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Abstract

Under the background of the “dual-carbon” strategy and the ongoing energy
structure transition, the rapid penetration of distributed generation (DG) and
electric vehicles (EVs) has introduced bidirectional uncertainties on both the
supply and demand sides of distribution networks. To address the limita-
tions of traditional transformer planning methods that fail to simultaneously
capture the stochastic characteristics of DG and EVs, this paper proposes
a multi-objective optimization model for transformer layout planning con-
sidering source-load uncertainties. The model characterizes the stochastic
outputs of photovoltaic and wind power using Beta and Weibull distributions,
respectively, and adopts a Monte Carlo simulation framework to represent the
spatiotemporal distribution patterns of EV charging loads, thereby achieving
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coordinated modeling of source-load randomness. On this basis, a probabilis-
tic optimization framework is established to minimize the total life-cycle
cost-including transformer investment, network losses, and outage losses-
subject to voltage, current, and capacity constraints. Simulation results on
the enhanced IEEE 33-bus network verify that the proposed method can
effectively improve voltage regulation, cut line losses and operating costs,
and sustain system stability under substantial DG and EV penetration. The
research provides a systematic modeling approach and optimization reference
for transformer planning in distribution networks with high renewable energy
and EV integration.

Keywords: Distributed generation, electric vehicles, transformer layout,
probabilistic power flow.

1 Introduction

Against the backdrop of the continuous advancement of the “dual-carbon”
goals and the deep adjustment of the global energy structure [1–3], DG and
EVs have become the core driving forces and key influencing factors in
the upgrading of distribution networks. On the one hand, DG technologies
represented by photovoltaic (PV) and wind turbine (WT) align closely with
the requirements of energy transition due to their clean and low-carbon
characteristics. As of September 2023, China’s cumulative installed capacity
of distributed PV has exceeded 105 GW, making it a crucial component of
the clean energy system in distribution networks. On the other hand, as the
main carrier of transportation electrification, the number of EVs has been
increasing annually, and their role is gradually transforming into a major
load within distribution networks. The large-scale, coordinated integration
of DG and EVs has disrupted the traditional radial structure of single-source
distribution networks, accelerating their evolution into complex systems with
multiple sources and diverse loads. However, this transformation also brings
significant challenges associated with increasing uncertainties on both the
supply and demand sides.

From the supply perspective, DG output is highly dependent on mete-
orological conditions: PV generation exhibits intermittency due to diurnal
variations in solar irradiance and cloud coverage, while wind power output
fluctuates with stochastic wind speed changes, leading to instability. From
the demand perspective, EV charging load exhibits strong temporal and spa-
tial randomness, with residential charging typically concentrated during the
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evening peak hours of 18:00–22:00. The superposition of these uncertainties
on both sides tends to exacerbate voltage fluctuations, increase line losses,
and reduce transformer capacity margins [4–8], thereby posing serious threats
to the stability and reliability of power supply in distribution networks.

Extensive research has explored the impacts of DG and EVs on dis-
tribution network operation from multiple perspectives. In DG modeling,
[9] employed the Beta distribution to characterize PV output and the
Weibull distribution to describe wind speed variability. Reference [10]
proposed a hybrid optimization approach combining tabu search and the
Chu-Beasley genetic algorithm to simultaneously optimize the siting and
sizing of dispatchable/stochastic DG and fixed/switchable capacitor banks.
Reference [11] developed a two-level cooperative model predictive control
strategy for distributed PV systems, where the upper level ensures coor-
dinated operation of all PV units at a common available power ratio, and
the lower level applies dynamic matrix control to track reference signals.
Reference [12] presented a multi-period optimization strategy based on the
GRASP-TS metaheuristic algorithm, which jointly evaluates the maximum
hosting capacity of renewable DG and EVs under operational constraints
by coordinating EV charging and DG curtailment. To address unbalanced
voltage and undervoltage issues caused by high DG and EV penetration
in low-voltage networks, Reference [13] proposed a multi-objective opti-
mization method based on differential evolution. Reference [14] introduced
an autonomous EV charging coordination method using fitted Q-iteration
reinforcement learning to enhance system flexibility and PV utilization.
Reference [15] proposed a consumer-oriented multi-objective optimization
framework integrating distribution and transportation networks, where an
improved weighted teaching–learning-based particle swarm optimization
algorithm was used to jointly optimize the siting and sizing of EV charging
stations and DGs in three stages. Reference [16] focuses on the impact
of EV charging on the power quality of distribution networks. Through
case studies, hardware-in-the-loop simulation models, and field measure-
ment data, it integrates key parameters such as short-circuit power, power
factor, and harmonic distortion, and proposes the Electric Vehicle Charging
Grid Impact Index. This index enables predictive assessment of the poten-
tial impacts of charging facilities on the power grid, thereby providing a
supportive tool for grid management and the expansion of charging infras-
tructure. Reference [17] focuses on the modeling and analysis of integrating
renewable energy and EVs into microgrids. It investigates the effects of
EV charging and discharging on microgrid power quality, harmonics, and
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voltage, and further discusses V2G technology, charging infrastructure, and
various control strategies. Reference [18] analyzes real-world data on EV
users’ driving and charging behaviors and applies the Bootstrap method to
determine that a time step shorter than 10 minutes can ensure a confidence
level of over 95%. The study finds that only about 40% of EVs are plugged
in simultaneously, and approximately half of them are suitable for V2G
operation. Based on these findings, the reference proposes corresponding
charging management recommendations. Reference [19], from the perspec-
tive of distribution system operators, proposes a multi-period optimization
strategy based on the GRASP-TS metaheuristic algorithm. By coordinat-
ing operational resources such as EV aggregator charging and optimizing
DG curtailment, the method simultaneously evaluates the maximum hosting
capacity of renewable DG and EVs in distribution networks. The algorithm
features fast convergence and strong scalability. Reference [20] proposes
a framework that integrates the Whale Optimization Algorithm, CNN-
BiLSTM, Copula Model, and Nonparametric Kernel Density Estimation for
multi-time scale short-term wind farm power forecasting and uncertainty
analysis.

In summary, although existing studies have made considerable progress
in DG and EV modeling, load forecasting, and optimal scheduling, several
limitations remain in terms of systematic modeling and optimization for
transformer planning: Most studies treat DG and EV impacts separately,
lacking a unified framework for coordinated modeling and quantification of
source-load uncertainties; Traditional deterministic planning approaches fail
to reflect the stochastic characteristics of DG generation and EV charging
behaviors, leading to transformer capacity configurations deviating from
actual operational demands; Existing cost models primarily focus on invest-
ment or energy losses, without fully considering the dynamic variation of
life-cycle costs or their coupling relationship with voltage stability.

To tackle the aforementioned issues, this study develops a multi-objective
optimization framework for transformer allocation in distribution networks,
incorporating the coupled uncertainties of DG and EV integration. The
primary innovations of this work can be outlined as follows:

• Source-load uncertainty modeling: The stochastic characteristics of PV
and wind generation are modeled using the Beta and Weibull distribu-
tions, respectively, while the spatiotemporal distribution of EV charging
loads is simulated using the Monte Carlo method to achieve unified
modeling of source–load randomness;
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• Optimization framework: A multi-objective optimization model is con-
structed under probabilistic power flow constraints, minimizing the
life-cycle costs of transformer investment, network losses, and outage
losses to balance economic efficiency and operational reliability;

• Solution methodology: A hybrid solution strategy combining uncer-
tainty scenario generation and robust optimization is proposed to
enhance the stability and adaptability of planning decisions under high
DG and EV penetration.

The proposed research provides a generalized modeling framework and
decision-making reference for transformer planning in distribution networks
with high DG and EV integration, offering both theoretical significance and
practical value for achieving low-carbon, intelligent, and resilient power
distribution systems.

2 Modeling of Source-Load Characteristics in Distribution
Networks

2.1 Distributed Generation Characteristic Model

In this study, two typical types of DG-PV and WT are selected as research
objects. Since their output power is significantly affected by meteorolog-
ical conditions and exhibits strong random fluctuations, probabilistic and
statistical methods are required to characterize their inherent uncertainties.

2.1.1 PV output model
The output of a photovoltaic (PV) system is primarily influenced by variations
in solar irradiance. Solar radiation exhibits both periodic and instantaneous
fluctuations over time, resulting in significant randomness in PV power out-
put. To represent this characteristic, the solar irradiance can be modeled as a
random variable following a Beta distribution [21], and its probability density
function f(ξ) is used to describe the statistical distribution of irradiance:

f(ξ) =
Γ(α+ β)

Γ(α)Γ(β)

(
ξ

ξmax

)α−1(
1− ξ

ξmax

)β−1

(1)

where Γ(·) stands for the Gamma function; α and β are the Beta distri-
bution parameters derived from the mean and standard deviation of solar
irradiance; ξ and ξmax correspond to the observed and maximum irradiance
values.



466 Wenzhong Wang et al.

Consequently, the probability density function of photovoltaic output
power, denoted as f(PPV ), can be formulated as:

f(PPV ) =
Γ(α+ β)

Γ(α)Γ(β)

(
PPV

PPV,max

)α−1(
1− PPV

PPV,max

)β−1

(2)

PPV = ξAηe

α = µPV

[
µPV (1− µPV )

σ2
PV

− 1

]
β = (1− σPV )

[
σPV (1− σPV )

σ2
PV

− 1

] (3)

Where µpv and σpv denote the mean and variance of solar irradiance,
respectively; A represents the effective irradiance receiving area; ηe is the
energy conversion efficiency between solar energy and electrical energy; PPV

and PPV,max denote the actual and maximum active power outputs of the PV
system, respectively.

Once the probability distribution of solar irradiance is determined, the
probabilistic model of PV output can be obtained by exploiting the linear
relationship between photovoltaic power generation and solar irradiance,
expressed as:

Ppv,t,i = rt,iAt,iηi (4)

Where Pt,i denotes the active power output of the i-th PV station at time t,
At,i denotes the effective area of the corresponding PV module, ηi represents
the energy conversion efficiency of the i-th photovoltaic station.

2.1.2 WT output model
The time-varying characteristics of wind speed are the primary cause of
the stochastic fluctuations in wind power output and serve as a crucial
basis for performance analysis and power calculation of wind power sys-
tems. Since the distribution of wind speed is significantly influenced by
geographical and meteorological conditions, it is difficult to describe it
deterministically and it typically exhibits an asymmetric distribution pat-
tern. To accurately capture its statistical behavior, appropriate probabilistic
distribution models are commonly employed for fitting. Among them, the
Weibull distribution is widely used for wind speed characterization due to its
concise mathematical form, flexible parameters, and strong ability to match
measured wind speed data. The relationship between wind turbine output
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Pr

Vci Vr Vco
Figure 1 Variation of wind induction generator power output with wind speed.

power and wind speed exhibits a piecewise characteristic, as illustrated in
Figure 1.

Where Pr is the rated power, Vci is the cut-in wind speed, Vr is the rated
wind speed, and Vco is the cut-out wind speed. The slope and intercept of the
linear segment are denoted by k1 and k2, respectively.

The probability density function of the two-parameter Weibull distribu-
tion can be written as:

f(v) =
k

c

(v
c

)k−1
e−(

v
c )

k

(5)

Where k and c are the shape and scale parameters of the Weibull distribu-
tion, respectively. These parameters can be estimated using the sample mean
and standard deviation of wind speed. Given the sample mean µ and standard
deviation σ, the following relationships hold:

k =

(
σ

µ

)−1.086

(6)

c =
µ

Γ(1 + 1/k)
(7)

The probability density function of the active power output of wind
generation can be expressed as:

f(PWT ) =
k

k1c

(
PWT − k2

k1c

)k−1

exp

[
−
(
PWT − k2

k1c

)k
]

(8)

Then, if the cut-in and cut-out wind speeds of the i-th wind turbine are
set as Vi and Vi respectively, the time-series output power model of the wind
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turbine can be expressed as:

Pwt,t,i =



0 vt,i ≤ Vi

PN,i

VN − Vi
vt,i −

PN,i

VN − Vi
Vi Vi ≤ vt,i ≤ VN

PN,i VN ≤ vt,i ≤ Vi

0 vt,i ≥ Vi

(9)

The parameters of the Beta and Weibull distributions are estimated from
the sample mean and standard deviation of historical solar irradiance and
wind speed data, respectively. Variations in these parameters affect the dis-
persion and tail behavior of DG output scenarios generated by the Monte
Carlo process, which in turn influence probabilistic power flow results and
transformer capacity configuration by altering the frequency of extreme
operating conditions.

2.2 EV Charging Load Model

The large-scale penetration of EVs into the power grid tends to elevate system
load peaks, exhibiting an effect comparable to that of DG integration, and
consequently poses challenges to grid security and operational stability. In
this study, the daily driving distance of residential EVs is assumed to follow
a lognormal distribution [22], expressed as:

fs(x) =
1

x

1

σs
√
2π

exp

(
−(lnx− µs)

2

2σ2
s

)
(10)

Where the mean value is set as µs = 3, and the variance as σs = 0.8.
The starting charging time is assumed to follow a normal distribution,

that is:

ft(x) =


1

σs
√
2π

exp

(
−(x− µs)

2

2σ2
s

)
µs − 12 < x < 24

1

σs
√
2π

exp

(
−(x+ 24− µs)

2

2σ2
s

)
0 < x < µs − 12

(11)

The total charging load of EVs can be expressed as:

PEV =

NEV∑
i=1

PEV,i • δi(t) (12)
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Here, NEV denotes the number of EVs in the distribution area, and δ(t) is
a binary variable, where δ(t) = 1 indicates that the i-th is charging at time t.

3 Probabilistic Power Flow Modeling for Distribution
Networks

Using the time-series generation and load models for DGs and EVs intro-
duced above, this chapter establishes a probabilistic power flow framework
for distribution networks and proposes the corresponding computational
methodology. The proposed method is designed to effectively address the
uncertainties arising from DG integration, thereby improving voltage stability
and mitigating power losses within the distribution system.

3.1 Objective Function

Taking into account the operational costs and voltage regulation requirements
of Active Distribution Networks (ADNs), this study formulates an objec-
tive function that minimizes a linearly weighted sum of system loss costs,
switching operation costs, and overall voltage deviation:

fmin = WT floss +Wvfv (13)

Where WT and Wv are coefficients determined by the Analytic Hierar-
chy Process [23]; floss refers to the system loss cost, and fv indicates the
magnitude of voltage deviation within the system:

floss = Closs

NT∑
t=1

∑
ij∈Ω

rijI
2
t,ij∆t+

NT∑
t=1

NN∑
i=1

PDT,loss
t.i ∆t

 (14)

Where Closs is the cost coefficient of system losses; NT denotes the
calculation period; brepresents the set of branches excluding the newly added
DT; rij is the resistance of branch i − j; It,ij is the current of branch i − j
at time t, which must satisfy the line current-carrying capacity constraint
as shown in Equation; ∆t is the unit time interval; NN denotes the total
number of system nodes; and PDT,loss

t.i represents the power flowing through
the newly added DT at time t.

To ensure that the voltage remains within the desired range, fv is defined
using a voltage interval control strategy, expressed as follows:

fv =

NT∑
t=1

NN∑
i=1

|U2
t,i − U2| (15)
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Where Ut,i and U represent the voltage at node i and the desired voltage
range at time t, respectively. They satisfy the following conditions:

3.2 Constraints

3.2.1 System constraints
The system constraints mainly include the operating constraints of the dis-
tribution network and the operational constraints of power flow control
devices:∑

ij∈Ωb

(Pt,ij − rijI
2
t,ij) + Pt,j +

∑
ij∈Ω0

PDT
t,ij =

∑
ik∈Ωb

Pt,jk +
∑
ij∈Ω0

PDT
t,jk

(16)∑
ij∈Ωb

(Qt,ij − xijI
2
t,ij) +Qt,j +

∑
ij∈Ω0

QDT
t,ij =

∑
ik∈Ωb

Qt,jk +
∑
ij∈Ω0

QDT
t,jk

(17)

U2
t,i − U2

t,j − 2(rijPt,ij + xijQt,ij) + (r2ij + x2ij)I
2
t,ij = 0 (18)

U2
t,ijI

2
t,ij = P 2

t,ij +Q2
t,ij (19)

Where Ωb denotes the set of branches excluding the newly added DT;
Pt,ij and Qt,ij represent the active and reactive power of branch i− j at time
t; xij denotes the reactance of branch i − j; Pt,j and Qt,j represent the total
active and reactive power injections at node j at time t; PDT

t,ij and QDT
t,ij denote

the active and reactive power of the newly added DT on branch i− j at time
t; Pt,jk and Qt,jk represent the active and reactive power of branch j − k at
time t; PHDT

t,jk and QHDT
t,jk denote the active and reactive power of the newly

added DT on branch j − k at time t; Pt,i and Qt,i represent the total active
and reactive power injections at node i at time t; Pt,i and Qt,i represent the
total active and reactive power at node i at time t.

The additional active and reactive power variables associated with newly
installed distribution transformers represent the power transferred through
these transformers at each time step. By acting as power transfer interfaces
between upstream and downstream network segments, these variables enable
the model to capture the role of transformer placement and sizing in voltage
regulation, power flow allocation, and loss redistribution under stochastic
operating conditions.
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3.3 DG Operating Constraints

PDGs
t,i = PDGs,re

t,i (20)

QDGs
t,i = PDGs

t,i tan θDGs
i (21)√

(PDGs
t,i )2 + (QDGs

t,i )2 ≤ SDGs
i (22)

Where PDGs,re
t,i represents the predicted active power at node i at

time t; θDGs
i denotes the power factor angle of the DGs at node i; SDGs

i
represents the installed capacity of the DGs at node i.

3.3.1 EV charging station power constraints
PEV,min ≤ PEV ≤ PEV,max

QEV,min ≤ QEV ≤ QEV,min

P 2
EV +Q2

EV ≤ S2
EV

(23)

Where PEV and QEV denote the active and reactive power of the EV
charging station, respectively; SEV represents the rated capacity of the
charging station.

4 Case Study

This study adopts an enhanced IEEE 33-bus distribution system as the test
platform to validate the proposed probabilistic power flow approach for
DT layout planning under high-DG-penetration conditions. Building on the
original IEEE 33-bus model, structural and parametric modifications are
introduced to incorporate DG and EV integration scenarios. The capacities,
categories, and connection locations of various distributed generators and
loads are explicitly configured to more accurately represent the operational
characteristics of distribution networks with high penetration levels.

Using this refined model, power flow regulation simulations are per-
formed in conjunction with DT layout planning. To account for source–
load uncertainties, 100 stochastic input scenarios are generated using the
Monte Carlo method as a compromise between computational efficiency
and statistical representativeness. The stability of the simulation results is
evaluated by examining key probabilistic indicators, including node voltage
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probability distributions and the frequency distribution of the objective
function. Comparative analyses of voltage profiles, branch current levels,
network losses, and equipment switching frequencies under different control
strategies show consistent statistical characteristics across scenarios, indi-
cating that the selected number of scenarios is sufficient to ensure result
robustness. Overall, the results demonstrate that the proposed optimization
and planning framework substantially enhances voltage regulation capabil-
ity and system robustness, while effectively reducing energy losses and
switching actions in coordinated DG–EV high-penetration environments.

4.1 The Case Parameters

The topology of the improved IEEE 33-bus distribution system is shown in
Figure 2, with the system’s rated voltage UN = 12.66 kV. In this study,
the original network has been specifically adjusted to better reflect the actual
operating characteristics under high-penetration scenarios of DG and EVs.
The connection locations of DG units and EV charging loads are selected
based on typical distribution network planning principles, including feeder
length, load density, and practical suitability for renewable and transportation
electrification integration. Specifically, DG units are installed at electrically
weak or downstream buses to enhance local voltage support, while EV charg-
ing loads are distributed according to residential load concentration and travel
electrification characteristics, improving the engineering representativeness
and reproducibility of the case study.

The load at each bus primarily consists of EV charging demand, supple-
mented by basic residential and public service loads, thus forming a distri-
bution pattern dominated by transportation electrification. By incorporating
the EV charging power curve and its temporal distribution characteristics into

Figure 2 Improved IEEE 33-bus distribution system.
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Table 1 Parameters of DGs
Wind Turbine Photovoltaic

Access node 13 30 7 10 24 27
DG output rating (kVA) 800 1200 800 1200 800 1200

Figure 3 Output power of the wind turbine generator.

Figure 4 Output power of the PV station.

the power flow calculation process, the dynamic impact of charging behavior
on bus voltage distribution and line power flow can be more accurately
represented.

As illustrated in Figure 2, the case study system integrates wind turbine
generators at buses 13 and 30, while distributed PV units are installed at buses
7, 10, 24, and 27. The operational parameters and output characteristics of the
wind turbine at bus 13 and the PV installation at bus 7 are provided in Table 1,
Figures 3, and 4, respectively.
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4.2 Analysis of Effect

To verify the voltage security capability of the proposed distribution trans-
former layout planning model under high-penetration DG and EV integration
conditions, this study generates 100 sets of source-load random scenarios
using the Monte Carlo method after the planning optimization. Probabilistic
power flow calculations are then performed, and the voltage probability
distribution across all buses and time periods is statistically analyzed, as
shown in Figure 5.

In the statistical results after planning optimization, the voltage prob-
ability density notably converges within the 0.96–1.00 pu range, while
the probability in the low-voltage tail region is significantly reduced. This
indicates that the overall network voltage distribution has shifted from a
“wide-dispersion” pattern to a “concentrated” one, with both the fluctuation
amplitude and the tail risk of occasional undervoltage substantially mitigated.
From the perspective of the relationship between distribution characteristics
and operational risk, this transformation can be interpreted as follows:

• Reduced dispersion implies that under the same level of source-load
uncertainty, the sensitivity of node voltages to random disturbances
decreases.

• Increased kurtosis and shortened left tail suggest that undervoltage
events in extreme scenarios have been effectively “truncated.”

• Improved quantile alignment reflects enhanced consistency of sys-
tem performance across “worst-case–typical–best-case” conditions after
planning.

Figure 5 Voltage frequency distribution of all buses over the entire time horizon.
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Considering the physical mechanism of source-load randomness, it can be
observed that during the evening peak period – when EVs charge intensively
and DG outputs fluctuate transiently – nodes at the network extremities
and weakly supported regions are more prone to voltage drops before opti-
mization. The proposed planning scheme, through optimized transformer
sizing and placement, as well as coordinated reactive power and power flow
path management, significantly enhances local voltage support and network
stiffness. As a result, previously dispersed low-voltage samples are effectively
“pulled back” toward the main peak region. It is worth noting that a very small
probability of low-voltage tail events still remains after planning, which is
attributable to unavoidable overlaps of extreme scenarios. However, both their
occurrence probability and impact range have been substantially compressed,
representing a controlled tail risk.

In summary, the threefold characteristics of main peak elevation, vari-
ance convergence, and tail shortening in the voltage frequency distribution
statistically validate the proposed planning model’s adaptability to DG/EV
uncertainty and its systematic enhancement of voltage security margin.
This provides a solid foundation for subsequent reliability assessments
and operation–maintenance strategy coupling under probabilistic or chance-
constrained frameworks.

To further characterize the post-planning voltage evolution of the system
from a dual-scale perspective of nodes and time, this study selects Node 7
to illustrate its voltage contour distribution. First, Node 7 is chosen because
it is located deep within the feeder and is adjacent to typical DG/EV access
areas, thus exhibiting representative marginal node characteristics. Second,
compared with central backbone nodes, this node’s voltage is more sensitive
to time-varying source-load disturbances, making it ideal for highlighting the
planning scheme’s voltage support effectiveness for weak nodes. Therefore,
analyzing this node provides insights into potential voltage security bottle-
necks. Third, instead of conventional line plots, the contour map format
is adopted because it can simultaneously depict the relationships among
time variation, voltage level, and probability density in a two-dimensional
visualization. This enables a more intuitive representation of the continuous
temporal evolution of voltage. Hence, employing a voltage contour map
offers clear advantages in terms of time–amplitude joint visualization.

From the contour distribution, it can be observed that after planning
optimization, the voltage at node 7 exhibits a continuously stable profile
throughout the day. The voltage contour bands remain clearly continuous
around the 0.97–1.00 pu range, with no longer any “high–low discontinuities”
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Figure 6 Voltage contour distribution at node 7.

Figure 7 Local voltage profile from 4:00 to 11:00.

Figure 8 Local voltage profile from 18:00 to 11:00.

that existed before optimization. This indicates that the planning process not
only improved the average voltage level but also effectively reduced temporal
voltage nonuniformity. In addition, the voltage shows a slight rise during
early-morning low-load periods and a mild drop during evening peak loads,
yet it remains within the qualified range overall. This demonstrates that the
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system, after optimization, can maintain a stable voltage support capability
even under alternating “low-generation–high-load” conditions.

Furthermore, to enhance the interpretability of the temporal distribution
characteristics, two typical time windows 4:00–11:00 and 18:00–21:00 are
selected for localized magnification. The former represents the early morning
to forenoon period, during which DG output gradually increases while EV
load remains relatively low, characterizing a transition from “low-source to
high-source” conditions. The latter corresponds to the evening peak when res-
idents typically charge their EVs, representing a “high-load with insufficient
DG support” scenario that is most unfavorable for voltage stability.

The localized contour maps provide a clearer depiction of the detailed
“continuous voltage evolution over time.” During the 4:00–11:00 window,
as PV output gradually rises, the nodal voltage exhibits a smooth upward
trend without noticeable jumps, indicating that the post-planning system
maintains strong voltage buffering capability. In contrast, during the 18:00–
21:00 high-load period, although the voltage experiences a slight decline, it
remains within the desired range and the contour density shows no significant
distortion. This demonstrates that the proposed planning effectively mitigates
the voltage impact of concentrated EV charging on weak nodes.

In summary, the verification from three aspects-rationality of node selec-
tion, temporal continuity, and sensitivity under local extreme conditions-
demonstrates that the post-planning distribution transformer layout signifi-
cantly enhances the temporal voltage stability of weak boundary nodes. The
voltage evolution transitions from a state of “frequent fluctuation” to one of
“continuous smoothness,” fully reflecting the proposed planning scheme’s
adaptability to source–load uncertainty and its effectiveness in ensuring
voltage security.

To evaluate the economic efficiency and robustness of the proposed
planning scheme under source–load uncertainty, this study performs batch
calculations of the objective function across 100 Monte Carlo scenarios after
optimization and plots the frequency distribution of the resulting objective
values. The purposes of constructing this figure are threefold:

• Representation of stochastic cost variation: Because the objective func-
tion incorporates a linearly weighted sum of line loss cost, switching
operation cost, and voltage deviation penalties, the resulting optimal
operating cost is not deterministic. Instead, it behaves as a random
variable influenced by the variability of DG and EV outputs. The fre-
quency distribution effectively depicts the range of cost fluctuations
across different stochastic scenarios.
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Figure 9 Histogram of objective function value frequency distribution.

• Capturing statistical characteristics: From the perspective of frequency,
statistical dimensions such as mean, variance, skewness, and tail behav-
ior can comprehensively describe how extreme scenarios affect eco-
nomic performance, thereby overcoming the limitations of using a single
expected value.

• Comparative analysis: By comparing the distribution shape before and
after planning, one can visually assess the degree of improvement in
cost concentration and tail risk mitigation, thus verifying the overall
effectiveness of the proposed model in achieving the dual objectives of
economy and security.

From the frequency distribution results of the objective function, it can
be observed that after the planning optimization, the objective values exhibit
higher concentration and a downward shift in the mean. The main peak of the
objective function becomes more prominent, the overall distribution range
narrows, and the peak position shifts leftward compared to the unplanned
case. This indicates that under the same level of source–load uncertainty,
the total operating cost of the system decreases, and the optimal operating
point becomes less sensitive to random disturbances. In addition, the dis-
persion among objective function samples is significantly reduced, showing
that under complex conditions where wind and solar output fluctuations
coexist with the spatiotemporal clustering of EV charging, the optimized
system operation is more stable, presenting smaller cost fluctuations for the
same uncertainty level. This demonstrates the enhanced robustness and cost
predictability of the system after planning. Meanwhile, the probability of
the distribution tail also contracts noticeably-particularly on the high-cost
side-indicating that the cost impact of rare but extreme adverse scenarios
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has been effectively mitigated. This finding aligns with the earlier conclusion
from the voltage frequency distribution, where the “low-voltage tail shorten-
ing” phenomenon was observed: as voltage stability improves, line losses and
voltage deviation penalties decrease correspondingly, achieving a synergistic
improvement in both economic efficiency and operational security.

From a physical perspective, the convergence of the distribution is pri-
marily driven by three synergistic mechanisms. First, the optimized selection
of transformer capacity and substation location shortens power flow paths,
leading to simultaneous reductions in both the mean value and fluctua-
tion amplitude of the line loss term floss. Second, the coordinated control
among reactive power regulation devices-such as capacitors and tap changers-
effectively suppresses extreme scenarios in the voltage deviation term fv.
Third, the optimized switching strategy enables smoother device operation,
avoiding frequent large-scale actions and thereby reducing the probability of
extreme values in the switching cost term fswitch. Collectively, these three
mechanisms result in a global statistical trend characterized by an elevated
main peak and a contracted tail in the frequency distribution of the objective
function.

In summary, the frequency distribution results of the objective function
fully demonstrate that the proposed distribution transformer layout plan-
ning method achieves comprehensive performance improvements in terms
of lower average cost, reduced cost fluctuations, and mitigated tail risk
in a probabilistic sense. Compared with traditional deterministic planning
schemes based solely on typical operating conditions, this study incorporates
joint modeling and scenario-based evaluation of wind-solar generation and
EV charging behaviors. As a result, the optimization outcomes more accu-
rately reflect the actual operational state distribution under high-penetration
source-load conditions, thereby realizing enhanced economic efficiency and
risk mitigation simultaneously at the planning level. This further verifies the
engineering applicability and practical value of the proposed model in power
systems with a high share of distributed generation and electric vehicles.

5 Conclusion

This study addresses the DT layout planning problem in distribution networks
with high penetrations of DGs and EVs, and develops a multi-objective opti-
mization model that explicitly incorporates source–load uncertainties. The
stochastic characteristics of PV and wind power generation are represented
using Beta and Weibull distributions, respectively, while the spatiotemporal
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variability of EV charging demand is modeled through Monte Carlo simula-
tion, thereby forming an integrated uncertainty characterization framework.
DG output uncertainty primarily affects voltage rise and fluctuation during
high-generation periods, while EV charging uncertainty mainly contributes
to voltage drops and increased line loading during evening peaks.

Building on this foundation, an optimization planning scheme is con-
structed to minimize the total life-cycle cost-including transformer invest-
ment, network losses, and outage-related costs – while ensuring compliance
with voltage, current, and equipment capacity constraints. Simulation studies
based on an enhanced IEEE 33-bus system verify that the proposed model
significantly improves voltage profile performance, reduces line losses, and
lowers overall operational expenditure under complex multi-source and
multi-load conditions. The improvement of voltage profiles and the reduction
of power flow dispersion also help alleviate line loading stress and lower the
risk of overload. Compared to traditional deterministic planning methods, the
proposed framework shows clear advantages in transformer sizing rationality,
voltage stability, and operational resilience.

In conclusion, the DT layout planning framework developed in this work
provides both a systematic modeling methodology and a practical optimiza-
tion strategy for distribution networks operating under high penetrations of
DGs and EVs. It offers meaningful theoretical and engineering guidance
for promoting low-carbon, intelligent, and resilient operation of modern
distribution systems. Future research may further investigate the coordinated
effects of energy storage systems and demand-response resources to develop
more adaptive and cost-efficient integrated energy planning models.
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