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ABSTRACT
This study proposes a bi-level optimization model for

the optimal allocation of distributed generation (DG) in
active distribution networks, taking into account time-
of-use (TOU) electricity pricing and demand response
(DR) behavior. The upper level represents the decision-
making of the distribution system operator (DSO), aim-
ing to minimize power losses, voltage deviations, and
DG investment costs. At the lower level, responsive
consumers optimize their hourly demand profiles to
minimize electricity costs under TOU tariffs, subject
to behavioral and operational constraints. To enable
tractable computation, the original bi-level structure is
reformulated into a single-level nonlinear programming
problem through the application of Karush-Kuhn-Tucker
(KKT) optimality conditions. The resulting model is
highly constrained and non-convex. This makes it
suitable for solutions using metaheuristic approaches.
In this work, the Marine Predators Algorithm (MPA) is
adopted due to its superior global search capability and
convergence characteristics. Numerical simulations on
the IEEE 33-bus and 69-bus test systems confirm the
effectiveness of the proposed approach in reducing both
energy losses and operational costs. The results highlight
the practical applicability of the MPA-based framework
for intelligent DG planning in smart grids under dynamic
pricing environments.

Keywords: Bi-level optimization, distributed gener-
ation, time-of-use, demand response, distribution net-
works

Nomenclature:
𝑋 - Composite decison vector [𝑥𝐷𝐺, 𝑃𝐷𝐺, 𝑃 1∶24

𝐿 ]
𝑥𝐷𝐺 - Binary siting vector for DG placement {0, 1}𝑁𝑐

𝑃𝐷𝐺 - DG capacity [MW]
𝑃max

𝐷𝐺 - Maximum DG capacity [MW]
𝑃 (𝑡)

𝐿 - Hourly demand shaped by DR at hour 𝑡 [MW]
𝐸day - Daily energy requirement [MWh]
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𝑉𝑖 - Voltage magnitude at bus 𝑖 [p.u.]
𝑉 min, 𝑉 max - Voltage limits [p.u.]
𝑉dev - Voltage deviation index [p.u.]
𝑃loss - Active power loss [kW]
𝐸loss - Daily energy loss [kWh/day]
𝐶op - TOU-based operating cost [$]
𝑤1, 𝑤2, 𝑤3 - Objective weights (loss, cost, voltage)
𝑁 - Population size (number of predator agents)
𝑔, 𝑔max -Generation index and maximum generation
𝑋𝑒𝑙𝑖𝑡𝑒 - Elite (best-so-far) solution
𝑁𝑐 - Number of candidate buses for DG placement
𝑆 , 𝑟 - Adaptive control parameters in MPA
𝜆 - Weighting factor (scalarization)
𝜖 - Convergence tolerance
𝛿 - Small perturbation term in exploitation phase
𝛽 - Lévy-flight exponent

1. INTRODUCTION

Power distribution systemsworldwide are undergoing
a profound transformation from passive infrastructures
into dynamic and intelligent active distribution networks
(DN). This evolution is fueled by the rapid integra-
tion of distributed generation (DG) resources such as
rooftop solar panels, small-scale wind turbines, and
battery energy storage systems [1]. Integrating DG
offers numerous key benefits, including alleviating the
burden on centralized power grids, improving energy
resilience, reducing technical losses, and contributing
to carbon neutrality objectives [2], [3]. However, as
the penetration of DG grows, it introduces a crucial
challenge: optimally determining the locations and
sizes of DG units within distribution networks that are
becoming more complex and dynamic. This challenge
is further intensified by the increasing involvement
of consumers, whose electricity usage patterns are no
longer passive but adapt in real time to economic signals
and time-varying pricing schemes. Among these, time-
of-use (TOU) pricing has proven particularly effective in
reshaping demand patterns, encouraging users to shift
their consumption to off-peak hours in order to lower
electricity costs [4], [5].

Capturing this interplay between system-level plan-
ning and consumer behavior calls for a more sophisti-
cated modeling framework. Bi-level optimization has
emerged as an effective mathematical framework. In
such models, the upper level, typically representing the
Distribution System Operator (DSO), seeks to minimize
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technical losses and investment costs through optimal
DG placement and sizing. Simultaneously, the lower
level representing responsive consumers adjusts hourly
demand to minimize TOU-based energy bills. These
two levels interact through shared constraints related to
power balance, voltage limits, and behavioral flexibility,
forming a tightly coupled decision-making process [6].
Figure 1 illustrates the conceptual bi-level framework
used in this study, which reflects both strategic infras-
tructure planning and consumer-side demand response.
Although prior studies have explored TOU and aware
load scheduling using bi-level approaches, few have
jointly considered DG planning and responsive con-
sumption under TOU pricing in a unified optimization
model [7], [8]. This gap is particularly evident in the
Vietnamese context, where the adoption of TOU pricing
is growing, yet integrated distribution-level planning
that leverages both DG and demand-side flexibility
remains limited in both academic and practical domains.

To address the emerging challenges in integrating DG
with consumer side responsiveness, this study introduces
a BLO optimization framework for planning DG in active
DN [9]. The upper level represents the DSO, aiming to
determine the optimal locations and capacities of DG
units to minimize power losses and investment costs.
The lower-level models consumer behavior under TOU
electricity pricing, where demand response (DR) is driven
by efforts to reduce electricity bills. This hierarchical
decision structure is reformulated into a single-level
nonlinear model using the Karush-Kuhn-Tucker (KKT)
optimality conditions, enabling efficient computational
handling [10].

To address the formulated nonlinear and highly con-
strained optimization problem, this study employs the
Marine Predators Algorithm (MPA), a recent nature–
inspired metaheuristic that mimics the intelligent forag-
ing strategies of marine predators [11]. MPA features
a dynamic three-phase search process that effectively
balances global exploration and local exploitation, mak-
ing it particularly suitable for solving large-scale, non-
convex optimization problems. For benchmarking pur-
poses, five well-established metaheuristic algorithms are
selected for comparison: the Harris Hawks Optimization
(HHO) [12], Slime Mould Algorithm (SDO) [18], Whale
Optimization Algorithm (WOA) [13], Gradient Based
Optimizer (GBO) [14], and Arithmetic Optimization
Algorithm (AOA) [15]. Each of these algorithms is
inspired by distinct biological or mathematical princi-
ples and has shown competitive performance in recent
studies. The proposed bi-level optimization framework is
implemented on the 33-bus and 69-bus DN under 24-hour
TOU pricing and demand response scenarios. Simulation
results demonstrate that the MPA consistently outper-
forms the benchmark algorithms in minimizing technical
losses, reducing operational costs, and achieving more
effective DG placements. These results highlight the ef-
fectiveness of integrating advanced metaheuristics with
demand-side flexibility in DN planning. The proposed

Fig. 1: Bi-level model of a DN with integrated DG.

model serves as a mathematically tractable and scalable
optimization framework for future smart grid appli-
cations, where dynamic pricing and active consumer
participation are expected to play an increasingly vital
role.

2. MATHEMATICAL MODEL

The proposed planning framework is developed as a
comprehensive bi-level optimization model that reflects
the hierarchical decision-making structure between the
DSO and end-use consumers within an active DN. At
the upper level, the DSO is responsible for strategic
decisions regarding the optimal placement and sizing of
DG units, with the objective of minimizing total power
losses, voltage deviations, and investment costs while
enhancing overall network performance and renewable
energy penetration. Simultaneously, the lower level
encapsulates the behavior of responsive consumers who
adjust their hourly electricity demand to minimize their
individual energy expenditures in response TOU pricing
schemes. This interaction captures the decentralized
flexibility available at the demand side and its impact
on system-wide planning decisions. Due to the inherent
complexity and non convex nature of the bi-level formu-
lation, arising from the combinatorial structure of DG
placement and the coupling introduced by DR dynamics,
the original model is reformulated into an equivalent
single level nonlinear program. This transformation is
achieved by embedding the KKT optimality conditions
associated with the lower-level problem into the upper
level formulation. The resulting model enables tractable
computation while preserving the key decision interac-
tions between the DSO and consumers.
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2.1 Upper Level Problem

At the upper level, the DSO aims to balance three
critical aspects of system performance: active energy
loss, DG investment cost, and voltage deviation. To unify
these conflicting objectives into a single mathematical
formulation, a normalized weighted sum objective func-
tion is proposed as follows:

min
(

𝑤1
𝐴Δ

𝐴base
Δ

+ 𝑤2
𝐶inv
𝐶max

+ 𝑤3
∑24

𝑡=1 ∑𝑁𝑏
𝑖=1 |𝑉𝑖(𝑡) − 1.0|
𝑉norm )

(1)
with 𝑤1 + 𝑤2 + 𝑤3 = 1.
Where,
• 𝐴Δ: Daily active energy loss (kWh/day).
• 𝐶𝑖𝑛𝑣 = ∑𝑁𝐷𝐺

𝑖=1 𝐶𝑖 ⋅ 𝑃𝐷𝐺,𝑖: Total DG investment cost.
• 𝑉𝑖(𝑡): Voltage magnitude at bus 𝑖 and time 𝑡.
• 𝑤1, 𝑤2, 𝑤3: User defined weights for loss, investment,
and voltage deviation.

• 𝐴𝑏𝑎𝑠𝑒
Δ , 𝐶𝑚𝑎𝑥, 𝑉𝑛𝑜𝑟𝑚: Normalization factors derived from

benchmark scenarios.

Subject to:

Power flow equation: 𝑃𝑖 = ∑𝑗∈𝑁(𝑖) 𝑓(𝑃𝑗 , 𝑉𝑗) (2)

Voltage limits: 𝑉min ≤ 𝑉𝑖 ≤ 𝑉max, ∀𝑖 ∈ 𝐵 (3)

DG capacity: 0 ≤ 𝑃𝐷𝐺,𝑖 ≤ 𝑃 max
𝐷𝐺 , ∀𝑖 ∈ 𝐶 (4)

At the upper level, the objective aggregates three
criteria—daily energy loss, DG investment cost, and
voltage deviation—using a normalized weighted sum so
each term is on a comparable scale; weights are chosen
via a brief sensitivity analysis (Section 4.1). Constraints
enforce AC nodal power flow balance, distribution-
level voltage bands, and DG capacity limits. Invest-
ment cost is modeled linearly in DG size (with an
option for fixed/block charges when data are available).
Feasibility during optimization is maintained through
penalty/repair operators. The lower-level DR model and
its KKT-based single-level reformulation are described in
Section 2.3.

2.2 Lower Level Problem

In the lower level, consumers optimize their hourly
energy consumption profile to minimize total electricity
cost under TOU tariffs while satisfying operational
constraints. Objective function:

min
{𝑃 𝑡

𝐿} ∑
24
𝑡=1 𝜌𝑡 ⋅ 𝑃 𝑡

𝐿 (5)

Subject to:

Daily energy constraint:∑
24
𝑡=1 𝑃 𝑡

𝐿 = 𝐸daily (6)

Hourly demand bounds: 𝑃 𝑡
min ≤ 𝑃 𝑡

𝑖 ≤ 𝑃 𝑡
𝐿,max, ∀𝑡 (7)

2.3 KKT Reformulation for Lower
To transform the bi-level problem into a single-level

model, the lower-level problem is replaced by its KKT
conditions, assuming convexity holds. Let 𝑃𝐿(𝑡) be the
decision variable, 𝜆𝑖 the Lagrange multiplier for the total
demand constraint, and 𝜇𝑚𝑖𝑛

𝑖 (𝑡), 𝜇𝑚𝑎𝑥
𝑖 (𝑡) the dual variables

for inequality constraints. The KKT system includes:
• Stationarity:

𝜕𝐿
𝜕𝑃𝐿,𝑖(𝑡)

= 𝜌𝑡 − 𝜆𝑖 + 𝜇min
𝑖 (𝑡) − 𝜇max

𝑖 (𝑡) = 0 (8)

• Primal feasibility:

∑
24
𝑡=1 𝑃𝐿,𝑖(𝑡) = 𝐸daily

𝑖 , 𝑃 min
𝐿,𝑖 ≤ 𝑃𝐿,𝑖(𝑡) ≤ 𝑃 max

𝐿,𝑖 (9)

• Dual feasibility:

𝜇min
𝑖 (𝑡) ≥ 0, 𝜇max

𝑖 (𝑡) ≥ 0 (10)

• Complementary slackness:

𝜇min
𝑖 (𝑡) ⋅ (𝑃 min

𝐿,𝑖 − 𝑃𝐿,𝑖(𝑡)) = 0,

𝜇max
𝑖 (𝑡) ⋅ (𝑃𝐿,𝑖(𝑡) − 𝑃 max

𝐿,𝑖 ) = 0 (11)

For the convex lower-level DR problem, the KKT
conditions are necessary and sufficient for optimality.
Omitting any block (stationarity, primal feasibility, dual
feasibility, complementary slackness) breaks the one-
to-one equivalence between the bi-level model and its
single–level KKT reformulation, potentially admitting
non-optimal or infeasible lower-level responses and
biasing the upper-level objective.

2.4 Final Single Level Reformulation
By embedding the KKT conditions (Equations 8–11)

into the upper level model (Equations 1–4), the original
bi-level framework is transformed into a single level
nonlinear program. The resulting formulation is a mixed
integer, non convex, and highly constrained problem
due to the discrete nature of DG placement, nonlinear
power flow, and DR coupling. To address this, the
Marine Predators Algorithm (MPA) is adopted for its
global search ability and robustness in complex solution
spaces.

3. SOLUTION METHODOLOGY
Solving the proposed single-level nonlinear optimiza-

tion model presents significant computational challenges
due to its mixed integer nature, non convexity, and
high dimensionality arising from time coupled demand
response and power flow constraints. To effectively
explore the complex solution space and handle the
nonlinearities involved, this study adopts the MPA, a
recent bio-inspiredmetaheuristic that has shown promis-
ing performance in solving large-scale, multi-constraint
engineering problems.
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3.1 Overview of The MPA

The MPA is inspired by the foraging strategies of
marine predators in nature, particularly their ability to
adaptively switch between active pursuit and ambush
tactics. The algorithm divides the population into
three functional zones, simulating distinct predator-prey
interactions across the search process:

Phase I - Exploration (High speed pursuit): Global
exploration is performed using Lévy flight based move-
ment, allowing candidate solutions to explore distant
regions of the search space.

Phase II - Transition (Moderate speed): A balanced
exploration exploitation phase where predators adjust
movement based on both random steps and elite solution
guidance.

Phase III - Exploitation (Low speed trapping): Fine
tuning occurs as predators close in on prey, using
Brownian motion and neighborhood intensification to
refine solutions.

This dynamic adjustment of search behavior across the
algorithmic phases enables MPA to maintain diversity
while achieving fast convergence.

3.2 Implementation Steps of MPA for Bi-Level DG
Planning

To effectively apply the MPA to the proposed single
level reformulation of the bi-level DG planning problem,
the following structured procedure is employed:

Step 1: Problem encoding
Each candidate solution (individual) is encoded as a

composite decision vector:
𝑋 = [𝑥𝐷𝐺, 𝑃𝐷𝐺, 𝑃 1∶24

𝐿 ]
Where, 𝑥𝐷𝐺 ∈ {0, 1}𝑁𝑐 : Binary vector indicating DG
placement at candidate buses, 𝑃𝐷𝐺 ∈ ℝ+: Real valued
DG capacities (in MW), 𝑃 1∶24

𝐿 : Hourly demand vector
shaped by demand response at each time slot.

Step 2: Initialization of MPA population
- Initialize a population of 𝑁 predator agents,

each with randomly assigned values within predefined
bounds: DG locations, DG sizes, load profiles.

- Evaluate the fitness of each individual using the
normalized objective function defined in Equation (1),
incorporating power flow simulation and penalty terms
for constraint violations.

Step 3: Marine predators dynamics
For each generation 𝑔 = 1 to 𝑔max, update the population
based on the three MPA phases:
• Phase I (Exploration): If rand<0.5, use Lévy flight to
simulate fast global search:
𝑋𝑔+1

𝑖 = 𝑋𝑔
𝑖 + 𝑆 ⋅ Lévy() ⋅ (𝑋𝑔

𝑖 − 𝑋𝑔
elite)

• Phase II (Transition zone): Combine elite solution and
Brownian motion for balanced search:
𝑋𝑔+1

𝑖 = 𝑋𝑔
elite + 𝑟 ⋅ Brownian() ⋅ (𝑋𝑔

𝑖 − 𝑋𝑔
elite)

• Phase III: Slow convergence around elite to refine the
optimum:
𝑋𝑔+1

𝑖 = 𝑋𝑔
𝑖 + ∈ (𝑋𝑔

𝑖 − 𝑋𝑔
𝑗 ) + 𝛿

Here, 𝑆, 𝑟, 𝜖, 𝛿 are adaptive control parameters, and
𝑋elite is the best solution found so far.

Step 4: Constraint handling and repair After each update:
DG sizes, voltage, demand profiles: enforce hourly min
max and total energy balance. Use penalty functions
or repair heuristics to re-map infeasible solutions into
feasible space.

Step 5: Power flow and fitness evaluation For each
individual: Perform power flow analysis, calculate (total
energy loss, total investment cost, voltage deviation nor-
malize components and compute the composite fitness
using Equation (1).

Step 6: Elite selection and termination

Update the elite predator if a better one is found,
repeat steps 3 to 5 until convergence criterion is met,
return the best DG placement, sizing, and responsive
load profile as the final solution. The proposed MPA
based methodology effectively addresses the complexity
of bi-level DG planning by balancing exploration and
exploitation through marine predator dynamics. Its
structured design ensures feasibility, convergence, and
adaptability to TOU driven demand shifts. This provides
a solid foundation for smart grid applications. Future
improvements such as parallel computation or hybrid
local refinement may further enhance performance and
scalability. As shown in Figure 2, the proposed method
follows an MPA based single level procedure for bi-level
DG planning under TOU and demand response.

4. SIMULATION RESULTS

4.1 Simulation Setup Parameters

The proposed optimization model was tested on two
benchmark radial distribution networks: the IEEE 33-
bus and 69-bus systems. To reflect realistic operational
conditions, hourly load demand over a 24-hour period
was used, based on typical Vietnamese residential and
commercial consumption profiles. The simulation time
horizon was divided into 24 hourly intervals (from 00:00
to 23:00), capturing daily variations in power usage and
allowing the modeling of time-sensitive responses to
electricity pricing. A TOU pricing structure with three
tariff levels—off-peak, standard, and peak hours—was
adopted, as summarized in Table 1. This pricing model is
designed to encourage demand shifting and energy cost
reduction. To scale the load demand for each system,
hourly load factors were applied as shown in Table
2, ensuring consistency with dynamic demand patterns
observed in practice.
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Fig. 2: Structured MPA Procedure for Bi-Level DG Planning
(TOU + DR).

Table 1: Time based electricity tariffs (TOU) [5].

To ensure reproducibility and a fair comparison, all
algorithms were executed under the same optimization
settings: a population of 30 agents and a maximum of
100 generations, with termination triggered by either
the generation cap or a convergence tolerance on the
composite objective; constraint handling employed a
violation‐proportional penalty/repair scheme. For MPA,
the exploration phase uses Lévy flights with exponent β =
1.5, the transition phase combines Brownianmotion with
elite guidance, and the exploitation phase applies a step
size decay (initial scale c1 = 0.5) while retaining the elite
to mitigate premature convergence.

During the simulation, the following assumptions
and constraints were applied: The total installed DG
capacity was capped at 3.0 MW per system to reflect
practical limitations in medium-scale DN. The number
of DG units was limited to three per network, with
optimal placement determined through the optimization

algorithm. Each DG unit was allowed a maximum
penetration of 1.0 MW, ensuring compatibility with local
voltage and loading limits. The investment cost for DG
installation was set at 750 USD/kW based on current
market data. Based on a one-factor sensitivity analysis
across λ ∈ [0.3, 0.7], we set λ=0.6, the knee-point that
achieves the best loss cost voltage compromise with the
lowest variance across 20 runs on both systems. In
the upper-level objective function, a weighting factor λ
= 0.6 was assigned to prioritize energy loss reduction,
while the remaining weight (1−λ = 0.4) represented the
cost-related objectives, including DG investment and
voltage deviation minimization. This balance ensures
that both technical performance and economic efficiency
are addressed. Voltage magnitudes at all buses were
constrained within the allowable operational range of
[0.95, 1.05] p.u., and power flow was calculated using the
backward/forward sweep method, which is well suited
for DN.

The multi objective upper-level function (Equation
(1)) integrates three normalized performance indicators:
energy loss, investment cost, and voltage deviation.
These objectives inherently conflict with one another;
minimizing energy loss may require greater investment
in DG units, while reducing voltage deviation may not
always align with minimizing costs. To address this
trade-off, a weighted sum approach was adopted, in
which each term is assigned a specific weight reflecting
its relative priority in the planning objective. The
weights were determined based on sensitivity analysis
and practical considerations in distribution network
operations. Energy loss was assigned the highest weight,
𝑤1 = 0.5, because it directly impacts both technical
efficiency and long-term operational costs, making it the
primary objective. The investment cost was assigned
a moderate weight, 𝑤2 = 0.3, balancing financial
feasibility with performance gains. Voltage deviation,
while important for maintaining power quality, typically
fluctuates within tolerable limits in radial networks and
thus was assigned a lower weight, 𝑤3 = 0.2. All
three components were normalized using baseline values
obtained from a no-DG scenario to ensure that each
term contributes proportionally to the overall objective
function, regardless of unit scale or magnitude. This
normalization enables fair aggregation of heterogeneous
objectives and improves the numerical stability of the
optimization process.

To solve the single-level reformulated optimization
model, six modern metaheuristic algorithms were em-
ployed: WOA, HHO, AOA, GBO, SDO, and the proposed
MPA. All algorithms were executed under identical
simulation settings, including a population size of 30
agents, a maximum of 100 iterations, and shared stopping
criteria based on convergence thresholds or maximum
generation limits. A constraint handling mechanism was
also applied, with penalty factors scaled dynamically
based on the degree of constraint violation, ensuring
solution feasibility throughout the search process. MPA



6 ECTI TRANSACTIONS ON ELECTRICAL ENGINEERING, ELECTRONICS, AND COMMUNICATIONS VOL.23, NO.3 OCTOBER 2025

Table 2: Hourly load and load factors for 33- and 69-bus.

was chosen as the primary optimizer for this study due
to its unique adaptive three-phase foraging strategy. In
the exploration phase, Lévy flight was applied with a
scaling factor of Β = 1.5 to promote global search.
During the transition phase, Brownian motion combined
with elite-based updates helped balance exploration and
exploitation. In the final exploitation phase, solution
refinement was achieved through a step size decay
factor of 𝑐1 = 0.5, focusing search efforts around
the best solution so far. A memory-saving mechanism
was enabled to retain elite individuals and prevent
premature convergence. These configurations were
validated through preliminary tuning experiments and
are consistent with best practices in recent MPA studies.
Overall, the standardized setup ensures fair performance
comparison among the algorithms and demonstrates the
robustness of MPA in addressing high-dimensional, non-
convex, and multi-constrained optimization problems in
smart DN planning.

4.2 Simulations Results
4.2.1 The 33-bus Distribution System

The 33-bus DN is a standard radial test system
operating at 12.66 kV, with 33 buses and 37 lines. It serves
as a reliable benchmark for evaluating optimization
algorithms in loss reduction and voltage improvement.
System parameters, including line impedances and load
data, are sourced from reputable references to ensure
modeling accuracy. The total apparent power is approxi-
mately (3.72 + j2.3) MVA. Figure 3 presents the single line
diagram used for simulation and analysis [16].

Table 3 presents the DG planning results for the 33-
bus DN using six metaheuristic algorithms. The MPA
outperformed all others across key performance metrics.
Specifically, MPA achieved the lowest daily active energy

Fig. 3: Single line diagram of the IEEE 33-bus DN.

Table 3: DG Planning optimization results for the 33-bus.

loss (224.8 kWh/day) and the minimum TOU-based
operational cost (222.7 USD/day), while maintaining a
competitive computation time of 50.3 seconds. The
selected DG capacities (1.00, 0.88, and 0.98 MW) at
buses 4, 11, and 26 reflect near-optimal utilization of
the allowable DG limit, contributing to efficient loss
reduction and cost savings.

In contrast, traditional algorithms such as WOA and
HHO produced significantly higher losses and costs.
Although AOA, GBO, and SDO performed moderately
well, none matched the overall technical and economic
effectiveness of MPA. Notably, SDO achieved a relatively
low cost (229.75 USD/day) but with higher energy loss
(238.6 kWh/day), illustrating the tradeoff between cost
and loss reduction. All algorithms executed within a
similar time frame (48.6 to 61.4 seconds), confirming
the computational efficiency of MPA despite its adaptive
multi-phase strategy.

Figure 4 compares the performance of the algorithms,
while Figure 5 illustrates the voltage profiles across
all buses. Most algorithms maintained voltages within
the acceptable range [0.95 to 1.05] p.u.; however, MPA
demonstrated the most stable voltage profile with min-
imal deviations. This confirms MPA’s superior voltage
regulation capability, particularly at distant buses, en-
hancing overall power quality and system reliability.
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Fig. 4: Optimization algorithms for the 33-bus DN.

Fig. 5: Voltage profiles for the 33-bus DN.

Fig. 6: Single line diagram of the IEEE 69-bus DN.

4.2.2 The 69-bus Distribution System

The 69-bus DN operates at 12.66 kV and has a detailed
structure with closely connected branches. System
parameters, including line impedances and loads, are
taken from [17] for modeling accuracy. With a total
apparent power of about (3.80 + j2.69) MVA, the network
represents a medium -scale real-world system. Without
DG integration, it incurs a power loss of 224.88 kW.
Figure 6 shows its single-line diagram used for analysis
and optimization evaluation [18].

Table 4 summarizes the optimization results for the 69-
bus DN using six different metaheuristic algorithms. The
MPA once again achieved the best overall performance.
It delivered the lowest daily energy loss of 243.9 kWh/day
and a relatively low TOU-based operational cost of 229.75
USD/day. With DG units placed at buses 15, 27, and
64, and capacities close to the upper limit (1.00, 0.87,

Table 4: DG Planning optimization results for the 69-bus.

and 0.98 MW), MPA demonstrated effective DG sizing
and placement. Despite its advanced search mechanism,
MPA maintained a competitive computation time of 51.1
seconds (Figure 7).

Other algorithms exhibited higher losses and/or oper-
ational costs. For example, WOA resulted in the highest
energy loss (268.2 kWh/day) and cost (239.8 USD/day),
while HHO achieved a lower cost (225.88 USD/day) but
with significant energy loss (263.1 kWh/day). AOA,
GBO, and SDO produced moderate results but did not
surpass MPA in overall performance. These comparisons
highlight MPA’s ability to balance technical efficiency
and economic effectiveness in large-scale DN. Figure 7
illustrates the voltage profiles obtained by each algorithm
across the 69-bus DN. All methods maintained voltages
within standard operational limits, but MPA yielded the
most stable profile with reduced deviations, especially
at buses far from the substation. This further con-
firms MPA’s superiority in voltage regulation, enhancing
power quality and supporting reliable network operation
under TOU pricing and demand response conditions.

Beyond the baselines evaluated in this work (WOA,
HHO, AOA, GBO, SDO), recent DG-planning studies
frequently adopt PSO variants, DE families, and GA-
based hybrids. PSO variants are simple and fast but
can be prone to premature convergence under tight
voltage constraints; DE typically offers strong global
exploration yet may slow when the feasible region is
narrow; GA hybrids enhance local refinement at the
expense of additional parameter tuning and runtime.
By contrast, the proposed MPA employs an elite-guided
search with LévyViết. On both the 33- and 69-bus
systems, this yields lower energy losses and smaller
voltage deviations at comparable operating cost and
competitive runtime, indicating a more robust multi-
objective trade-off (loss, cost, voltage) for DG planning
with TOU/DR. Overall, simulation results on both the
33-bus and 69-bus DN confirm the superior performance
of theMPA. Compared to othermetaheuristic algorithms,
MPA consistently achieved the lowest energy losses
and operational costs while maintaining competitive
computation time. It also delivered more stable voltage
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Fig. 7: Optimization algorithms for the 69-bus DN.

Fig. 8: Voltage profiles for the 69-bus DN.

profiles, ensuring that all bus voltages remained within
permissible operational limits and exhibited minimal
deviation. Furthermore, as depicted in Figure 9, MPA
demonstrated faster and smoother convergence toward
the optimal solution compared to other algorithms.
Its ability to rapidly minimize the objective function
while maintaining convergence stability highlights its
effective balance between exploration and exploitation.
These outcomes collectively emphasize MPA’s robust-
ness, adaptability, and suitability for complex distributed
generation planning in smart DN under TOU pricing and
demand response conditions.

Across 20 independent restarts, the best/mean com-
posite objective at iteration 100 matched the converged
value within the prescribed tolerance. Increasing the
iteration budget did not yield any material improve-
ment, indicating that 100 iterations are sufficient for
convergence under our settings. MPA incurs a slightly
higher runtime (on the order of a few seconds) because
each generation performs hourly power flow evaluations
and constraint repair before updating the population.
Nevertheless, MPA is more stable (lower run-to-run
variance), achieves greater reductions in energy loss, and
maintains the voltage profile within permissible limits at
comparable/competitive cost. For offline planning, this
time-quality tradeoff is well justified.

Fig. 9: Convergence curves of the optimization algorithms
for the 33-bus and 69-bus DN.

5. CONCLUSION

This paper proposed a bi-level framework for DG
siting and sizing in distribution networks under TOU
pricing and consumer DR, recast as a single-level NLP
by embedding the complete KKT conditions for the
convex lower-level DR and solved with MPA, which is
well suited to constrained, nonconvex spaces. On the
IEEE 33-bus and 69-bus feeders, theMPA-based approach
achieved lower daily energy losses and lower TOU-based
operating costs than five state-of-the-art metaheuristics,
kept voltages within limits, and converged more stably;
the slight runtime overhead (a few seconds) is acceptable
for offline planning. Limitations include idealized DR, a
fixed TOU structure, and deterministic generation. Fu-
ture extensions will incorporate renewable uncertainty,
dynamic DR, and energy-storage integration and will
explore hybrid metaheuristics and parallel computing
for scalability, alongside field validation. Although
calibrated for Vietnam, the framework is transferable to
other TOU/DR-enabled networks by re-parameterizing
core inputs (tariff vector, DR bounds/elasticities, op-
erational limits, and feeder data); the optimization
procedure remains unchanged and can be piloted after
data calibration.
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