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Abstract

The growing penetration of electric vehicles (EVs) and distributed photovoltaic (PV)
generation is increasing operational uncertainty in distribution networks and inten-
sifying long-standing challenges such as higher power losses, rising peak demand,
and voltage instability. To address these issues, this paper proposes a multi-objective
optimization framework for the strategic placement of smart meters equipped with
demand response (DR) capability in radial distribution systems. Unlike conventional
placement approaches that mainly focus on monitoring or reducing non-technical losses,
the proposed method integrates active load control into the planning stage and explicitly
considers the stochastic behavior of loads, PV generation, and electric vehicle charging
stations (EVCSs). The problem is formulated with four objectives: minimizing total
power losses, substation peak demand, voltage deviation penalty, and installation cost.
A scenario-based stochastic model is employed to represent operational variability across
the network. The resulting nonlinear mixed discrete optimization problem is solved
using the Non-dominated Sorting Genetic Algorithm II (NSGA-II), an evolutionary
multi-objective optimization technique that generates a set of Pareto-optimal solutions
representing trade-offs among conflicting objectives. Smart meters are allowed to curtail
a portion of controllable demand during critical loading conditions, which helps reduce
feeder loading and improve voltage profiles. The proposed approach is evaluated on
the IEEE 33-bus and IEEE 69-bus distribution systems. Simulation results demonstrate
significant reductions in power losses and peak demand, with the IEEE 33-bus system
achieving up to a 26.2% reduction in power losses and 52.5% reduction in substation peak
demand compared with existing metaheuristic approaches. The results also indicate
improved voltage stability and effective performance in the IEEE 69-bus system, con-
firming the importance of topology-aware DR-enabled planning. Overall, the findings
show that embedding demand response capability within smart meter allocation can
significantly enhance the resilience and operational efficiency of modern distribution
networks with high EV and PV penetration.

Keywords: smart meters; demand response; multi-objective optimization; NSGA-II; electric
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1. Introduction
1.1. Motivation

In recent years, distribution networks have been operating under conditions far more
dynamic and uncertain than those for which they were originally designed. The accelerating
adoption of electric vehicles and rooftop photovoltaic systems has introduced fluctuations
that are both abrupt and spatially uneven, leading to demand surges, reverse power
flows, and localized voltage instability across the feeders [1,2]. These disturbances are
rarely gradual or predictable; instead, they emerge suddenly and propagate through radial
structures where weaknesses—particularly at electrically distant buses—become amplified.
Utilities now find themselves in a difficult position. Conventional reinforcement measures
such as feeder upgrades or transformer replacements remain prohibitively expensive,
yet failure to intervene results in increased technical losses, rising peak demand, and a
greater frequency of voltage-related violations [1]. Compounding the issue is the limited
visibility offered by traditional monitoring devices, which cannot capture the rapid and
stochastic variations introduced by spatially concentrated EV charging and intermittent PV
generation [2,3]. Consequently, certain buses repeatedly evolve into operational hotspots,
exhibiting voltage drops, reverse flows, or thermal overloads.

In addition to acting as stochastic loads, electric vehicles are increasingly recog-
nized as active elements in networked energy systems. Through coordinated charging
strategies and Vehicle-to-Grid (V2G) integration, EVs can support energy balancing, peak
load management, and improved operational flexibility in modern power networks [4,5].
Recent studies have explored advanced control and optimization frameworks for EV-
integrated energy systems and microgrids, demonstrating their potential to enhance
energy distribution efficiency and system resilience [6]. These developments further
highlight the importance of intelligent monitoring and control infrastructures capable
of supporting EV-integrated energy management in future distribution networks. More-
over, other emerging zero-emission transportation technologies, such as fuel cell vehicles
(FCVs), are also attracting increasing attention due to their potential role in future sus-
tainable energy–transportation systems. Unlike battery electric vehicles, FCVs rely on
hydrogen-based energy conversion, which introduces additional uncertainties related
to hydrogen production, storage, and refueling infrastructure. These factors may indi-
rectly affect electricity demand patterns and energy management strategies in integrated
energy systems. Recent studies have investigated advanced optimization and energy
management frameworks for FCV-integrated transportation platforms, highlighting their
potential to improve operational efficiency and energy utilization in next-generation
energy–transportation networks [3]. These developments further emphasize the necessity
of intelligent monitoring and control infrastructures capable of addressing the increasing
uncertainty and operational complexity in modern distribution networks.

These challenges underscore the growing need for a more informed and adaptive
monitoring framework. Strategically deployed smart meters can provide the high-
resolution data and local observability required to understand real network behavior
under uncertainty, while simultaneously enabling advanced functions such as demand
response and flexible load control [4,5]. Without an optimized placement strategy, how-
ever, even large-scale smart meter deployment may fail to address the underlying opera-
tional issues. The combined pressure of uncertainty, uneven resource distribution, and
escalating technical constraints provides the primary motivation for this study, which
focuses on developing a systematic and effective approach for smart meter placement in
modern distribution networks.
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1.2. Literature Review

Over the past decade, the rapid electrification of transportation and the widespread
integration of rooftop photovoltaic systems have substantially reshaped the operational
landscape of distribution networks. These developments have heightened the need for
improved visibility, enhanced situational awareness, and greater operational flexibility. As
a result, optimal smart meter placement (SMP) has become a prominent research topic,
with studies spanning various methodological and application-oriented perspectives. The
existing body of work can be broadly classified into several research streams.

The first stream consists of comprehensive review papers that trace the evolution of
meter placement and distribution system state estimation (DSSE). Lekshmana et al. (2018)
documented the methodological progress from early transmission-oriented techniques
to more recent distribution-focused approaches, emphasizing the longstanding trade-off
between cost and estimation accuracy [4]. Zeraati et al. (2022) provided one of the most
far-reaching surveys, categorizing existing placement algorithms into mathematical opti-
mization, heuristic and metaheuristic methods, and hybrid formulations while highlighting
unresolved challenges related to uncertainty, scalability, and active network operation [5].
Additional relevant surveys include those by Ahmad et al. (2017), who underscored the role
of DSSE as a core smart-grid enabler [6]; Dehghanpour et al. (2018), who discussed practi-
cal barriers and emerging trends in state estimation for modern distribution systems [7];
and Primadianto and Lu (2017), who reviewed algorithmic advances and implementation
issues [8]. Collectively, these studies show that traditional perspectives still tend to treat
smart meters primarily as passive measurement units.

A second stream focuses on classical formulations aimed at enhancing observability
and improving DSSE accuracy. Early contributions relied on Integer Linear Programming,
greedy heuristics, and sensitivity-based procedures to minimize meter count while ensuring
observability. Subsequent works employed semidefinite programming and circuit-theoretic
models developed specifically for radial networks [9,10]. Techniques based on Fisher
information measures [11] and global sensitivity analysis [12] also appear prominently
in this line of research. Although these methods generally provide accurate estimates
for standard IEEE benchmark feeders, including the 33-, 69-, and 123-bus systems, they
typically assume deterministic operating conditions and do not account for the effects of
flexible loads, EV charging demand uncertainty, and PV variability [13,14].

With the growing penetration of distributed energy resources (DERs), a more recent
stream incorporates uncertainty directly into the placement problem. Scenario-based
stochastic optimization, robust optimization, and probabilistic formulations have been
employed to capture load, EV, and PV variability [15,16]. Some studies also consider
meter placement in low-voltage networks with high DER penetration or jointly address
it with distributed generation or EV charging station siting. Nevertheless, most of these
works still regard smart meters as passive data-collection devices, while demand re-
sponse is typically handled as an operational problem in a separate stage rather than
being embedded into the planning model [17,18]. Another active research direction
involves multi-objective formulations. Because meter placement naturally involves
competing goals—such as installation cost, estimation accuracy, reliability, and net-
work performance—various studies have adopted evolutionary algorithms, particu-
larly the NSGA-II, to generate Pareto-optimal solutions [19,20]. Similar multi-objective
frameworks have been successfully applied to µPMU deployment, switching device
placement, and energy storage planning in active distribution networks. Despite their
effectiveness, applications that combine multi-objective evolutionary optimization with
DR-enabled smart meter placement under stochastic EV/PV conditions remain rela-
tively limited [21,22]. A final stream is related to demand response (DR), active load
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management, and smart meter applications. Numerous studies propose stochastic DR
scheduling models, real-time load curtailment strategies, and coordinated control mech-
anisms for flexible resources using smart meter data [23,24]. However, these works
generally assume that an adequate metering infrastructure is already installed. Only
a small number of studies have attempted to integrate active DR capabilities—such
as controllable load curtailment—directly within the meter placement optimization
framework itself. In particular, the combination of DR functionality, stochastic EV/PV
behavior, and multi-objective planning has received comparatively limited attention in
the literature [25,26].

1.3. Research Gap

Despite the substantial progress made in the field of smart meter placement, several
critical gaps still persist in the existing literature. The majority of previous studies regard
smart meters primarily as passive monitoring tools, designed to enhance network observ-
ability and improve the accuracy of distribution system state estimation [1,2,7,9]. Although
a few recent publications incorporate stochastic elements arising from EV charging and PV
uncertainties [14,15], their formulations rarely include active DR functions—such as direct
or dynamic load curtailment—within the placement optimization itself. Consequently,
smart meters are modeled either as fixed sensors or as static information sources, separated
from the operational flexibility they can potentially offer.

Furthermore, existing optimization frameworks are often limited to single- or bi-
objective structures, addressing cost and estimation accuracy under deterministic assump-
tions [8,10,11]. Only a handful of studies extend the scope to multiple technical and
economic objectives that jointly consider power losses, peak demand reduction, volt-
age deviation mitigation, and installation cost trade-offs, especially within a stochas-
tic setting [19,20]. Likewise, while DR has been thoroughly investigated in operational
optimization—particularly in systems with high EV and PV penetration [23,24]—these
approaches typically presume that the metering infrastructure already exists and focus
solely on scheduling or curtailment decisions rather than on its optimal physical deploy-
ment. Another overlooked aspect concerns where DR-enabled smart meters should be in-
stalled to achieve the greatest system-wide impact. Topology-aware placement—especially
in electrically remote or heavily loaded buses—has received minimal attention, despite
its proven influence on both technical performance and DR effectiveness. Therefore,
the strategic integration of active demand response capability into a stochastic, multi-
objective optimization framework for smart meter placement remains largely unexplored.
Table 1 summarizes the most relevant studies and highlights this research gap, emphasizing
that combining DR functionality, stochastic uncertainty modeling, and multi-objective plan-
ning constitutes a necessary and timely direction for future investigation. In addition, while
several existing studies adopt bi-objective formulations—typically minimizing installation
cost and estimation error—such simplified structures cannot fully capture the complex
trade-offs inherent in modern active distribution networks. In contrast, the proposed
four-objective formulation enables simultaneous evaluation of technical efficiency (loss
reduction), operational performance (peak demand mitigation), voltage regulation quality,
and economic cost within a unified framework. This extended formulation provides a more
comprehensive analytical perspective, allowing system planners to explicitly observe and
quantify the interactions and trade-offs among operational flexibility, network stability,
and investment decisions under uncertainty. Consequently, the proposed model offers
enhanced decision-support capability compared with conventional bi-objective smart meter
placement approaches.
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Table 1. Comparison of selected studies on smart meter placement and related topics.

Reference Year Main Objectives Method Uncertainty
Modeling

DR/Active
Control Test System Key

Limitations/Gap

Lekshmana et al. [4] 2018
Comprehensive

review of
meter placement

Review No No - Passive
monitoring focus

Zeraati et al. [5] 2022
Review of

meter placement
for DSSE

Review Partially
discussed No - Lack of active DR

integration

Xygkis et al. [9] 2018 Observability and
state estimation

Semidefinite
Programming No No IEEE 33, 69 Deterministic

conditions

Ginocchi et al. [10] 2023
Optimal

meter placement
for DSSE

Global
Sensitivity
Analysis

No No Real LV
network

No multi-objective,
no DR

Nainar et al. [11] 2020 State estimation
in LV networks

Smart meter
data-driven Low No Real Danish

network Passive approach

Athanasiadis et al. [17] 2024 Smart meter
data applications Review Yes Partially -

DR considered
separately

from placement

Tiwari et al. [19] 2022 Multi-objective
µPMU placement NSGA-II No No IEEE 33, 69 No

DR-enabled meters

Chintala et al. [20] 2021 Multi-objective
meter placement NSGA-II No No IEEE 33-bus No stochastic

EV/PV modeling

Thomas et al. [23] 2020 DR scheduling
with PV and EV

Stochastic
Optimization Yes Yes Building level No meter placement

Sattarpour et al. [25] 2016
DG, capacitor

and smart
meter allocation

PSO No Limited IEEE 33-bus Limited DR,
single/two-objective

Present Study 2026 Multi-objective
DR-enabled SMP

NSGA-II +
Scenario-based

Yes
(EV, PV, Load)

Yes (Active
Curtailment) IEEE 33 and 69 -

1.4. Contributions of the Present Study

• An integrated multi-objective planning framework is developed for the optimal place-
ment of smart meters with DR capability in radial distribution networks. Unlike
conventional approaches that treat smart meters purely as passive monitoring devices,
the proposed framework explicitly incorporates their active load curtailment capability
within the planning model.

• A comprehensive four-objective optimization formulation is proposed to simultane-
ously minimize total active power losses, substation peak demand, voltage deviation
across the network, and the installation cost of DR-enabled smart meters, enabling a
balanced trade-off between technical performance and economic considerations.

• A scenario-based stochastic modeling approach is introduced to capture the uncer-
tainties associated with load demand fluctuations, PV generation variability, and
aggregate EVCS charging demand, providing a more realistic representation of mod-
ern distribution network operating conditions.

• The obtained results provide practical insights for distribution system planners by
identifying critical buses where DR-enabled smart meters deliver the greatest op-
erational benefits, particularly in electrically remote or heavily loaded sections of
the feeder.

The remainder of this paper is organized as follows. Section 2 presents the detailed
mathematical formulation of the proposed problem, including the four objective functions
and all technical and operational constraints. Section 3 describes the solution methodology
and explains how NSGA-II is adapted and implemented to solve the stochastic multi-
objective optimization problem. Section 4 introduces the IEEE 33-bus and IEEE 69-bus
test systems and discusses the simulation results under different scenarios, including
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deterministic and stochastic cases. Finally, Section 5 concludes the paper and suggests
directions for future research.

2. Problem Formulation
This section describes the mathematical model developed for the optimal placement

of smart meters equipped with demand response capability. The aim is to find the best
locations for installing these meters in a radial distribution network while considering both
technical performance and economic aspects under realistic uncertain operating conditions.

2.1. Decision Variables

The main decision variable is a binary vector x ∈ {0, 1}Nb, where Nb is the number of
buses in the system. If xi = 1, a smart meter with demand response functionality is installed
at bus i; otherwise, xi = 0.

2.2. Objective Functions

The optimization problem is formulated with four conflicting objectives:

f1: Minimization of Losses

The first objective aims to minimize the total power losses in the distribution net-
work [3,27]. This objective consists of two components: technical losses obtained from load
flow analysis and an estimation of non-technical losses. The technical losses are calculated
for all network branches based on the line resistance and branch current obtained from the
load flow simulation. The average value over all simulated scenarios is used.

The non-technical losses are modeled using a coefficient α (non_tech_coeff) and are
assumed to decrease at buses where smart meters are installed. This objective includes
technical power losses obtained from load flow analysis plus an estimation of non-technical
losses. Non-technical losses are assumed to be higher at buses without smart meters.

f1(x) = Pavg
loss + PNTL (1)

where Pavg
loss is the average technical loss obtained from load-flow simulations over all

scenarios. PNTL= ∑Nb
i=1(1 − OIi)Pi is the estimated non-technical loss, reduced at buses

equipped with smart meters and (1 − OIi)Pi represents the non-technical loss contribution
of unmetered bus i, which is eliminated when a smart meter is installed at that bus. In this
study, non-technical losses are modeled through a uniform distribution across unmetered
buses as a simplified baseline assumption. This modeling choice provides a neutral and
transparent basis for evaluating the proposed optimization framework in the absence of
validated bus-level NTL data. Therefore, the adopted formulation should be interpreted
as a methodological abstraction for consistent comparison rather than as an exact spatial
representation of real-world NTL behavior.

f2: Minimization of Substation Peak Demand

This objective minimizes the peak power drawn from the substation across all simu-
lated scenarios. Demand response actions are activated during high-load conditions, which
helps reduce this peak.

f2(x) = Ppeak (2)

where Ppeak is defined as the maximum substation active power over all simulated scenarios.
In the demand response model, when the load factor exceeds a predefined threshold, smart
meters enable partial load disconnection at selected buses, which directly reduces the
substation peak demand.
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f3: Minimization of Voltage-Deviation-Weighted Penalty

f3 (x) = ∑Nb
i=1(1 − xi)wi,wi =

∆vi

maxj
(
∆vj
)
+ ε

(3)

where xi is the binary smart meter placement variable at bus i and wi is the normalized
importance factor derived from the average voltage deviation of bus i overall operating
scenarios. Therefore, the third objective does not merely count the number of unmetered
buses; instead, it assigns a higher penalty to buses without smart meters that experience
more severe voltage deviations. Minimizing this objective promotes meter placement at
voltage-critical buses and improves the voltage-related observability of the network.

f4: Minimization of Installation Cost

f4 (x) =
Nb

∑
i=1

(xi) (4)

This objective represents the total number (and thus cost) of installed smart meters [18].

2.3. Optimization Constraints

To ensure the successful integration of smart meters in the distribution network,
several operational constraints must be established:

1. Maximum Number of Meters:

Due to budgetary and implementation limits, only a predefined number of smart
meters can be installed in the network. Let Nb denote the total number of buses in the
system. The installation constraint is expressed as:

∑Nb
i=1 xi ≤ Maxmeter (5)

where xi is a binary decision variable indicating the installation of a meter at bus i (1 if
installed, 0 otherwise).

2. Binary Decision Variables:

The decision variables are constrained to be binary, reflecting whether a smart meter
is placed at each bus:

xi ∈{0, 1}, ∀i = 1, . . . , Nb (6)

3. Power Flow Constraints:

The operational reliability of the distribution network must be maintained across all
scenarios. This includes adhering to AC power flow equations, ensuring that bus voltage
magnitudes and line thermal limits are respected:

Vmin ≤ Vi ≤ Vmax (7)∣∣Sij
∣∣ ≤ SMax

i,j (8)

In these equations, Vi represents the voltage at bus i, while Sij denotes the power flow
through the line between buses i and j. These constraints are verified using a backward–
forward load flow calculation, which ensures that the placement of smart meters does not
compromise the grid’s operational limits.

https://doi.org/10.3390/wevj17060308
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4. EV Charging Active Power Constraint

The active power demand of EV charging stations is constrained by their rated charg-
ing capacity. Let PEV,k denote the active charging power at EV station k, and Pnorm

EV,k represent
its nominal capacity. The charging power must satisfy:

0 ≤ PEV,k ≤ Pnorm
EV,k × EVscale (9)

where EVscale is the EV penetration factor used to model different levels of EV integration
in the network. The parameter EVscale, bounded between 0 and 1, regulates the effective
charging demand in accordance with the assumed EV penetration level. Equation (9) only
defines the operational charging-power limits of EVCSs and does not represent the full
stochastic EV charging model. The uncertainty of EVCS demand is modeled in Section 2.5
through scenario-based aggregate demand, while Equation (10) simply specifies the feasible
charging range of the stations.

2.4. Demand Response Model

In this study, demand response (DR) is modeled as a localized and conditional load
control mechanism, activated through smart meters installed at selected buses. Unlike
idealized DR models that assume full controllability, here the response is both partial and
scenario-dependent, reflecting practical operational limitations [28,29].

Specifically, when the system experiences high loading conditions (i.e., when the
scenario load factor exceeds a predefined threshold), the smart meters at equipped buses
temporarily reduce a portion of their controllable demand. This reduction is not continuous,
but rather is triggered only under stressed operating states, which allows the model to
capture realistic peak-shaving behavior rather than constant load curtailment [30].

Mathematically, the controllable demand at bus i is adjusted as:

PDR
i =

{
Pi(1 − δ), i f LF > LFth and xi = 1

Pi, Otherwise

}
(10)

where Pi is the original load at bus i PDR
i is the load after demand response, δ is the load

reduction factor (disconnect_fraction), LF is the system load factor, LFth is the threshold
for activating DR, and xi is a binary variable indicating the presence of a smart meter at
bus i. This mechanism allows partial load curtailment at selected buses during high-load
conditions, which helps mitigate substation peak demand and reduce network losses.
In this study, the controllable load reduction factor δ is assumed to be 0.2, meaning
that up to 20% of the demand at equipped buses can be temporarily curtailed during
high loading conditions. It should be noted that the adopted demand response model
represents the aggregated flexibility potential at the distribution level rather than the
detailed behavior of individual customers. In practice, DR effectiveness depends on
factors such as participation rates, load composition, and response characteristics, and
only a portion of the total demand is typically flexible. Therefore, the reduction factor
(δ = 0.2) is considered as an approximate share of controllable load available during
peak conditions. This simplified representation is commonly used in planning-oriented
studies to evaluate the system-level impact of demand-side flexibility while maintaining
computational tractability.

2.5. Uncertainty and Scenario Generation

In modern distribution networks, the integration of distributed energy resources and
flexible loads introduces significant stochasticity [30]. In this study, three primary sources
of uncertainty are considered: load demand fluctuations, intermittent PV generation,
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and aggregate scenario-based EVCS demand uncertainty. To evaluate the robustness
of the proposed smart meter placement strategy, a scenario-based stochastic approach
is employed.

The net power injection at each bus i under scenario s is determined by the individual
contributions of demand, PV output, and EV charging, formulated as:

Pnet
i,s = PD

i,s + PEVCS
i,s + PPV

i,s (11)

Each component is modeled as a stochastic variable around its nominal value:

PD
i,s = PD

i

(
1 + εD

i,s

)
(12)

PPV
i,s = PPV

i

(
1 + εPV

i,s

)
(13)

PEVCS
i,s = PEV

i

(
1 + εEVCS

i,s

)
(14)

where PD
i , PPV

i , and PEVCS
i represent the nominal values of load PV generation and EVCS

power consumption at bus i, respectively. The terms εD
i,s, εPV

i,s , and εEVCS
i,s denote the

random variables representing the forecasting errors of load demand and PV generation,
and the scenario-dependent aggregate uncertainty of EVCS charging demand, respec-
tively. To capture the probabilistic nature of these variables, Monte Carlo Simulation
(MCS) is utilized for scenario generation [30,31]. A set of S scenarios is generated by
sampling from the probability distributions of the uncertain parameters. This allows the
optimization algorithm to explore a wide range of operational conditions, from typical
load patterns to worst-case peak demand and low PV generation periods. The final
objective function is calculated as the expected value across all generated scenarios to
ensure a robust solution:

Favg
Total =

1
S

S

∑
s=1

(W1 × f1
s + W2 × f2

s + W3 × f3
s + W4 × f4

s) (15)

where S is the total number of scenarios and f1
s through f4

s are the objective function values
for scenario s. By incorporating this scenario-based framework, the smart meter placement
remains effective under diverse and unpredictable network states.

The random deviations associated with load demand, PV generation, and aggregate
EVCS charging demand are modeled using normally distributed random variables with
zero mean and predefined standard deviations. These deviations represent forecasting
errors and short-term variability commonly observed in practical distribution networks.
Therefore, the stochastic variables are assumed to follow normal distributions centered
around their nominal values. The standard deviations used for the random deviations are
selected based on representative variability levels commonly reported in the literature
for distribution system operation [30,31]. Specifically, load demand uncertainty reflects
short-term forecasting errors typically observed in distribution networks, PV generation
variability captures the intermittency caused by solar irradiance fluctuations, and EVCS
charging variability represents the uncertain arrival and charging patterns of electric
vehicles [18]. These assumptions allow the scenario generation process to realistically
emulate practical operating conditions while maintaining computational tractability for
the Monte Carlo simulation framework.
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3. NSGA-II Optimization Framework
The smart meter placement problem developed in this study leads to a constrained,

multi-objective, mixed-integer nonlinear optimization model. The combination of binary
installation variables, nonlinear power flow relationships, and scenario-based uncertainty
representation makes the problem difficult to solve using classical deterministic optimiza-
tion techniques. These methods typically struggle with the model’s high dimensionality
and non-convex search space. To address these challenges, a population-based evolutionary
algorithm—Non-Dominated Sorting Genetic Algorithm II (NSGA-II) [32,33]—is adopted
to compute a well-distributed set of Pareto-optimal solutions. NSGA-II has become one
of the most widely used optimization tools in multi-objective power system studies due
to its strong global search capability, robustness in handling nonlinear constraints, and
effectiveness in generating diverse and representative Pareto fronts.

• Multi-Objective Formulation

The optimization problem can be expressed in the general multi-objective form:

Min F(x) = ( f1(x), f2(x), . . . , fM(x)) (16)

subject to
x ∈ Ω (17)

where x denotes the decision vector and Ω represents the feasible solution space defined
by the operational and installation constraints of the system [32]. In the proposed model,
the decision vector consists of binary variables indicating the installation status of smart
meters at candidate buses.

• Dominance Relation and Non-Dominated Sorting

Instead of aggregating objectives into a single scalar function, NSGA-II relies on the
concept of Pareto dominance. A solution x1 is said to dominate another solution x2 if:

∀m ∈ {1, 2, . . . M}, fm(x1) ≤ fm(x2) (18)

and
∃m : fm(x1) < fm(x2) (19)

Based on this dominance relation, the population is partitioned into a set of non-
dominated fronts F1, F2, . . ., Fk. The first front F1 contains the best non-dominated solutions,
representing the current approximation of the Pareto front. Each solution is assigned a rank
according to its front index:

Rank (x) = i I f x ∈ Fi (20)

• Crowding Distance and Diversity Preservation

To maintain diversity among solutions within the same front, NSGA-II introduces a
crowding distance measure in the objective space [32]. The crowding distance for solution i
is defined as:

CDi =
M

∑
m=1

fi+1
m − fi−1

m
fmax
m − f min

m
(21)

where fi+1
m and fi−1

m represent the neighboring solutions in the sorted objective list [31].
Boundary solutions are assigned an infinite crowding distance to ensure their preservation
in the population.
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Selection is then performed using the crowded comparison operator, defined as:

xa < xb ⇐⇒ (Ranka < Rankb) ∨ (Ranka = Rankb ∧ CDa > CDb) (22)

This mechanism ensures that solutions with better rank are preferred, while diversity
is preserved among solutions belonging to the same front.

• Evolutionary Optimization Process

The evolutionary search begins with a randomly generated population of candidate
solutions. At each generation, offspring solutions are created through genetic operators
such as selection, crossover, and mutation. The parent and offspring populations are then
merged, and non-dominated sorting is applied to the combined set. The next generation is
selected based on rank and crowding distance:

Pt+1 = select (Pt ∪ Qt) (23)

where Pt and Qt denote the parent and offspring populations, respectively. This elitist strat-
egy ensures that high-quality solutions are preserved across generations while maintaining
diversity along the Pareto front.

After generating the Pareto-optimal set using NSGA-II, a representative best compro-
mise solution (BCS) is selected in a post-optimization step. For this purpose, the objective
values are normalized, and a compromise score is calculated for each Pareto solution based
on its Euclidean distance from the normalized ideal point:

BSC = Scorei

√√√√ M

∑
m=1

(
fm,i − fmin

m
fmax
m − f min

m + ε

)2

(24)

where fm,i is the value of the m-th objective for the i-th Pareto solution. The Pareto solution
with the minimum Scorei is selected as the best compromise solution. This criterion is
applied only after the NSGA-II search is completed and does not influence the Pareto-based
optimization process.

The main steps of the NSGA-II-based optimization framework used in this study are
summarized in Algorithm 1. The algorithm begins by generating an initial population
of feasible smart meter placement configurations. Each candidate solution is then eval-
uated through a scenario-based simulation environment, where uncertain load demand,
PV generation, and EV charging profiles are sampled. For every individual solution, a
distribution load-flow analysis is carried out to obtain the corresponding objective function
values. Following evaluation, the population is ranked through the non-dominated sorting
procedure, and crowding distance is computed to maintain diversity across the Pareto
front. Parent solutions are subsequently selected using binary tournament selection, and
genetic operators—crossover and mutation—are applied to generate new offspring. The
parent and offspring populations are combined, and an elitist selection mechanism is used
to construct the next generation. This iterative process continues until the predefined
maximum number of generations is reached, after which the final Pareto front is produced
as the set of optimal smart meter placement solutions.
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Algorithm 1: NSGA-II-based smart meter placement optimization

Input:
Network data, candidate locations, constraints, objective functions,
Npop, MaxGen, Pc, Pm

Output:
Pareto-optimal smart meter placement schemes

1: Generate the initial population Pt and set t = 0
2: Evaluate Pt through load flow analysis
3: Apply constraint handling and rank individuals using non-dominated sorting
4: Compute the crowding distance of individuals

5: while t < MaxGen do
6: Generate offspring Qt using selection, crossover, and mutation
7: Evaluate Qt and apply constraint handling
8: Form Rt = Pt ∪ Qt
9: Rank Rt using non-dominated sorting and crowding distance
10: Select the best Npop individuals to construct Pt + 1
11: Update Pt = Pt + 1 and t = t + 1
12: end while

13: Return the first Pareto front as the optimal smart meter placement schemes

• Application in Smart Meter Placement

In the proposed framework, each individual in the optimization population represents
a binary placement vector that specifies whether a smart meter is installed at each candi-
date bus. The quality of each candidate configuration is assessed through a scenario-based
evaluation process designed to capture the inherent uncertainties in system operation. For a
given placement pattern, multiple operating scenarios are generated to represent variations
in load demand, PV output, and aggregate EVCS charging demand. For every scenario, a
distribution load-flow analysis is performed using the backward–forward sweep method
to calculate bus voltage magnitudes, branch currents, feeder loading levels, and network
power losses. These operational results are then used to evaluate the objective functions of
the optimization model, including total technical losses, peak demand indicators, network
observability metrics, and the overall installation cost of smart meters. The final value of
each objective associated with a candidate solution is obtained from its scenario-based per-
formance over all simulated operating conditions. During the evolutionary search process,
the NSGA-II algorithm progressively improves the population by favoring non-dominated
solutions while maintaining diversity across the Pareto front. The final outcome of the
optimization is a set of Pareto-optimal smart meter placement strategies, each representing
a different trade-off between system performance enhancement and investment cost.

4. Simulation Results
This section evaluates the performance of the proposed NSGA-II framework in ad-

dressing the smart meter placement problem in radial distribution systems. The methodol-
ogy is applied to two widely used benchmark networks—the IEEE 33-bus and IEEE 69-bus
systems—under a variety of operating scenarios. To further demonstrate the effectiveness
of the optimization process, the results obtained using the proposed approach are com-
pared with those of several well-established population-based algorithms, including the
Gravitational Search Algorithm (GSA), the Shuffled Frog Leaping Algorithm (SFLA) [3],
the Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) [34],
and the Whale Optimization Algorithm (WOA) [35]. The comparative analysis highlights
the robustness, accuracy, and strong convergence behavior of the proposed NSGA-II-
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based solution method for smart meter placement. All simulations were carried out in
MATLAB 2023a on a computer equipped with an Intel Core i7 processor and 16 GB of
RAM. The optimization framework is implemented in MATLAB using a custom-developed
multi-objective genetic algorithm following the NSGA-II procedure. The algorithm uses a
population size of 100 and a maximum of 200 generations. Parent solutions are selected
using binary tournament selection, while crossover and mutation operators generate new
offspring. The crossover probability is set to 0.8, and mutation is applied to maintain
adequate diversity within the population. These parameter settings provide an effective
balance between exploration and exploitation, yielding consistent and well-distributed
Pareto-optimal solutions for the smart meter placement problem.

4.1. Justification of NSGA-II Parameter Settings

To justify the adopted NSGA-II parameter settings, the main parameters, including
population size, maximum number of generations, and crossover probability, were selected
based on preliminary examinations of convergence behavior, Pareto-front diversity, and
computational effort.

Smaller population sizes reduced computational time but could decrease solution
diversity and increase the risk of premature convergence, while larger populations only
slightly improved the spread of the Pareto front at the cost of a noticeably higher com-
putational burden. Therefore, a population size of 100 was selected as a balanced choice
between solution quality and efficiency. Similarly, increasing the number of generations
improved convergence mainly during the early stages of the search, whereas beyond
200 generations the improvement became marginal compared with the additional com-
putational time required. For this reason, the maximum number of generations was set
to 200. The crossover probability was also determined according to its influence on the
balance between exploration and exploitation. Lower crossover probabilities limited the
algorithm’s ability to explore new regions of the search space, whereas higher values did
not yield a meaningful further improvement in the obtained solutions. Accordingly, a
crossover probability of 0.8 was adopted. Overall, these parameter settings provided stable
convergence, satisfactory Pareto-front diversity, and acceptable computational efficiency
for the considered optimization problem.

For a fair comparison, all optimization algorithms considered in this study were
implemented under the same computational conditions. Specifically, the population size
was set to 100 and the maximum number of iterations/generations was set to 200 for
all algorithms. This setting ensured that the comparison among NSGA-II, GSA, SFLA,
and WOA was conducted under equivalent computational effort, and that the observed
differences in loss reduction and peak load improvement are mainly attributable to the
search performance of the algorithms.

The optimization study is carried out under four operating scenarios designed to cap-
ture different levels of uncertainty, EV penetration, and smart meter deployment constraints.

Scenario 1—Base case (EVscale = 0):

This scenario represents the reference operating condition without EVCS demand,
while the uncertainties in load demand and PV generation are still taken into account. It
serves as the baseline for comparing total system losses and peak demand.

Scenario 2—Full uncertainty with EV penetration (EVscale = 1, non_tech_coeff = 0.08):

In this scenario, the uncertainties associated with load demand, EVCS charging and
PV generation uncertainty are fully considered. This case evaluates the robustness of
the optimization framework under increased operational variability and higher network
loading conditions.
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Scenario 3—EV penetration with a strict meter budget (Max_meters = 6):

This scenario investigates the impact of restricting the number of installable smart
meters under conditions of combined load, PV, and EVCS uncertainties, reflecting realistic
budgetary constraints faced by distribution system operators.

Scenario 4—EV penetration with reduced non-technical losses (non_tech_coeff = 0.05):

This scenario assesses the sensitivity of the optimization results to lower non-technical
loss coefficients, while accounting for all three sources of uncertainty (load, PV, and EVCS).
It provides insight into the interaction between technical loss reduction and non-technical
loss mitigation. The optimization results for these scenarios are presented and discussed
for the IEEE 33-bus and 69-bus test systems in Sections 4.2 and 4.3.

4.2. 33-Node Test System

To evaluate the effectiveness of the proposed method, the IEEE 33-bus distribution
network is adopted as the primary test system. This radial feeder operates at a nominal
voltage level of 12.66 kV and consists of 32 distribution lines connected to a single substation
bus [35]. The total load demand of the system is 3715 kW of active power and 2300 kVAr
of reactive power, with all loads modeled as balanced three-phase demands representing
a mixture of residential, commercial, and industrial consumers. The single-line diagram
of the IEEE 33-bus system used in this study is shown in Figure 1. To reflect modern
distribution network conditions, PV units are installed at buses 6, 18, and 33, each rated
at 1000 kW. Additionally, EVCSs are integrated at buses 8, 25, and 30, with nominal
charging capacities of 500 kW each, scaled according to the EV penetration factor (EVscale).
This test configuration provides a realistic platform for examining the performance of
the proposed optimization framework under high levels of renewable generation and EV
charging demand.

Figure 1. Single-line diagram of the 33-bus test system [27].

The simulation results for the multi-objective smart meter placement problem, consid-
ering the presence of PV units and EVCSs in the IEEE 33-bus network, are as follows:
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Figure 2a–d illustrate the Pareto optimal fronts obtained using the proposed NSGA-II
algorithm for the IEEE 33-bus system under Scenarios 1–4. Each front represents the set of
non-dominated solutions reflecting the inherent trade-off between network losses, VDP and
peak demand in each operational condition. As expected, solutions with lower total losses
are often associated with higher peak demand values, indicating a clear trade-off between
these objectives. At the same time, improving network observability (reflected by lower
VDP values) and reducing investment cost introduce additional trade-offs among the objec-
tives. Therefore, for each scenario, a best compromise solution (BCS) is selected from the
Pareto front by simultaneously considering all four objectives, namely loss minimization,
peak reduction, VDP, and investment cost. While the 3D Pareto fronts in Figure 3 provides
an integrated overview of the four-objective optimization space, the precise evaluation of
solution quality and trade-offs is further supported by the numerical results of the BCS
presented in Table 2. This approach ensures a balance between visual conciseness and
quantitative depth while avoiding the need for numerous 2D projections for each pair
of objectives.

Table 2. Best compromise solutions for the IEEE 33-bus system.

Scenario Smart Meter Locations Investment (No. of Meters) Loss (kW) Peak (kW) VDP
1 7, 10, 16, 17, 24, 26, 27, 30, 31 9 156.4 2780 4.64
2 7, 8, 15, 23, 24, 25, 29, 30, 32 9 171.6 3500 7.15
3 9, 11, 27, 29, 31 5 209 3550 9.67
4 2, 8, 9, 10, 12, 31 6 171.4 3450 9.20

Across the four scenarios, the Pareto fronts reveal a clear trade-off among the three
key objectives: power loss, peak demand, and VDP. In all cases, as the algorithm seeks
to minimize total losses, the corresponding peak demand tends to increase, confirming
the conflicting nature of these objectives. Conversely, solutions that achieve a lower
VDP—indicating better network observability and voltage stability—often require slightly
higher investment or result in moderate increases in losses and peak demand. This pattern
highlights the inherent balance that must be maintained between efficiency, stability, and
infrastructure cost in smart distribution systems.

When the four scenarios are compared, Scenario 4 exhibits the widest and most dis-
tinct Pareto front, suggesting greater variability in optimal meter placements under its
operating conditions. This can be attributed to higher system dynamics caused by PV
generation and EV charging interactions. In contrast, Scenario 1 displays a more compact
and clustered Pareto set, indicating smoother trade-offs and more uniform performance
across objectives. Overall, the consistent spread of Pareto solutions across all cases demon-
strates the robustness of the optimization process and the adaptability of smart meter
placement strategies to varying network stress levels. Overall, Figure 2a–d confirm that
the proposed NSGA-II approach maintains strong adaptability and continues to produce
balanced and meaningful compromise solutions across all operating scenarios. Table 2
summarizes the best compromise solutions (BCS) extracted from the Pareto fronts for the
four scenarios. The table reports all objective values, including network power loss, peak
demand, observability penalty, and installation cost measured by the number of smart
meters deployed. Scenario 1 achieves the lowest power loss and peak reduction using nine
smart meters, while Scenario 3 offers the minimum-investment configuration with only
five meters, though at the expense of higher loss and peak values.
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Figure 2. Pareto optimal front obtained by the proposed NSGA-II algorithm for the IEEE 33-bus
system: (a) Scenario 1, (b) Scenario 2, (c) Scenario 3, (d) Scenario 4.
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Figure 3. Two- and three-dimensional Pareto trade-off solutions for the first system.

The repeated selection of certain buses across different scenarios can be explained by
their electrical significance in the IEEE 33-bus distribution system. These buses are generally
located in downstream sections or lateral branches where voltage drops and power losses
are more pronounced. Since power flow variations in these areas have a stronger effect
on the voltage profile and loss behavior of the network, installing smart meters at these
locations improves the observability of critical operating points. Furthermore, buses
connected through relatively high-impedance branches or located near heavily loaded
sections tend to exhibit higher voltage sensitivity. Therefore, their repeated appearance
in the optimal solutions indicates that the optimization algorithm identifies electrically
influential buses rather than selecting deployment nodes randomly.

The scenario-based results indicate a clear trade-off between smart meter investment
and technical performance. Scenario 1 delivers the best overall performance, achieving the
lowest power loss, peak demand, and VDP because of its more effective meter deployment
under the baseline condition. Although Scenario 2 uses the same number of meters, its loss,
peak demand, and VDP are all higher, showing that system performance depends not only
on the number of meters but also on their placement and the operating condition. A similar
pattern can be seen when comparing Scenarios 3 and 4. With one additional meter, Scenario
4 improves both loss and VDP compared with Scenario 3 and also slightly reduces peak
demand. Overall, the results confirm that greater or better-targeted observability generally
improves network performance, but peak demand reduction is still strongly influenced by
scenario conditions and meter allocation strategy.

Overall, the results demonstrate that the optimal number and placement of smart
meters strongly depend on the operating scenario and the associated network stress level.
Increasing the number of meters generally improves observability and reduces VDP, but the
extent of improvement in loss and peak demand remains scenario-dependent. These find-
ings provide useful guidance for distribution system operators in planning cost-effective
smart meter deployment strategies under varying network conditions.

In addition to the three-dimensional Pareto representations, this section examines the
two-dimensional Pareto fronts obtained for solving the problem. In Scenario 2, Figure 3
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presents the Pareto-optimal solutions obtained from the proposed multi-objective opti-
mization framework, illustrating the trade-off among three objective functions: network
loss, VDP, and investment in terms of the number of installed smart meters. The results
indicate that increasing the number of smart meters generally provides greater potential
for loss reduction and voltage-profile improvement; however, these improvements do
not follow a strictly uniform trend, highlighting the conflicting nature of the objectives.
Moreover, the simultaneous visualization of the solutions in both two-dimensional and
three-dimensional forms demonstrates that no single solution can achieve the best value
for all objectives at the same time. Therefore, Figure 3 confirms the ability of the proposed
method to generate a set of balanced non-dominated solutions for selecting an appropriate
smart-meter placement strategy.

For clarity, the performance improvement percentages reported in Table 3 are calcu-
lated using a scenario-specific but consistently defined base case. For each scenario, the
corresponding base case is obtained under the same operating conditions, including the
same load level, PV generation, EV charging demand, and scenario-related assumptions,
but without optimized smart meter deployment and without demand response control.
Therefore, the numerical base-case values may differ across scenarios; however, the baseline
definition is applied consistently within each scenario.

Table 3. Performance improvement achieved by optimal smart meter placement.

Scenario Base Loss (kW) Optimized
Loss (kW) Loss Reduction (%) Base Peak (kW) Optimized

Peak (kW) Peak Reduction (%)

1 222.6 156.4 29.74 3035 2780 8.40
2 301.5 171.6 43.08 3857 3500 9.26
3 275.2 209 24.06 3857 3550 7.96
4 229.3 171.4 25.25 3857 3450 10.54

The loss reduction and peak reduction percentages are calculated as follows:

Loss reduction (%) = [(Ploss,base – Ploss,algorithm)/Ploss,base] × 100

Peak reduction (%) = [(Ppeak,base – Ppeak,algorithm)/Ppeak,base] × 100

where Ploss,base and Ppeak,base denote the network loss and peak demand of the correspond-
ing scenario-specific base case, while Ploss,algorithm and Ppeak,algorithm denote the values
obtained by each optimization algorithm under the same scenario. This definition ensures
that the reported improvements are based on a consistent scenario-matched baseline.

The comparative results summarized in Table 3 demonstrate that the strategic place-
ment of smart meters can considerably reduce both power losses and peak demand under
all examined operating conditions. Among the studied cases, Scenario 2 achieves the high-
est efficiency improvement, with optimized meter deployment leading to a 43.08% decrease
in power losses. This pronounced improvement indicates that under highly stochastic
loading conditions, the optimized meter configuration can effectively identify critical feeder
sections and enhance operational efficiency.

In contrast, Scenario 3 exhibits more moderate gains, achieving a 24.06% reduction
in losses. This result can be attributed to the stricter meter installation constraint in this
scenario, which limits network observability and therefore reduces the achievable loss
mitigation. In terms of peak load management, the proposed optimization framework
also delivers consistent improvement across all scenarios, although with more moderate
percentages than those observed for loss reduction. The largest peak reduction is obtained in
Scenario 4, with a decrease of 10.54%, followed by Scenario 2 and Scenario 1 with reductions
of 9.26% and 8.40%, respectively. Scenario 3 shows the smallest peak improvement, with
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a reduction of 7.96%. These results confirm that the proposed approach is effective in
reducing peak demand under different operating conditions, while also indicating that
the extent of peak mitigation is strongly influenced by the specific scenario characteristics,
meter budget, and optimal placement strategy.

Table 4 presents a comparative evaluation of the proposed NSGA-II-based optimiza-
tion strategy against four well-known metaheuristic algorithms, namely GWO, SFLA, GSA,
and MOEA/D, for the IEEE 33-bus distribution system. The comparison is based on the
optimal trade-off solutions obtained from the corresponding Pareto fronts. It should be
noted that, due to differences in network conditions and component configurations—such
as the number and capacity of PV units and EV charging stations—direct quantitative
comparison with previously published studies is not practically meaningful. Therefore, the
comparison is carried out among the considered optimization methods under the same
simulation framework. To ensure statistical reliability, each algorithm was executed over
20 independent runs, and the average (AVG) and standard deviation (STD) values of both
power loss and peak demand were recorded.

Table 4. Comparison of the proposed method with other optimization algorithms (IEEE 33-bus system).

Method
Loss (kW) Peak (kW)

Number of Meters Best Meter Locations CPU Time (s)
AVG STD AVG STD

GSA 189.7 1.94 2993 15.64 9 6, 10, 14, 17, 23, 26, 28, 30, 31 39
SFLA 177.9 1.88 2925 15.15 9 7, 10, 15, 17, 23, 26, 27, 30, 31 45
GWO 166.4 1.56 2880 14.66 9 7, 9, 16, 17, 24, 26, 27, 30, 31 37

MOEA/D 159.5 1.49 2849 14.25 9 7, 15, 17, 23, 24, 25, 28, 30, 32 31
NSGA-II 156.4 1.45 2780 13.85 9 7, 10, 16, 17, 24, 26, 27, 30, 31 33

As shown in Table 4, NSGA-II achieves the best overall performance among all
compared methods, with the lowest average power loss of 156.4 kW and the lowest average
peak demand of 212 kW. In addition, it provides the smallest standard deviation values
for both loss (1.45) and peak demand (1.69), indicating superior convergence accuracy and
solution stability.

A direct comparison with MOEA/D further confirms the effectiveness of the se-
lected NSGA-II algorithm. Although MOEA/D provides competitive results, with an
average loss of 159.5 kW and an average peak demand of 2849 kW, NSGA-II achieves
superior objective values under the same smart meter investment level. Both algo-rithms
use nine smart meters; however, NSGA-II obtains a lower average loss of 156.4 kW and
a lower average peak demand of 2780 kW, indicating better technical performance. In
terms of computational effort, MOEA/D requires 31 s, while NSGA-II requires 33 s. This
shows that the improved optimization performance of NSGA-II is achieved with only a
marginal increase in CPU time. Overall, the comparison demonstrates that the proposed
multi-objective NSGA-II framework outperforms GSA, SFLA, GWO, and MOEA/D in
determining optimal smart meter placement for the IEEE 33-bus system, while main-
taining a balanced trade-off between loss reduction, peak demand mitigation, and
computational efficiency.

As illustrated in Figure 4, the proposed NSGA-II scheme demonstrates clear improve-
ments over the other optimization algorithms. In terms of power loss reduction, the proposed
method achieves approximately 6.01%, 12.08%, and 17.55% improvements compared with
GWO, SFLA, and GSA, respectively. A similar trend is observed for peak demand mitigation,
where the proposed method provides performance gains of 2.70%, 5.35%, and 7.62% relative
to GWO, SFLA, and GSA, respectively. These results further confirm the superior capability
of the proposed optimization framework in identifying smart meter placement strategies that
effectively reduce both network losses and peak demand.
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Figure 4. Improvement of proposed method over other algorithms.

Figures 5 and 6 present the boxplot distributions of the power loss and peak demand
obtained from 20 independent runs of each optimization algorithm. As illustrated in
Figure 5, the NSGA-II algorithm achieves the lowest median power loss with the smallest
variability, indicating a more stable and reliable convergence compared with GWO, SFLA,
and GSA. A similar pattern is observed in Figure 6 for peak demand, where NSGA-II again
outperforms the other methods by yielding both lower central values and narrower spread.
These results collectively demonstrate the superior performance and robustness of the
proposed optimization framework in achieving consistent and high-quality solutions for
smart meter placement in the IEEE 33-bus distribution system.

Figure 5. Boxplot of network loss for different algorithms.

https://doi.org/10.3390/wevj17060308

https://doi.org/10.3390/wevj17060308


World Electr. Veh. J. 2026, 17, 308 22 of 33

Figure 6. Boxplot of peak demand for different algorithms.

• Impact of the Revised Demand Response Model on Simulation Results

In order to enhance the realism of the demand response (DR) representation, the
model adopted in this study was modified to account for dynamic participation rates
and the rebound effect. Unlike the previous formulation, which assumed a fixed and
fully effective load reduction, the revised model reflects the fact that customer partic-
ipation is not always uniform and that part of the reduced demand may return after
the DR event. In this updated representation, the effective load reduction is calculated
as Pred(t) = α(t)·Pcut(t), where α(t) represents the dynamic participation rate. To ac-
count for the recovery of the shifted demand, a rebound component is introduced as
Preb(t) = β·Pred(t), where β is the rebound factor. Consequently, the final net load is
determined by PDR(t) = Pbase(t) – Pred(t) + Preb(t). By capturing the practical uncertainty
and imperfect effectiveness of demand response, the updated model provides a more
realistic and defensible basis for assessing the effectiveness of smart meter placement
strategies. As a consequence, the resulting values for power loss, peak demand, and
voltage deviation penalty are generally more conservative than those obtained from
the previous simplified model. However, these results are more practically meaningful,
as they avoid overly optimistic assumptions and instead offer a robust estimation of
the technical impacts on the distribution system.

Table 5 presents the best compromise solutions for the IEEE 33-bus system considering
the revised demand response model. The reported solutions were identified from the
obtained Pareto fronts based on an equal-weight normalization of the objective functions,
including power loss, peak demand, voltage deviation penalty, and number of installed
smart meters. Owing to the incorporation of dynamic customer participation and rebound
effect in the revised DR formulation, the obtained results are more practically representative
than those derived from the previous simplified model. Therefore, the solutions listed in
Table 5 can be regarded as the most balanced and technically defensible planning options
for the examined scenarios.
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Table 5. Best Compromise Solutions for the IEEE 33-bus system considering the revised demand
response model.

Scenario Smart Meter Locations Investment (No. of Meters) Loss (kW) Peak (kW) VDP

1 5, 8, 9, 10, 12, 16, 21, 24, 30 8 170.4 2840 7.08
2 9, 10, 11, 25, 28, 29, 30 7 198.6 3635.5 8.35
3 13, 17, 30, 32, 33 5 218 3695 11.27
4 2, 8, 9, 16, 24, 25, 29, 33 8 161.62 3440.2 8.13

Figure 7 illustrates the output of the proposed optimization method for Scenario 1
under the revised demand response model. As shown, the obtained Pareto solutions
represent the trade-off between investment, expressed as the number of installed smart
meters, and the technical performance indices including power loss, voltage deviation
penalty, and peak demand. The two-dimensional plots indicate that lower values of loss
and voltage deviation penalty are generally associated with higher investment levels,
whereas solutions with fewer installed meters tend to show weaker technical performance.
The three-dimensional Pareto front also highlights the inherent conflict among loss, peak
demand, and investment, confirming that no single solution can simultaneously achieve
the best values for all objectives. Therefore, Figure 8 clearly demonstrates the ability of the
proposed method to generate a diverse set of non-dominated solutions for Scenario 1, from
which the best compromise solution can be identified.

Figure 7. Two- and three-dimensional Pareto trade-off solutions considering the revised demand
response model.

Compared with the results obtained under the previous demand response formulation
in Table 2, the best compromise solutions reported in Table 5 are generally associated
with higher loss, peak demand, and voltage deviation penalty values. This difference is
mainly attributed to the fact that the previous DR model relied on a simplified fixed load
reduction assumption, which tended to overestimate the effectiveness of demand response.
In contrast, the revised DR model incorporates dynamic participation behavior and rebound
effect, thereby reducing the net amount of curtailed load and yielding more practically
representative outcomes. However, the comparison also reveals that the revised model
does not uniformly degrade performance; in some cases, such as Scenario 4, improved
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smart meter placement under the revised formulation leads to better overall technical
performance despite a higher investment level.

Figure 8. Single-line diagram of the 69-bus system.

4.3. 69-Bus Network

A typical 69-bus distribution network, which includes 68 branches, is shown in
Figure 8. The system has a total load of 3.8 MW and 2.69 MVAR. Detailed line and load
data are available in [36]. The network operates with a base voltage of 12.66 kV and
a base power of 10 MVA. The results obtained from the multi-objective optimization
of the smart meter placement problem in the distribution network are presented and
analyzed in this section. To emulate contemporary operating conditions in distribution
networks, four units are deployed at buses 18, 31, 50, and 61, each with a rated capacity of
1000 kW. In addition, three EVCSs are incorporated at buses 12, 35, and 64, each having
a nominal charging capacity of 500 kW which is adjusted according to the EV penetration
factor (EV_scale). Figure 9a–d show the three-dimensional Pareto fronts obtained for the
four studied scenarios, highlighting the trade-offs among network loss, peak demand,
and VDP.

Each subfigure represents one scenario and illustrates how the non-dominated solu-
tions are distributed in the objective space. Although the numerical ranges differ from
one scenario to another, a similar trend can be seen in all cases. In general, the spread
of solutions along the penalty dimension is more limited, while the variations in loss
and peak demand are more pronounced. This suggests that the penalty remains within a
relatively narrow range, whereas the trade-off between loss reduction and peak demand
mitigation leads to a wider distribution of feasible solutions. The shape and distribution of
the Pareto fronts also reflect the impact of EVCS and PV uncertainty on the optimization
results. Scenarios with higher uncertainty tend to produce a wider spread in the loss–peak
plane, indicating a larger set of feasible trade-offs and a more complex search space. By
contrast, scenarios with more stable operating conditions show more compact clusters of
solutions, which points to a more consistent optimization behavior. Overall, these figures
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help visualize how the proposed multi-objective framework behaves under different oper-
ating conditions and provide a clearer view of the solution space before selecting the best
compromise solution.

(a) 

(b) 

Figure 9. Cont.

https://doi.org/10.3390/wevj17060308

https://doi.org/10.3390/wevj17060308


World Electr. Veh. J. 2026, 17, 308 26 of 33

(c) 

(d) 

Figure 9. Pareto front solutions generated by the proposed NSGA-II algorithm for the IEEE 69-bus
system: (a) Scenario 1, (b) Scenario 2, (c) Scenario 3, (d) Scenario 4.

Table 6 summarizes the best compromise solutions obtained for the IEEE 69-bus
distribution system under four different operating scenarios. These solutions are selected
from the Pareto fronts as the best compromise solutions for each scenario, considering the
trade-off among network power loss, peak demand, and smart meter investment cost. The
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results clearly show that the optimal meter placement pattern changes across scenarios,
highlighting the strong influence of operating conditions on both the required number
of meters and their installation locations. In Scenario 1, the best compromise solution is
obtained by installing five smart meters at buses 11, 12, 59, 65, and 69. This configuration
results in a network loss of 153.61 kW, a peak demand of 2653.27 kW, and a VDP value
of 32. Scenario 2 requires six smart meters, installed at buses 11, 12, 35, 37, 58, and 65,
and leads to a network loss of 163.45 kW, a peak demand of 3258.00 kW, and a VDP
value of 33. Scenario 3 uses only three smart meters at buses 11, 12, and 35; however, this
lower investment level results in a higher network loss of 169.15 kW, a peak demand of
3315.00 kW, and the highest VDP value of 36. Scenario 4, with five smart meters installed
at buses 11, 12, 35, 59, and 65, achieves the lowest network loss of 79.34 kW. Nevertheless,
it has the highest peak demand of 3500.21 kW and a VDP value of 34, indicating that the
lowest-loss solution is not necessarily the most balanced solution when peak demand and
voltage performance are also considered.

Table 6. Optimal compromise solutions for the IEEE 69-bus system.

Scenario Smart Meter Locations Investment (No. of Meters) Loss (kW) Peak (kW) VDP

1 11, 12, 59, 65, 69 5 153.61 2653.27 32
2 11, 12, 35, 37, 58, 65 6 163.45 3258 33
3 11, 12, 35 3 169.15 3315 36
4 11, 12, 35, 59, 65 5 79.34 3500.21 34

In the IEEE 69-bus system, the optimal deployment nodes also show a consistent
pattern across the investigated scenarios. This behavior is mainly related to the radial
structure of the network, where buses located far from the substation or near highly loaded
laterals are more affected by voltage drops and loss variations. These buses are therefore
more sensitive to changes in active and reactive power flows. In addition, branches with
relatively high impedance increase the electrical impact of downstream buses on voltage
deviation and power losses. As a result, the repeated selection of these buses reflects their
importance for monitoring power flow distribution, voltage sensitivity, and line-impedance-
related effects in the network.

Scenario 2 deploys six smart meters at buses 11, 12, 35, 37, 58, and 65, yielding a
network loss of 163.45 kW, a peak demand of 3258.00 kW, and a VDP value of 33. In
comparison, Scenario 3 installs only three meters at buses 11, 12, and 35, but records the
highest loss value of 169.15 kW among the first three scenarios, along with a peak demand
of 3315.00 kW and the highest VDP value of 36. These observations show that the effec-
tiveness of smart meter placement depends not only on the number of deployed meters,
but more importantly on their locations and the spatial distribution of network stress.
Scenario 4 involves five meters installed at buses 11, 12, 35, 59, and 65 and achieves the
lowest loss value of 79.34 kW. This indicates that an appropriate meter configuration can
substantially improve loss reduction without increasing the investment level. Nevertheless,
Scenario 4 also exhibits the highest peak demand of 3500.21 kW and a VDP value of 34,
showing that its overall performance is less balanced when peak demand and voltage
deviation are considered simultaneously. Overall, the comparison confirms that the pro-
posed optimization framework effectively identifies deployment strategies that reflect the
trade-off between investment cost, loss reduction, peak demand mitigation, and voltage
performance under different operating scenarios.

In Scenario 2, Figure 10 provides a clearer interpretation of the feasible compromise
solutions by depicting the Pareto fronts associated with the smart-meter placement
problem. As the investment level increases when installing more meters, both network
loss and VDP tend to decrease, which reflects the positive impact of improved system
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observability and monitoring on operational performance. However, the behavior of the
solutions also indicates that the achieved benefits are not perfectly proportional to the
added investment, and beyond certain points the technical improvements become more
limited. This distribution of solutions highlights the existence of a trade-off region in
which decision-makers must balance economic cost against loss reduction and voltage-
quality enhancement, making the Pareto front an effective tool for identifying practically
attractive planning options.

Figure 10. Two- and three-dimensional Pareto trade-off solutions.

The dispersion observed in the investment vs. loss plot reflects the influence of optimal
placement strategies; for a given number of meters, different spatial configurations result in
varying levels of loss reduction, and the algorithm effectively identifies the non-dominated
configurations that provide the most efficient loss mitigation.

Figure 11 further illustrates the performance improvements achieved in the IEEE 69-bus
distri-bution system after applying the optimized smart meter placement strategy. As
shown, both power loss and peak demand are reduced across all four scenarios, confirming
the effectiveness of the proposed optimization framework under different operating con-
ditions. The largest loss reduction is observed in Scenario 4, reaching 24.10%, followed
by Scenario 3 with 20.50%, Scenario 2 with 16.80%, and Scenario 1 with 12.60%. In terms
of peak demand reduction, Scenario 4 also provides the highest improvement, with a
reduction of 10.51%. Scenario 3 and Scenario 1 achieve peak demand reductions of 8.65%
and 8.53%, respectively, while Scenario 2 shows the lowest peak reduction of 6.87%. Overall,
these results confirm that the proposed method can identify effective smart meter locations
and provide consistent technical benefits in terms of both loss reduction and peak demand
mitigation across diverse operating scenarios.

Table 7 summarizes the statistical performance of the proposed NSGA-II approach
and four benchmark metaheuristic algorithms, including MOEA/D, for the IEEE 69-bus
distri-bution system under Scenario 1. The results are reported based on 20 independent
runs using the average (AVG) and standard deviation (STD) values of network power loss
and peak demand. As shown in Table 7, the proposed NSGA-II method achieves the best
overall performance among all compared techniques. It records the lowest aver-age power
loss of 153.61 kW and the lowest average peak demand of 2653 kW. In addi-tion, NSGA-II
provides the smallest standard deviation values for both objectives, with an STD of 2.85
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kW for power loss and 14.35 kW for peak demand. These results indi-cate that NSGA-II
not only improves the objective function values but also demon-strates more stable and
robust convergence behavior over repeated runs. A direct comparison with MOEA/D
further confirms the advantage of the proposed method. Although MOEA/D shows
competitive performance, with an average loss of 157.25 kW and an average peak demand
of 2670 kW, it requires seven smart meters located at buses 3, 8, 15, 24, 34, 36, and 56. In
contrast, NSGA-II achieves lower loss and peak demand values using only five smart
meters located at buses 11, 12, 59, 65, and 69. Therefore, NSGA-II provides a more efficient
trade-off between technical performance and meter deployment cost. Compared with
the other benchmark algorithms, NSGA-II also outperforms GSA, SFLA, and GWO in
both objective functions. The reduction in average loss relative to GSA, SFLA, GWO, and
MOEA/D is approximately 21.55%, 15.41%, 9.27%, and 2.32%, respectively. Similarly, the
average peak demand obtained by NSGA-II is lower than those of GSA, SFLA, GWO, and
MOEA/D by about 6.23%, 3.61%, 1.60%, and 0.64%, respectively. Overall, these findings
verify that the proposed NSGA-II-based framework provides superior solution quality,
higher robustness, and better allocation efficiency compared with the other optimization
techniques consid-ered in this study.

Figure 11. Reduction percentages of loss and peak demand for the 69-bus system under four optimized.

Table 7. Comparison of optimization techniques, including the proposed approach, on the IEEE
69-bus test system.

Method
Loss (kW) Peak (kW)

Number of Meters Best Meter Locations
AVG STD AVG STD

GSA 195.8 5.98 2829.23 17.20 5 11, 12, 55, 62, 69
SFLA 181.6 4.66 2752.23 16.35 6 10, 11, 12, 59, 65, 69
GWO 169.3 3.76 2696.25 15.85 6 11, 12, 16, 59, 65, 69

MOEA/D 157.25 2.89 2670 14.88 7 3, 8, 15, 24, 34, 36, 56
NSGA-II 153.61 2.85 2653 14.35 5 11, 12, 59, 65, 69

Figures 12 and 13 present the boxplot distributions of network loss and peak demand
obtained from 20 independent runs of the compared optimization algorithms for the IEEE
69-bus system. The boxplots provide a visual representation of the variability, median
values, and dispersion of the solutions produced by each algorithm. As observed, the
NSGA-II algorithm consistently achieves the lowest median values for both network loss
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and peak demand. Moreover, the interquartile range and overall spread of the NSGA-II
results are noticeably smaller than those of GSA, SFLA, and GWO, indicating a more
concentrated distribution of solutions. This suggests that NSGA-II not only produces better
solutions on average but also maintains higher solution stability across multiple runs. In
contrast, the other algorithms exhibit wider distributions and greater variability, reflecting
less consistent performance. Overall, the statistical distributions illustrated in these figures
further confirm the reliability and effectiveness of the NSGA-II approach for the smart
meter placement optimization problem.

Figure 12. Boxplot of network loss for IEEE 69-bus system.

Figure 13. Boxplot of peak demand for IEEE 69-bus system.
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5. Conclusions
This study developed a multi-objective framework for smart meter placement in

distribution networks with integrated PV units and EV charging stations, where smart
meters were considered not only as monitoring devices but also as enablers of limited
demand-side control. The results showed that the proposed NSGA-II-based approach can
identify well-balanced placement schemes that improve multiple technical performance
indices simultaneously, including power loss, peak demand, and voltage deviation profile,
while avoiding excessive meter deployment. The comparative analysis on the IEEE 33-bus
and 69-bus systems confirmed that the proposed method consistently outperformed the
benchmark algorithms in the studied scenarios. Beyond the numerical improvements,
the results also indicate that the most effective meter locations are generally associated
with electrically remote and more heavily loaded buses. This suggests that smart meter
placement should be guided by network topology and operational sensitivity rather than
by uniform installation patterns. From a practical perspective, the findings highlight that
incorporating a simple rule-based load curtailment capability into the placement model
can enhance the operational value of smart meters under stressed conditions, especially in
networks with simultaneous PV penetration and EV charging demand. Therefore, smart
meter deployment can be interpreted not only as an observability enhancement measure,
but also as a flexible support mechanism for improving network performance.
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grid. Renew. Sustain. Energy Rev. 2017, 81, 2659–2671. [CrossRef]

7. Dehghanpour, K.; Wang, Z.; Wang, J.; Yuan, Y.; Bu, F. A survey on state estimation techniques and challenges in smart distribution
systems. IEEE Trans. Smart Grid 2018, 10, 2312–2322. [CrossRef]

8. Primadianto, A.; Lu, C.N. A review on distribution system state estimation. IEEE Trans. Power Syst. 2017, 32, 3875–3885.
[CrossRef]

9. Xygkis, T.C.; Korres, G.N.; Manousakis, N.M. Fisher information-based meter placement in distribution grids via the D-optimal
experimental design. IEEE Trans. Smart Grid 2018, 9, 1452–1461. [CrossRef]

https://doi.org/10.3390/wevj17060308

https://doi.org/10.1016/j.rineng.2026.109914
https://doi.org/10.1016/j.etran.2025.100537
https://doi.org/10.3390/electronics7110329
https://doi.org/10.1049/rpg2.12570
https://doi.org/10.1016/j.rser.2017.06.071
https://doi.org/10.1109/TSG.2018.2870600
https://doi.org/10.1109/TPWRS.2016.2632156
https://doi.org/10.1109/TSG.2016.2592102
https://doi.org/10.3390/wevj17060308


World Electr. Veh. J. 2026, 17, 308 32 of 33

10. Ginocchi, M.; Pacheco, D.; Pau, M.; Ponci, F.; Monti, A. Optimal meter placement for distribution system state estimation: A global
sensitivity analysis-based framework. In Proceedings of the 2023 IEEE 13th International Workshop on Applied Measurements
for Power Systems (AMPS), Bern, Switzerland, 27–29 September 2023.

11. Nainar, K.; Iov, F. Smart meter measurement-based state estimation for monitoring of low-voltage distribution grids. Energies
2020, 13, 5367. [CrossRef]

12. Cano, J.M.; Arboleya, P.; Ahmed, M.R.; Mojumdar, R.R.; Orcajo, G.A. Improving distribution system state estimation with
synthetic measurements. Int. J. Electr. Power Energy Syst. 2021, 129, 106751. [CrossRef]

13. Bhela, S.; Kekatos, V.; Veeramachaneni, S. Enhancing observability in distribution grids using smart meter and inverter data.
IEEE Trans. Smart Grid 2017, 9, 5953–5961. [CrossRef]

14. Raposo, A.A.M.; Rodrigues, A.B.; da Silva, M.d.G. Robust meter placement for state estimation considering Distribution Network
Reconfiguration for annual energy loss reduction. Electr. Power Syst. Res. 2020, 182, 106233. [CrossRef]

15. Poolla, B.K.; Cavraro, G.; Bernstein, A. State estimation for distribution networks with asynchronous sensors using stochastic
descent. In Proceedings of the IEEE Power & Energy Society General Meeting (PESGM), Denver, CO, USA, 17–21 July 2022.

16. Artale, G.; Cataliotti, A.; Cosentino, V.; Di Cara, D.; Guaiana, S.; Telaretti, E.; Panzavecchia, N.; Tinè, G. Incremental heuristic
approach for meter placement in radial distribution systems. Energies 2019, 12, 3917. [CrossRef]

17. Athanasiadis, C.L.; Papadopoulos, T.; Kryonidis, G.; Doukas, D. A review of distribution network applications based on smart
meter data analytics. Renew. Sustain. Energy Rev. 2024, 191, 114151. [CrossRef]

18. Neaimeh, M.; Wardle, R.; Jenkins, A.M.; Yi, J.; Hill, G.; Lyons, P.F.; Hübner, Y.; Blythe, P.T.; Taylor, P.C. A probabilistic approach to
combining smart meter and electric vehicle charging data to investigate distribution network impacts. Appl. Energy 2015, 157,
688–698. [CrossRef]

19. Tiwari, S.; Kumar, A.; Basetti, V. Multi-objective micro phasor measurement unit placement and performance analysis in
distribution system using NSGA-II and PROMETHEE-II. Measurement 2022, 198, 111443. [CrossRef]

20. Chintala, B.P.; Kumar, D.V. Multiobjective meter placement in active distribution system state estimation using inverse-model-
based multilabel Gaussian classification with adaptive reference point method. Int. Trans. Electr. Energy Syst. 2021, 31, e12935.
[CrossRef]

21. Ramesh, L. The role of PSO meter placement in distribution state estimation. WSEAS Trans. Power Syst. 2016, 11, 125–132.
22. Ivanova, A. Optimal PMU Placement in Active Distribution Networks. Ph.D. Thesis, Universitat Politècnica de Catalunya,

Barcelona, Spain, 2023.
23. Thomas, D.; Kotsakis, E. Energy management and optimal power scheduling in a smart building under uncertainty. In Smart

Cities-Their Framework and Applications; IntechOpen: London, UK, 2020.
24. Wu, X.; Hu, X.; Moura, S.; Yin, X.; Pickert, V. Stochastic control of smart home energy management with plug-in electric vehicle

battery energy storage and photovoltaic array. J. Power Sources 2016, 333, 203–212. [CrossRef]
25. Sattarpour, T.; Nazarpour, D.; Golshannavaz, S. Photovoltaic-based DG, smart meter, and capacitor allocation in distribution

networks Considering Distributed VAr Support of Converters. IU-J. Electr. Electron. Eng. 2016, 16, 2091–2099.
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