The analysis is carried out under different operating scenarios,
including individual DG integration, double-DG integration, and triple-DG integration
with different EV categories using the proposed hybrid GA-MCS optimization framework.

Before discussing the detailed simulation scenarios, the convergence characteristics
and comparative validation of the proposed optimization framework are presented to
demonstrate the effectiveness of the adopted GA-MCS approach for real power loss mini-
mization under stochastic operating conditions.
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4.1. Comparative Convergence Characteristics of the Optimization Methods

The comparative convergence characteristics of the optimization methods are shown
in Figure 2. It can be observed that the proposed GA-MCS framework achieves faster
convergence and lower real power loss compared with the conventional GA and PSO
approaches. During the initial iterations, all optimization methods exhibit a rapid reduction
in real power loss; however, the proposed GA-MCS approach demonstrates improved
convergence stability and reaches a lower minimum loss value under stochastic operating
conditions. The improved convergence behavior is mainly attributed to the combined
search capability of the genetic algorithm and the stochastic evaluation process incorporated
through Monte Carlo simulation.

Comparative Convergence Characteristics of GA, PSO and Proposed GA-MCS

0.028 A B
= Conventional GA

PSO
0.026 1 —— Proposed GA-MCS

0.024
0.022 1
0.020
0.018 1

0.016

Minimum Real Power Loss (MW)

0.014 1

0.012

(') 1|0 2|0 3'0 4IO 5'0
Iteration Number

Figure 2. Comparative convergence characteristics of a conventional GA, PSO, and the proposed
GA-MCS optimization framework for reducing real power loss.

4.2. Comparative Validation of the Proposed GA-MCS Optimization Framework

To further validate the effectiveness of the proposed GA-MCS framework, a represen-
tative comparison was carried out for the best-performing triple-DG configuration—i.e.,
DG1, DG2, and DG4—under EREV penetration. The comparative results listed in Table 5
indicate that the proposed GA-MCS approach achieves lower real power loss and improved
convergence response compared with conventional GA and PSO methods. The improved
performance is mainly attributed to the combined optimization capability of GA and the
stochastic evaluation process incorporated through Monte Carlo simulation.

Table 5. Comparative validation of conventional GA, PSO, and proposed GA-MCS optimization
methods for active power loss reduction.

Minimum RPL Convergence
Method (MW) Iteration Remark
Conventional GA 0.0146 50 Baseline method
PSO 0.0134 43 Benchmark method
Best convergence
Proposed GA-MCS 0.0121 35 and lowest RPL
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4.3. Statistical Performance Under Monte Carlo Scenarios

To further evaluate the stochastic performance of the proposed GA-MCS framework,
statistical performance analysis was performed with 50 Monte Carlo simulation scenarios
under different loading conditions. The mean loss, standard deviation, best loss, and
worst loss values were calculated based on the optimization results and are summarized in
Table 6 to evaluate the stability and consistency of the proposed framework under uncertain
operating conditions.

Table 6. Statistical performance of the proposed GA-MCS framework under different Monte Carlo
loading scenarios.

Load Mean Loss Standard Best Loss Worst Loss
Condition MW) Deviation MW) MW)
Peak load 0.0467 0.00369 0.03969 0.05421

Medium load 0.02314 0.00202 0.02008 0.02748
Low load 0.0151 0.0015 0.0126 0.01787

The statistical results in Table 6 further demonstrate that the proposed GA-MCS
framework can maintain a stable optimization performance under different stochastic
loading conditions. The relatively small standard deviation values indicate limited variation
in the obtained minimum real power losses over different Monte Carlo scenarios. In
addition, the low difference between best and worst loss values indicates stable performance
and convergence consistency of the proposed optimization framework for coordinated
DG-EV planning in radial distribution systems.

4.4. Scenario I—Individual DG with Different EV's

In this scenario, four categories of DG—i.e., DG1, DG2, DG3, and DG4—are imple-
mented individually with different EVs (BEV, PHEV, EREV, and FCEV), which are discussed
earlier in this paper, on different static load models (SLMs).

4.4.1. Case 1: DG1 Alone with Different EVs

In this case, DG1 having a unity power factor that is integrated with different EVs, the
performance of DG1 under different EV penetration conditions is reported in Table 7, in
which the optimal value of active power loss (P,s;), optimal sizing and siting of DG1 are
represented for each SLM.

Table 7. Performance of DG1 under EV penetration for different load models.

Operating Condition

of Single DG (DG1) DG Pf Load Model Pross (MW) MVA (DG1) Location of DG1
CNL 0.01575 1.1269 6
DL 0.01625 1.1338 11
Absence of EVs 1.0 RSL 0.01710 0.9412 13
CML 0.01628 1.1304 14
CNL 0.01419 1.1162 26
DL 0.01525 1.1225 6
Presence of BEVs 1.0 RSL 0.01539 0.9321 26
CML 0.01516 1.1282 6
CNL 0.01410 1.1258 6
IDL 0.01513 1.1225 28
Presence of PHEVs 1.0 RSL 0.01559 0.9321 %
CML 0.01504 1.1282 26
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Table 7. Cont.

Operating Condition

of Single DG (DG1) DG Pf Load Model Pross (MW) MVA (DG1) Location of DG1
CNL 0.01406 1.1102 26
IDL 0.01502 1.0256 26
Presence of EREVs 1.0 RSL 0.01550 1.1252 o7
CML 0.01500 1.0239 6
CNL 0.01433 1.1352 26
IDL 0.01517 1.1252 6
Presence of FCEVs 1.0 RSL 0.01563 1.1321 6
CML 0.01508 1.1262 26

4.4.2. Case 2: DG2 Alone with Different EVs

In this case, DG2 with a 0.85 leading power factor is integrated with different EVs;
the optimal value of active power loss (Pf,;) and the suitable siting and sizing of DG2 are
represented for each SLM, as detailed in Table 8.

Table 8. Performance of DG2 under EV penetration for different load models.

Operating Condition .

of Single DG (DG2) DG Pf Load Model Pross (MW) MVA (DG2) Location of DG2

CNL 0.01522 1.0894 28

IDL 0.01637 0.9404 29

Absence of EVs 0.85 lead RSL 0.01685 1.1326 o7

CML 0.01622 1.1394 28

CNL 0.01414 1.0625 30

IDL 0.01462 0.9320 31

Presence of BEVs 0.85 lead RSL 0.01572 1.1375 28

CML 0.01452 1.1162 26

CNL 0.01402 1.1142 28

IDL 0.01454 1.1032 28

Presence of PHEVs 0.85 lead RSL 0.01530 1.1435 27

CML 0.01452 1.1225 31

CNL 0.01380 1.0926 29

IDL 0.01450 1.1162 27

Presence of EREVs 0.85 lead RSL 0.01526 1.1025 27

CML 0.01446 1.1002 28

CNL 0.01406 1.1250 28

IDL 0.01479 1.1693 30

Presence of FCEVs 0.85 lead RSL 0.01556 1.1340 27

CML 0.01476 1.1324 28

4.4.3. Case 3: DG3 Alone With or Without EVs

Furthermore, DG3 alone having zero power factor is integrated with different EVs; the
performance of DG3 alone with or without EVs is obtained in terms of the optimal value
of real power loss (P} ss) as well as the optimal placement and sizing of DG3, which are
represented for each SLM, as shown in Table 9.
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Table 9. Performance of DG3 under EV penetration for different load models.

Operating Condition

of Single DG (DG3) DG Pf Load Model Pross (MW) MVA (DG3) Location of DG3
CNL 0.02612 1.1198 30
IDL 0.02820 1.0696 28
Absence of EVs 0.0 RSL 0.02761 0.6017 30
CML 0.02740 1.1305 30
CNL 0.02350 1.1185 26
IDL 0.02523 1.1279 28
Presence of BEVs 0.0 RSL 0.02480 1.1048 30
CML 0.02470 1.1293 31
CNL 0.02330 1.1244 30
IDL 0.02521 1.1314 30
Presence of PHEVs 0.0 RSL 0.02482 0.7061 29
CML 0.02450 1.1281 28
CNL 0.02325 1.1198 28
IDL 0.02520 1.0696 30
Presence of EREVs 0.0 RSL 0.02460 0.6017 o8
CML 0.02440 1.1305 28
CNL 0.02413 1.1266 30
IDL 0.02470 0.6934 30
Presence of FCEVs 0.0 RSL 0.02558 0.6340 28
CML 0.02590 1.1324 31

4.4.4. Case 4: DG4 Alone with Different EVs

In sequence, DG4 alone having a power factor of 0.85 lagging is integrated with
different EVs; the performance of DG4 alone with or without EVs is obtained in terms of
the optimal value of active power loss (Ppss), DG allocation, and sizing of DG4, which are
represented for each SLM, as shown in Table 10.

Table 10. Performance of DG4 under EV penetration for different load models.

Operating Condition .

of Single DG (DG4) DG Pf Load Model Pross (MW) MVA (DG4) Location of DG4

CNL 0.01670 1.1181 6

IDL 0.01630 1.1360 9

Absence of EVs 0.85 lag RSL 0.01960 1.1326 14

CML 0.01630 1.1282 28

CNL 0.01570 11175 14

IDL 0.01532 1.1160 28

Presence of BEVs 0.85 lag RSL 0.01842 1.1136 30

CML 0.01532 1.1282 31

CNL 0.01536 1.1272 30

IDL 0.01500 1.1056 30

Presence of PHEVs 0.85 lag RSL 0.01803 1.1362 29

CML 0.01500 1.1422 28

CNL 0.01503 1.0923 28

DL 0.01467 1.1062 30

Presence of EREVs 0.85 lag RSL 0.01764 11125 28

CML 0.01467 1.1204 28
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Table 10. Cont.

Operating Condition

of Single DG (DG4) DG Pf Load Model Pross (MW) MVA (DG4) Location of DG4
CNL 0.01553 1.1248 30
IDL 0.01516 1.1252 30
Presence of FCEVs 0.85 lag RSL 0.01823 1.1134 28
CML 0.01516 1.1224 31

4.5. Scenario [I—Multiple DGs (Two DGs at a Time) with Different EV's

In this scenario, all of the possible combinations of a set of two DGs—i.e., DG1 and
DG2, DG2 and DG3, DG3 and DG4, DG4 and DG1, DG1 and DG3, and DG2 and DG4—are
integrated with different EVs in a 38-bus radial distribution system for different SLMs. All
six possible cases are discussed from case 5 to case 10.

4.5.1. Case 5: Integration of DG1 and DG2 with Different EVs

In this case, the combination of DG1 and DG2 is integrated with different EVs. Table 11
presents the analysis of different parameters, like real power loss (Pp,ss) and the optimal
locations of both DGs and sizing.

Table 11. Performance of DGland DG2 under EV penetration for different load models.

Operating Locations of
Condition of Pf (DG]1,
Double DGe DGC2) Load Model  Pp,.. (MW) MVA (DG1) MVA (DG2) DRGI anctlinlcz,
(DG1 + DG2) espectively
CNL 0.01449 0.9353 0.8933 30, 18
Absence of | (.85 lead IDL 0.01462 0.9411 0.7711 30,17
EVs Yrueodea RSL 0.01556 0.7812 0.9287 29,18
CML 0.01460 0.9382 0.9343 30,18
CNL 0.01275 0.9264 0.8713 32,18
Presence of 1 .85 Jead IDL 0.01316 0.9317 0.7642 31,18
BEVs s 0.00 lea RSL 0.01387 0.7736 0.9328 32,17
CML 0.01308 0.9364 0.9153 31,18
CNL 0.01264 0.9344 0.9136 29,18
Presence of 1.0. 0.85 lead IDL 0.01309 0.9317 0.9046 30,17
PHEVs U 0.00 lea RSL 0.01378 0.7736 0.9377 29,17
CML 0.01308 0.9364 0.9205 30,18
CNL 0.01241 0.9215 0.8959 31,18
Presence of 1.0. 0.85 lead IDL 0.01352 0.8512 0.9153 30,18
EREVs oy 000 fea RSL 0.01396 0.9339 0.9041 31,17
CML 0.01352 0.8498 0.9022 30,18
CNL 0.01291 0.9422 0.9225 28,17
Presence of 1 0.85 lead IDL 0.01333 0.9339 0.9588 29,18
FCEVs -y Ue0 fea RSL 0.01401 0.9396 0.9299 28,18
CML 0.01329 0.9347 0.9286 29,17

4.5.2. Case 6: Integration of DG2 and DG3 with Different EVs

Similar to the previous case, now a combination of DG2 having a power factor of
0.85 leading with DG3 having zero power factor is integrated with different EVs in all
voltage-dependent static load models. The optimal location of individual DGs and the
sizing are obtained for reductions in real power loss, as reported in Table 12.
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Table 12. Performance of DG2 and DG3 under EV penetration for different load models.

Cgrrl);irtait(:rl:gof Pf (DG2 Locations of
Double DGs DG3) Load Model  Pp,ss (MW) MVA (DG2) MVA (DG3) D[{(i: a::tii‘],)e?f},
(DG2 + DG3) 1% y
CNL 0.01389 0.9151 0.9518 30, 25
Absence of 0.85 lead. 0.0 IDL 0.01495 0.7899 0.9092 30, 24
EVs o0 tead, T RSL 0.01537 0.9514 0.5114 29, 25
CML 0.01482 0.9571 0.9609 30, 24
CNL 0.01292 0.8925 0.9507 32,24
Presence of 0.85 lead. 0.0 IDL 0.01338 0.7829 0.9587 32,25
BEVs o0 tead, L. RSL 0.01434 0.9555 0.9391 32,24
CML 0.01329 0.9376 0.9599 32,25
CNL 0.01276 0.9359 0.9557 29,25
Presence of 0.85 lead. 0.0 IDL 0.01328 0.9267 0.9617 29,24
PHEVSs o0 tead, T RSL 0.01397 0.9605 0.6002 30,25
CML 0.01325 0.9429 0.9589 29,24
CNL 0.01254 0.9178 0.9518 31,24
Presence of 0.85 lead. 0.0 IDL 0.01318 0.9376 0.9092 31,25
EREVs ‘o0 lead, U. RSL 0.01387 0.9261 0.5114 31,24
CML 0.01315 0.9242 0.9609 31, 25
CNL 0.0128 0.9450 0.9576 28,25
Presence of 0.85 lead. 0.0 IDL 0.01346 0.9822 0.5894 28,24
FCEVs o0 tead, T RSL 0.01419 0.9526 0.5389 28,25
CML 0.01346 0.9512 0.9625 28,24
4.5.3. Case 7: Integration of DG3 and DG4 with Different EVs
Similarly, a combination of DG3 having zero power factor with DG4 having a 0.85
lagging power factor is integrated with different EVs in all voltage-dependent static load
models. The results of GA-MCS optimization for the real power loss, individual sizing and
locations of the DGs are shown in Table 13.
Table 13. Performance of DG3 and DG4 under EV penetration for different load models.
Operating .
Locations of
Condition of Pf (DG3,
Double DGs DG4) Load Model Pross (MW) MVA (DG3) MVA (DG4) DRCe;g aerz(tii‘l,)ef4,
(DG3 + DG4) P y
CNL 0.01553 0.9742 0.9616 25,33
Absence of 0.0.85 la IDL 0.01515 0.9306 0.9770 24,32
EVs an 8 RSL 0.01822 0.5235 0.9740 25, 32
CML 0.01515 0.9835 0.9703 24,33
CNL 0.01456 0.9731 0.9611 26, 34
Presence of 0085 la IDL 0.01421 0.9813 0.9598 25,33
BEVs an & RSL 0.01709 0.9612 0.9577 26,33
CML 0.01421 0.9825 0.9703 25,34
CNL 0.01423 0.9782 0.9694 24,32
Presence of 0.085 la IDL 0.01388 0.9843 0.9508 25,31
PHEVs a & RSL 0.01669 0.6143 0.9771 24,31
CML 0.01388 0.9814 0.9823 25, 32
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Table 13. Cont.

Operating Locations of
Condition of Pf (DG3,
Double DGs DG4) Load Model Pyposs (MW) MVA (DG3) MVA (DG4) DR(i: a;cctii‘]ifél,
(DG3 + DG4) P y
CNL 0.01389 0.9742 0.9394 26, 33
Presence of 0. 0.85 la IDL 0.01356 0.9306 0.9513 26,32
EREVs an & RSL 0.01631 0.5235 0.9568 25,33
CML 0.01356 0.9835 0.9635 26, 33
CNL 0.01439 0.9801 0.9673 23,31
Presence of 0.0.85 la IDL 0.01405 0.6033 0.9677 24,32
FCEVs a & RSL 0.01689 0.5516 0.9575 23,32
CML 0.01404 0.9852 0.9653 24,31
4.5.4. Case 8: Integration of DG4 and DG1 with Different EVs
Following the previous cases, the coordinated integration of DG4 and DG is investi-
gated for different voltage-dependent static load models in the presence of different EVs.
The detailed results are tabulated in Table 14.
Table 14. Performance of DG4 and DG1 under EV penetration for different load models.
Operating .
Locations of
Condition of Pf (DG4,
Double DGs DG1) Load Model Pross (MW) MVA (DG4) MVA (DG1) DRG4 ancti. D?l,
(DG4 + DG1) espectively
CNL 0.01445 0.9504 0.9466 33, 30
Absence of 085 lag. 1.0 IDL 0.01489 0.9656 0.9524 32,30
EVs ’ & & RSL 0.01568 0.9627 0.7906 32,29
CML 0.01493 0.9590 0.9495 33, 30
CNL 0.01298 0.9499 0.9376 34,32
Presence of 085 lag. 1.0 IDL 0.01395 0.9486 0.9429 33,31
BEVs ’ & & RSL 0.01408 0.9466 0.7830 34,32
CML 0.01387 0.9590 0.9477 33, 31
CNL 0.01289 0.9581 0.9457 32,29
Presence of 0.85 lag. 1.0 IDL 0.01385 0.9398 0.9429 31, 30
PHEVs ) O RSL 0.01426 0.9658 0.7830 32,29
CML 0.01376 0.9709 0.9477 31, 30
CNL 0.01286 0.9285 0.9326 33, 31
Presence of 0.85 lag. 1.0 IDL 0.01377 0.9403 0.8615 32,30
EREVs ’ O RSL 0.01416 0.9456 0.9452 33, 30
CML 0.01374 0.9523 0.8601 32,31
CNL 0.01312 0.9561 0.9536 31,28
Presence of 085 lag. 1.0 IDL 0.01388 0.9564 0.9452 30, 29
FCEVs ’ & & RSL 0.01431 0.9464 0.9510 31,29
CML 0.01381 0.9540 0.9460 30, 28

4.5.5. Case 9: Integration of DG1 and DG3 with Different EVs

In the subsequent case, a combined set of DG1 and DG3 is examined with different
EVs. The same GA-MCS framework is applied to obtain the optimal locations and sizing
of each DG to achieve minimum real power loss; the observations are tabulated in Table 15.
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Table 15. Performance of DG1 and DG3 under EV penetration for different load models.

Operating Location of
Condition of Pf (DG1,
Double DGs DG3) Load Model Pross (MW) MVA (DG1) MVA (DG3) DRGl ancti'D?S,
(DG1 + DG3) espectively
CNL 0.01451 0.9579 0.9630 30, 25
Absence of 1.0.0 IDL 0.01497 0.9637 0.9199 30,24
EVs " RSL 0.01575 0.8000 0.5175 29,25
CML 0.01496 0.9608 0.9722 30, 24
CNL 0.01306 0.9488 0.9619 32,26
Presence of 1.0.0 IDL 0.01404 0.9541 0.9700 31,25
BEVs it RSL 0.01417 0.7923 0.9501 32,25
CML 0.01394 0.9590 0.9712 31,26
CNL 0.01296 0.9569 0.9670 29,24
Presence of 1.0.0 IDL 0.01391 0.9541 0.9730 30, 25
PHEVs it RSL 0.01432 0.7923 0.6072 29,24
CML 0.01382 0.9590 0.9702 30, 25
CNL 0.01292 0.9437 0.9630 31,25
Presence of 1.0.0 IDL 0.0138 0.8718 0.9199 30, 24
EREVs Y RSL 0.01424 0.9564 0.5175 31,24
CML 0.01378 0.8703 0.9722 30, 25
CNL 0.01318 0.9649 0.9689 28,23
Presence of 10.0 IDL 0.01395 0.9564 0.5963 29,24
FCEVs " RSL 0.01438 0.9623 0.5452 28, 24
CML 0.01387 0.9573 0.9739 29,23
4.5.6. Case 10: Integration of DG2 and DG4 with Different EVs
Finally, the last double-DG configuration—i.e., DG2 and DG4—is integrated with
different EVs to minimize real power loss. The optimized results are reported in Table 16.
Table 16. Performance of DG2 and DG4 under EV penetration for different load models.
ngg;;t;;lgo ¢ Locations of
Double DGs Pf (DG2, DG4) Load Model Pross MW) MVA (DG2) MVA (DG4) DG2and DG4,
(DG2 + DG4) Respectively
CNL 0.01378 0.9042 0.9392 18, 33
Absence of IDL 0.01483 0.7805 0.9542 17,32
EVs 0.85 lead, 0.85 lag RSL 0.01526 0.9401 0.9514 18, 32
CML 0.01469 0.9457 0.9477 17,33
CNL 0.01281 0.8819 0.9387 18, 34
Presence of IDL 0.01324 0.7736 0.9374 18, 33
BEVs 0.85 lead, 0.85 lag RSL 0.01423 0.9441 0.9354 17,34
CML 0.01315 0.9264 0.9477 18, 33
CNL 0.01270 0.9248 0.9468 17,32
Presence of IDL 0.01364 0.9157 0.9287 18, 31
PHEVs 0.85 lead, 0.85 lag RSL 0.01385 0.9491 0.9544 17,31
CML 0.01314 0.9317 0.9594 18, 32
CNL 0.01248 0.9069 0.9175 18, 33
Presence of IDL 0.01312 0.9264 0.9292 17,32
EREVs 0.85lead, 0.85 lag RSL 0.01381 0.9151 0.9345 18, 32
CML 0.01310 0.9132 0.9411 17,33
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Table 16. Cont.

Operating L ; ‘
Condition of ocations o
Double DGs  Tf(PG2,DG4)  Load Model  Pross (MW)  MVA (DG2) MVA (DG4) DG2and DG4,
(DG2 + DG4) Respectively

CNL 0.01274 0.9338 0.9448 16, 30

Presence of IDL 0.01338 0.9705 0.9452 17,31

FCEVs 085 lead, 0.85 lag RSL 0.01421 0.9412 0.9353 16, 31
CML 0.01335 0.9399 0.9428 17,30

4.6. Scenario III—Multiple DGs (Triple DGs at a Time) with Different EVs

In this scenario, for the comparative assessment, all the possible combinations of a set
of triple DGs are integrated with different EVs in a 38-bus radial distribution system for
different voltage-dependent SLMs. All the four possible cases are discussed from case 11
to casel4.

4.6.1. Case 11: Integration of DG1, DG2, and DG3 with Different EVs

The simultaneous integration of three DG sets—i.e., DG1, DG2 and DG3—is investi-
gated with different EVs to find the combined impact of these to minimize the real power
loss. The optimal siting and sizing of the three DG units obtained using the GA-MCS
framework are illustrated in Table 17.

Table 17. Performance of DG1, DG2 and DG3 under EV penetration for different load models.

Locations of

Ope;ftT‘;}IgﬂS‘]’;‘g‘;“’“ Pf (DG1, Load Plos MVA MVA MVA  DGI, DG,
(DG1+DG2 + bG3) PG DG3)  Model (MW) (DG1) (DG2) (DG3) and DG,
Respectively
CNL 0.01348 0.8339 0.7844 0.8399 28,30, 25
Ab BV 1.0,0.85 IDL 0.01450 0.8390 0.6771 0.8022 27,29, 24
sence ot Vs lead, 0 RSL 0.01492 0.6965 0.8155 0.4513 27,29, 25
CML 0.01436 0.8365 0.8204 0.8479 27,29, 24
CNL 0.01252 0.8260 0.7650 0.8389 29,32, 24
b ¢ BEV 1.0,0.85 IDL 0.01295 0.8307 0.6710 0.8459 28,31, 25
resence o s lead, 0 RSL 0.01392 0.6898 0.8190 0.8286 28,31, 24
CML 0.01286 0.8349 0.8037 0.8470 28,31, 25
CNL 0.01242 0.8331 0.8022 0.8433 27,29, 25
b ¢ PHEV 1.0,0.85 DL 0.01288 0.8307 0.7943 0.8486 26,28, 24
resence o s lead, 0 RSL 0.01355 0.6898 0.8233 0.5296 26,28, 25
CML 0.01286 0.8349 0.8082 0.8461 26,28, 24
CNL 0.01222 0.8215 0.7867 0.8399 29,31, 24
P ¢ EREV 1.0,0.85 IDL 0.01284 0.7589 0.8037 0.8022 28,30, 25
resence o S lead, 0 RSL 0.01351 0.8326 0.7938 0.4513 28,30, 24
CML 0.01282 0.7577 0.7921 0.8479 28,30, 25
CNL 0.01245 0.8400 0.8100 0.8450 26,28, 25
b ¢ FCEV 1.0,0.85 IDL 0.01310 0.8326 0.8419 0.5201 25,27, 24
resence o s lead, 0 RSL 0.01378 0.8378 0.8165 0.4755 25,27, 25
CML 0.01308 0.8334 0.8153 0.8493 25,27, 24

4.6.2. Case 12: Integration of DG2, DG3, and DG4 with Different EVs

Similarly, DG2 having a 0.85 leading power factor is integrated with DG3 having zero
power factor and DG4 having a 0.85 lagging power factor in the presence of different EVs.
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In this case, a balanced combination of active and reactive power contributions has been
provided to achieve minimum real power loss. The optimized results obtained using the
GA-MCS framework are tabulated in Table 18.

Table 18. Performance of DG2, DG3 and DG4 under EV penetration for different load models.

Location of

Opf;t;gf’lf‘]’;‘gg“’“ Pf (DG2, Load Ploss MVA MVA MVA DG2, DG3,
(DG2 + DG3 + DG4) DG3, DG4) Model (MW) (DG2) (DG3) (DG4) and DQ4,
Respectively
CNL 0.01358 0.7953 0.8510 0.8274 30, 25, 31
Ab FEV 0.85lead, O, IDL 0.01454 0.6865 0.8129 0.8406 29, 24, 30
sence ot BVs 0.85 lag RSL 0.01503 0.8268 0.4573 0.8381 29,25, 30
CML 0.01447 0.8318 0.8592 0.8349 29,24, 30
CNL 0.01261 0.7756 0.8501 0.8270 32,24,33
P (BEV 0.85 lead, 0, IDL 0.01303 0.6804 0.8572 0.8258 31, 25, 32
resence o S 0.85 lag RSL 0.01401 0.8304  0.8396  0.8241 31,24,32
CML 0.01294 0.8148 0.8583 0.8349 31, 25,32
CNL 0.01249 0.8134 0.8545 0.8341 29,25, 30
P ¢ PHEV 0.85 lead, 0, IDL 0.01296 0.8053 0.8599 0.8181 28, 24,29
resence o S 0.85 lag RSL 0.01363 0.8348 0.5366  0.8408 28, 25,29
CML 0.01293 0.8194 0.8574 0.8452 28, 24,29
CNL 0.01229 0.7976 0.8510 0.8083 31, 24, 32
P f EREV 0.85 lead, 0, IDL 0.01290 0.8148 0.8129 0.8186 30, 25,31
resence o S 0.85 lag RSL 0.01359 0.8048 0.4573 0.8233 30, 24, 31
CML 0.01289 0.8031 0.8592 0.8291 30, 25, 31
CNL 0.01253 0.8213 0.8562 0.8324 28, 25,29
P fFCEV 0.85 lead, O, IDL 0.01318 0.8536 0.5270 0.8326 27,24, 28
resence o s 0.85 lag RSL 0.01387 0.8278 0.4818 0.8239 27,25, 28
CML 0.01315 0.8267 0.8606 0.8306 27,24, 28
4.6.3. Case 13: Integration of DG3, DG4, and DG1 with Different EVs
To further analyze the triple-DG configuration comprising DG3, DG4 and DG1 with
different EVs, the optimization has been performed for improving real power loss perfor-
mance. The obtained results in terms of the sizing and siting of each individual DG are
presented in Table 19.
Table 19. Performance of DG3, DG4 and DG1 under EV penetration for different load models.
Operating Condition Locations of
P " Tri;‘)le PG Pf (DG3, Load Pross MVA MVA MVA  DG3, DG4,
(DG3 + DG4 + DG1) DG4, DG1) Model (MW) (DG3) (DG4) (DG1) and D-Gl,
Respectively
CNL 0.01412 0.8622 0.8498 0.8452 25,31,29
Ab (EV 0,0.85 lag, IDL 0.01457 0.8236 0.8634 0.8504 24,30, 28
sence ot Vs 1.0 RSL 001533 04633  0.8608  0.7059 25, 30,27
CML 0.01460 0.8705 0.8574 0.8478 24, 30, 28
CNL 0.01272 0.8612 0.8493 0.8372 24, 33, 30
p (BEV 0,0.85 lag, IDL 0.01367 0.8685 0.8482 0.8419 25,32,29
resence oL BEVS 1.0 RSL 001379 08507  0.8463  0.6991 24, 32,29
CML 0.01359 0.8696 0.8574 0.8462 25,32,29

https://doi.org/10.3390/en19143284


https://doi.org/10.3390/en19143284

Energies 2026, 19, 3284 21 of 29

Table 19. Cont.

Locations of

Opf;t;ﬁilsgg:‘o“ Pf (DG3, Load Ppoes MVA  MVA MVA  DG3, DG4,
(DG3 + DG4 + DG1) DG4, DG1) Model (MW) (DG3) (DG4) (DG1) and DF}I,
Respectively
CNL 0.01263 0.8658 0.8567 0.8444 25, 30, 28
P ¢ PHEV 0,0.85 lag, IDL 0.01343 0.8712 0.8403 0.8419 24,29, 27
resence o S 1.0 RSL 0.01396 0.5437 0.8635 0.6991 25, 29,27
CML 0.01343 0.8686 0.8681 0.8462 24,29,27
CNL 0.01258 0.8622 0.8301 0.8327 24,32, 30
P f EREV 0, 0.85 lag, IDL 0.01313 0.8236 0.8407 0.7692 25,31, 29
resence o s 1.0 RSL 0.01387 0.4633 0.8455 0.8439 24,31,29
CML 0.01312 0.8705 0.8515 0.7679 25,31,29
CNL 0.01284 0.8675 0.8548 0.8514 25,29, 27
P fFCEV 0,0.85 lag, IDL 0.01358 0.5339 0.8552 0.8439 24,28, 26
resence o s 1.0 RSL 0.01401 0.4882 0.8462 0.8491 25,28, 26
CML 0.01351 0.8719 0.8530 0.8447 24,28, 26
4.6.4. Case 14: Integration of DG4, DG1, and DG2 with Different EVs
Finally, in the triple-DG scenario, a combined integration of DG4, DG1, and DG2
is examined using the proposed hybrid optimization technique in the presence of EV
penetration under different voltage-dependent load model conditions. The results for the
38-node bus distributed system are listed in Table 20.
Table 20. Performance of DG4, DG1 and DG2 under EV penetration for different load models.
Operating Condition Location of
of Pf (DG4, Load Ploss MVA MVA MVA DG4, DG1,
Triple DGs (DG4 + DG1, DG2) Model (MW) (DG4) (DG1) (DG2) and DG2,
DG1 + DG2) Respectively
CNL 0.01345 0.8184 0.8226 0.7735 31,29, 30
Ab FEV 0.85 lag, 1.0, IDL 0.01436 0.8316 0.8277 0.6677 30, 28, 29
sence ot ks 0.85 lead RSL 0.01489 0.8291 0.6871 0.8041 30, 27,29
CML 0.01433 0.8258 0.8252 0.8090 30, 28, 29
CNL 0.01247 0.8180 0.8148 0.7543 33, 30, 32
p { BEV 0.85 lag, 1.0, IDL 0.01290 0.8169 0.8194 0.6617 32,29, 31
resence o s 0.85 lead RSL 0.01358 0.8152 0.6804 0.8076 32,29, 31
CML 0.01281 0.8258 0.8236 0.7925 32,29, 31
CNL 0.01235 0.8251 0.8218 0.7910 30, 28, 29
P f PHEV. 0.85 lag, 1.0, IDL 0.01281 0.8093 0.8194 0.7832 29,27,28
resence o s 0.85 lead RSL 0.01348 0.8317 0.6804 0.8118 29,27,28
CML 0.01279 0.8361 0.8236 0.7969 29,27,28
CNL 0.01215 0.7996 0.8104 0.7757 32,30, 31
P ¢ EREV 0.851lag, 1.0, IDL 0.01277 0.8097 0.7487 0.7925 31,29, 30
resence o s 0.85 lead RSL 0.01344 0.8144 0.8214 0.7827 31, 29, 30
CML 0.01274 0.8201 0.7474 0.7811 31, 29, 30
CNL 0.01240 0.8234 0.8287 0.7987 29,27,28
P f FCEV 0.85 lag, 1.0, IDL 0.01304 0.8236 0.8214 0.8302 28, 26,27
resence o 5 0.85 lead RSL 0.01372 0.8150 0.8264 0.8051 28,26, 27
CML 0.01301 0.8216 0.8221 0.8040 28, 26,27
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5. Discussion
5.1. Comparative Assessment of DG-EV Configurations

To improve the clarity of the overall result interpretation, the best-performing DG—
EV configurations obtained from the detailed scenario-wise analysis are summarized in
Table 21. Instead of repeating all of the tabulated results, the representative optimal cases
from single-, double-, and triple-DG integration are compared to highlight the effect of
DG combinations, EV categories, and voltage-dependent load conditions on active power
loss reduction.

Table 21.
planning scenarios.

Comparative summary of best-performing DG-EV configurations under different

Scenario

Best DG

Configuration

Best EV
Condition

Best DG
Locations

Minimum

Load Model RPL (MW)

Key Observation

Single DG
Double DG

Triple DG

DG2

DG1 + DG2

Best single-DG
case

Best double-DG
case

EREV CNL 0.01380 29

EREV CNL 0.01241 6,29

DG1 + DG2 +

DG4

EREV CNL 0.01215 6,29, 30 Overall best case

Table 21 contains the comparative results which indicate that DG2 provides the most
effective performance among the individual DG configurations under different operating
conditions. The improved performance of DG2 is mainly associated with its capability to
provide both active and reactive power support at a leading power factor. In the double-
DG cases, the coordinated operation of DG1 and DG2 further reduces real power loss
compared with the best-performing individual DG case. Among all of the investigated
configurations, the triple-DG arrangement consisting of DG1, DG2, and DG4 under EREV
penetration provides the minimum real power loss and demonstrates the best overall
network performance for the considered 38-bus radial distribution system.

The comparative analysis under different EV penetration conditions indicates that
the coordinated operation of DGs with EVs further improves the performance of the
distribution network. Among the investigated EV categories, EREV penetration generally
provides comparatively lower real power loss values under most DG configurations and
load conditions. BEV and PHEV cases also contribute to reductions in real power loss;
however, their performance remains slightly less effective than the corresponding EREV
cases under several operating conditions. In contrast, the FCEV cases show comparatively
moderate improvement depending on the DG combination and load model considered.

To further examine the improvement achieved through coordinated DG integration, a
comparative reduction analysis of real power loss is summarized in Table 22 with respect
to the best-performing single-DG configuration under corresponding load conditions.

Table 22. Comparative reduction in real power loss for coordinated DG configurations under different
load models.

Load Model

Best Single-DG
Scenario (DG2)
Min RPL (MW)

Best Double-DG
Scenario (DG1 +
DG2) Min RPL
(MW)

Best Triple-DG
Scenario (DG1 +
DG2 + DG4) Min
RPL (MW)

Reduction with
Respect to DG2
(%)

Reduction with
Respect to DG2
(%)

CNL
IDL

RSL

CML

0.01380
0.01450
0.01526
0.01446

0.01241
0.01352
0.01396
0.01352

10.07
6.76
8.52
6.50

0.01215
0.01277
0.01344
0.01274

11.96
11.93
11.92
11.89
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A comparative visualization of the minimum real power loss obtained for the best-
performing DG configurations is presented in Figure 3.

Comparative Minimum Real Power Loss for Best DG-EV Configurations

0.016

0.014 4 0.01380

0.01241 0.01215
=~ 0.0121

o
&
=
o

o
o
o
oo
L

0.006

Minimum Real Power Loss (MW
o
o
o
=

0.002

0.000 -
Single DG Double DG Triple DG
(DG2 + EREV) (DG1 + DG2 + EREV) (DG1 + DG2 + DG4 + EREV)

Best DG-EV Configuration

Figure 3. Comparative minimum real power loss for best single-, double-, and triple-DG configura-
tions under different EV penetration conditions.

Figure 3 shows the comparative minimum real power loss obtained for the best-
performing DG configurations under EREV penetration conditions. It can be observed
that the minimum real power loss decreases progressively from the single-DG case to the
coordinated double- and triple-DG configurations. The obtained results indicate that the
coordinated operation of multiple DG units provides improved operating performance
for the radial distribution system compared with isolated DG operation. Among all of the
investigated cases, the DG1-DG2-DG4 configuration achieves the lowest minimum real
power loss.

To further illustrate the influence of load models on DG planning performance, a
heat-map representation is presented in Figure 4.

Figure 4 provides a comparative visualization of the minimum real power loss ob-
tained for different DG configurations under various voltage-dependent load models. It
can be observed that the coordinated integration of DG1, DG2, and DG4 generally produces
comparatively lower loss values than the single- and double-DG cases for most loading
conditions. The results further indicate that coordinated multi-DG planning improves
the effectiveness of loss minimization in real power under different operating conditions
within the radial distribution system.

Overall, the analysis of all investigated cases indicates that the coordinated integration
of multiple DG units provides better performance than individual DG operation under
different EV penetration conditions and voltage-dependent load models. The obtained
results indicate that real power loss gradually decreases as the DG planning changes from
single-DG integration to coordinated double- and triple-DG configurations. Among the
investigated DG combinations, the DG1-DG2-DG4 arrangement under EREV penetration
consistently provides the best overall performance in terms of minimum real power loss.
The comparative analysis further validates the proper coordination of the DG type, EV
category, and load characteristics that play an important role in improving the operating
performance of the radial distribution system.
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Heat-Map Representation of DG Configurations under Different Load Models

DG Configurations

DG2

DG1 + DG2

DG1 + DG2 + DG4

0.0150

0.0145

0.0140

0.0135

0.0130

Minimum Real Power Loss (MW)

0.0125

CNL IDL RSL CML
Voltage-Dependent Load Models

Figure 4. Heat-map representation of DG configurations under different voltage-dependent load
models based on minimum real power loss.

5.2. Voltage Profile Improvement

Apart from any reduction in real power loss, the effect of DG and EV integration on
the voltage profile of the radial distribution system is also examined. For this purpose,
voltage magnitudes obtained for the base system without DGs are compared with the
results corresponding to the best single-DG case and the best triple-DG configuration.
This comparison helps observe the improvement in voltage regulation achieved through
coordinated DG planning under different operating conditions.

The voltage profile shown in Figure 5 indicates a noticeable improvement in bus
voltages after integrating DG units within the distribution network. Compared with the
base operating condition, both single- and triple-DG configurations improve the voltage
magnitude at different buses, while the triple-DG case provides comparatively better
voltage support. The improvement becomes more visible at buses located away from the
substation, where the voltage drop is generally higher. These observations indicate that
coordinated DG-EV integration contributes not only to a reduction in real power loss but
also to an improvement in the overall voltage regulation performance.

For visual clarity, the voltage profile figure presents the base case, best single-DG case,
and optimal triple-DG configuration, whereas the corresponding best double-DG voltage
magnitudes are numerically summarized in Table 23.
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Voltage Magnitude (p.u.)

1.03

1.02

1.01

1.00
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Comparative Voltage Profile of 38-Bus Distribution System

—e— Without DG

~=— Best Single DG
-+ Best Triple DG

1

s 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37
Bus Number

Figure 5. Comparative voltage profile of the distribution system for the base case, best single-DG
configuration, and best triple-DG configuration.

Table 23. Voltage profile comparison at selected buses for base, best single-DG, best double-DG and
best triple-DG configurations.

Bus No. Without DG  Best Single DG Best Double DG Optimal Triple DG

24 1.0168 1.021 1.0216 1.0221
25 1.0151 1.0193 1.0199 1.0205
29 0.9953 1.0247 1.0256 1.0264
30 0.9937 1.023 1.0239 1.0248
32 0.9918 1.0207 1.0215 1.0226

Table 23 shows the voltage magnitude (p.u.) obtained at selected buses in the 38-bus
radial distribution system under different operating conditions. The placement of DG
units in the network improves the voltage magnitude at different buses. The improve-
ment is more noticeable at buses 29, 30, and 32, where the base-case voltage values are
comparatively lower. Among the considered cases, the triple-DG arrangement provides
comparatively better voltage support than the single-DG configuration.

5.3. Physical Interpretation of Optimal DG Locations

The optimization results obtained for different DG-EV combinations indicate that
some buses appear repeatedly as suitable locations for DG placement under different
operating conditions. In particular, buses 6, 29, and 30 are frequently selected by the
proposed GA-MCS framework for minimizing the real power loss and improving the
voltage performance in the radial distribution system.

Bus 6 is electrically connected to several downstream sections of the feeder and
therefore supports several load points effectively at the same time. Buses 29 and 30
are located near areas with relatively heavier loads and longer feeder branches, which
experience higher voltage drops and branch currents. The placement of DG units at these
buses helps with the reduction in feeder current, improvement of local voltage magnitude,
and minimization of real power loss in the radial distribution network.

https:/ /doi.org/10.3390/en19143284


https://doi.org/10.3390/en19143284

Energies 2026, 19, 3284

26 of 29

The obtained observations indicate that suitable DG placement depends not only on
DG capacity and EV penetration level but also on the feeder structure, load concentration,
and electrical distance from the substation.

5.4. Limitations and Future Scope

This paper is focused on coordinated DG-EV planning in a 38-bus radial distribution
system under stochastic operating conditions using different voltage-dependent load mod-
els. Although the proposed GA-MCS framework provides an effective reduction in real
power loss and improved voltage performance, certain practical aspects have not been
included in this paper. The analysis is carried out using aggregated EV demand representa-
tion, while detailed time-varying EV charging behavior, state-of-charge characteristics, and
vehicle-to-grid scheduling are not explicitly considered. In addition, economic cost analysis
and investigation on larger benchmark distribution systems have not been included in this
paper. These aspects may be considered in future studies to further improve the practical
applicability of the proposed optimization framework.

6. Conclusions

This paper presented a hybrid GA-MCS optimization framework for the coordinated
integration of distributed generation units and electric vehicles in a 38-bus radial distribu-
tion system under stochastic operating conditions. The proposed framework was applied
to investigate single-, double-, and triple-DG configurations with different EV categories
under various voltage-dependent load models. The obtained results indicate that coor-
dinated DG-EV planning improves system performance in terms of active power loss
minimization and voltage profile enhancement.

Among the investigated single-DG cases, DG2 provided the best overall performance
because of its capability to support both active and reactive power requirements. In the
coordinated multi-DG cases, the integration of DG1 and DG2 reduced real power loss by
approximately 6.50-10.07% compared with the best-performing single-DG configuration.
The minimum real power loss was obtained for the DG1-DG2-DG4 configuration under
EREV penetration conditions, which provided an additional reduction of approximately
11.89-11.96% compared with the best-performing single-DG case. The voltage profile
analysis also showed a noticeable improvement in voltage magnitude for buses located
farther from the substation.

The convergence analysis further showed that the proposed GA-MCS framework
achieved lower real power loss with improved convergence characteristics compared with
conventional GA and PSO approaches under stochastic operating conditions. In addition,
the statistical analysis under Monte Carlo scenarios indicated consistent optimization
performance under different loading conditions.

Although the proposed framework provides effective coordinated DG-EV planning
under voltage-dependent load conditions, this paper is limited to aggregated EV represen-
tation and a 38-bus radial distribution system. A detailed investigation of time-varying EV
charging characteristics, vehicle-to-grid (V2G) operation, economic assessment, protection
coordination, communication requirements, and analysis on larger benchmark systems
may be considered in future studies. In practical distribution system planning, the number
of integrated DG units should be determined by considering both technical performance
improvement and economic feasibility.
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Abbreviations

The following abbreviations are used in this manuscript:

DG Distributed Generation

EV Electric Vehicle

BEV Battery Electric Vehicle

PHEV  Plug-in Hybrid Electric Vehicle

EREV  Extended-Range Electric Vehicle

FCEV  Fuel Cell Electric Vehicle

GA Genetic Algorithm

MCsS Monte Carlo Simulation

SLM Static Load Model

CNL Constant Load Model

IDL Industrial Load Model

RSL Residential Load Model

CML  Commercial Load Model

PF Power Factor

RPL Real Power Loss

Nomenclature

Symbol Description

Pg Active power generated at the substation
Qs Reactive power generated at the substation
Sg Total MVA intake capacity of the main substation
SspG1 Total MVA intake with DG1 integration
SspG2 Total MVA intake with DG2 integration
SspG3 Total MVA intake with DG3 integration
Ss,pG4 Total MVA intake with DG4 integration
Ss,DG1LEV Total MVA intake with DG1 and EVs
Ss,DG2,EV Total MVA intake with DG2 and EVs
Ss,DG3,EV Total MVA intake with DG3 and EVs
SsDG4EV Total MVA intake with DG4 and EVs
S$,DG1,DG2,EV Total MVA intake with DG1, DG2, and EVs
SS,DGl,DGZ,DG3,EV Total MVA intake with DG1, DG2, DG3, and EVs
Ppc1 Active power supplied by DG1

Ppca Active power supplied by DG2

Ppga Active power supplied by DG4

Opac2 Reactive power supplied by DG2

Qpcs Reactive power supplied by DG3

Qpca Reactive power supplied or absorbed by DG4
Prys Active power associated with EVs

Qrvs Reactive power associated with EVs

PlLoss,ij Real power loss between bus i and bus j

Pj Active power flow between bus i and bus |
Qjj Reactive power flow between bus i and bus j
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Vi Voltage magnitude at bus i

rij Resistance between bus i and bus j

P; Voltage-dependent active power load

Q; Voltage-dependent reactive power load

Py Nominal active power load

Qo Nominal reactive power load

x Exponent of active power in voltage-dependent load model
Y Exponent of reactive power in voltage-dependent load model
N Set of buses in the distribution system

f Fitness function

E[Pppss] Expected real power loss

Vin Minimum bus voltage limit

Vinax Maximum bus voltage limit

Ppgi Active power supplied by the ith DG

Ppg,"" Minimum DG active power limit

Ppg,i™* Maximum DG active power limit

QpaGi Reactive power supplied by the ith DG

Pp Active power demand

(0)5} Reactive power demand

Npg Total number of DG units integrated

Pross Total real power loss of the distribution system
Qloss Total reactive power loss of the distribution system
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