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ABSTRACT: To address the operational uncertainties and power quality challenges brought by high-penetration

distributed energy integration into distribution networks, this paper proposes a precision renovation optimization

method for active distribution networks (ADNs) that considers probabilistic power �ow. First, based on probabilistic

power �ow analysis, a comprehensive power quality evaluation index system is constructed to accurately quantify

the impact of uncertainties caused by photovoltaic �uctuations on distribution network power quality under high-

penetration distributed photovoltaic (PV) scenarios. On this basis, a precision renovation optimization model is

established with the goals of minimizing renovation cost, maximizing renewable energy hosting capacity, and optimiz-

ing the comprehensive power quality index, thereby achieving coordinated optimization of economic and operational

performance. To address the challenges of solving this high-dimensional, mixed-variable, and strongly constrained

model, an Adaptive and Feedback-enhanced Multi-strategy Particle Swarm Optimization (AFM-PSO) algorithm

is proposed. �is algorithm incorporates structured particle encoding, a dynamic information entropy feedback

mechanism, and a local perturbation strategy, signi�cantly improving search e�ciency and convergence accuracy,

making it suitable for rapidly solving complex distribution system renovation problems. Finally, the e�ectiveness of

the proposed model and algorithm is veri�ed using an IEEE 33-node distribution system with high-penetration PV

integration as a simulation platform. �e results demonstrate that the proposed method signi�cantly enhances system

voltage stability and renewable energy hosting capacity while controlling renovation costs, validating its superiority in

achieving re�ned renovation and e�cient operation of distribution networks.

KEYWORDS: Active distribution networks; distribution network upgrade; probabilistic power �ow; power quality

evaluation index; multi-strategy particle swarm algorithm

1 Introduction

With the continuous advancement of China’s dual-carbon goals and the construction of new power

systems, the penetration rate of renewable energy in the grid has been gradually increasing [1–3]. For

distribution transformer areas with high-proportion distributed generations (DGs) integration, the inter-

mittency and volatility of renewable energy output combined with aging grid equipment may lead to power

quality issues such as reverse power �ow and voltage limit violations [4,5].�erefore, to accommodate high-

penetration distributed generation, it is imperative to promote the upgrade and upgrading of traditional
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distribution networks, improve power quality, and facilitate the high-quality development of modernized

distribution system.

Currently, scholars worldwide have conducted extensive research on the upgrade of ADNs, primarily

focusing on network recon�guration and feeder-area upgrade [6]. Reference [7] proposed a rapid net-

work recon�guration strategy based on case-based reasoning (CBR) and the HATSGA hybrid algorithm,

constructing a CBR-SGRec framework that accelerates decision-making through historical case retrieval,

enabling large-scale distribution network topology optimization while reducing computation time and

enhancing self-healing capability. Reference [8] adopted a hybrid approach combining genetic algorithms

and linear programming to develop an optimization model aimed at maximizing distributed photovoltaic

(PV) hosting capacity, mitigating voltage rise and network loss issues through dynamic network topology

adjustment. Reference [9] integrated the grey wolf optimizer (GWO) with power �ow calculation methods

to optimize DGs-integrated feeder recon�guration, achieving reduced power losses and improved voltage

pro�le. Reference [10] employed a modi�ed binary particle swarm optimization (BPSO) algorithm to

aggregate diverse load types through feeder recon�guration, enhancing feeder load factor while reducing

power supply costs. Reference [11] utilized the ant lion optimizer (ALO) to simulate hunting mechanisms

for optimizing distribution network switch states while maintaining radial structure, thereby minimizing

network losses and improving voltage distribution. Reference [12] developed a reinforcement learning

method based on deep deterministic policy gradient (DDPG), proposing a safe action correction frame-

work to satisfy line �ow constraints, enabling rapid and secure load transfer and distribution network

recon�guration. Reference [13] introduced an improved particle swarm clustering algorithm that integrates

distributed energy resources and energy storage systems (ESS), constructing an intelligent recon�guration

optimization model for DGs and ESS integrated distribution networks with objectives including non-

distributed energy sources, energy losses, and voltage stability. Reference [14] proposed a dynamic simulated

annealing particle swarm algorithm that treats network loss and voltage deviation as objective functions,

constructing a multi-objective optimization model for DG-integrated distribution network recon�guration

by incorporating Pareto principles and fuzzy membership functions. �ese studies have achieved notable

results in multi-timescale coordinated planning for distribution network renovation and consideration of

multiple uncertainty factors. However, most of these works primarily focus on economic objectives while

neglecting grid operational characteristics, making it di�cult to meet the requirements of high-precision

modeling and re�ned decision-making for precision distribution network renovation.

Regarding feeder-area upgrade, Reference [15] established an economically and reliability-balanced dis-

tribution network upgrade model using improved minimum spanning tree (MST) and NSGA-II algorithms

to optimize network framework and switch con�guration. Reference [16] applied the CYMDIST-Reliability

AssessmentModule so�ware to evaluate distribution system reliability based onminimumcut-set and failure

mode and e�ects analysis (FMEA) techniques, analyzing performance di�erences among urban, industrial,

and rural feeders to provide reliability-based indicators for line upgrade. Reference [17] investigated a

regional distribution network to analyze reactive power variation trends under di�erent cable structures

and DGs penetration levels, developing a reactive power demand analysis model that considers both feeder

upgrade and distributed generation. Reference [18] implemented a backpropagation (BP) neural network

to explore correlations between upgrade measures and loss-of-load indicators, constructing a data-driven

investment decisionmodel to optimize distribution network upgrade strategies. In the �eld of feeder renova-

tion, the aforementioned literature has established a multi-dimensional research foundation. Nevertheless,

these studies exhibit signi�cant limitations in terms of closed-loop validation for precision renovation. Most

renovation schemes focus on static optimization at the planning stage and lack a dynamic performance
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evaluation system for post-renovation distribution networks, resulting in an inability to comprehensively

determine whether the renovations genuinely enhance overall grid performance.

As evidenced by the aforementioned research, precision upgrade methodologies for ADNs have

achieved notable progress; however, the following critical challenges persist:

(1) �ere is an inherent con�ict between the stochastic output of probabilistic power �ow and existing

deterministic power quality index systems, making it di�cult to accurately evaluate the true power

quality status under high-penetration distributed photovoltaic integration. To address this, this study

innovatively establishes a comprehensive power quality evaluation index system compatible with

probabilistic outputs, which can quantitatively assess power quality levels under di�erent probabilistic

scenarios, thereby bridging the gap between stochastic and deterministic evaluations.

(2) Most existing renovation models focus on the macro-planning level with insu�cient accuracy, failing

to support the practical requirements of “precision renovation.” To overcome this limitation, this paper

proposes a re�ned renovation optimizationmodel that accounts for source-loadmultiple uncertainties.

�is model deeply integrates probabilistic power �ow calculations with renovation decision-making,

signi�cantly enhancing the targeting and e�ectiveness of renovation plans.

(3) Solving the precision renovation model involves a large number of discrete variables and high model

complexity, posing serious challenges to the global optimization capability and e�ciency of the solution

algorithm. �erefore, this study designs and employs an improved AFM-PSO algorithm for solution.

In response to the above issues, the main innovations of this paper are as follows:

(1) Construction of a comprehensive power quality evaluation index system for active distribution net-

works based on probabilistic power �ow calculations. �is system utilizes the probability distribution

characteristics of power �ow to compute evaluation indicators, enabling precise quanti�cation of the

impact of uncertainties from high-penetration distributed photovoltaic integration on power quality,

thereby improving the accuracy and reliability of evaluation results.

(2) Development of a precision renovation model for active distribution networks that comprehensively

considers renovation cost, hosting capacity, and power quality.�e order relationship analysis method

is adopted to determine the weight coe�cients of each objective, achieving strict cost control and

e�ective management of power quality issues such as voltage �uctuations, thus enhancing the overall

bene�ts and decision-making rationality of renovation plans.

(3) An Adaptive and Feedback-enhanced Multi-strategy Particle Swarm Optimization (AFM-PSO) algo-

rithm is proposed to achieve rapid solving of the distribution network renovation model. �rough

its customized encoding and dynamic feedback strategies, it e�ectively addresses premature con-

vergence and low convergence e�ciency in the model solving process, thereby enhancing both the

optimization e�ciency and the quality of the �nal solution for precision renovation decision-making

in distribution networks.

�e subsequent sections of this paper are structured as follows: Section 2 develops a Monte Carlo

simulation-based probabilistic power �ow calculation method that accounts for stochastic source-load

uncertainties, and formulates a comprehensive power quality assessment index for ADNs using probabilistic

power �ow results. Section 3 constructs a precision reformation optimization model for ADNs derived

from the established power quality indices. Section 4 proposes an enhanced particle swarm optimization

algorithm for e�cient solving of the ADNs precision reformation model. Section 5 validates the precision

reformationmodel’s accuracy and computational e�cacy through the IEEE 33-node benchmark distribution

system, analyzing reformation outcomes through case studies.
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2 Operational Evaluation Index for ADNs Considering Probabilistic Power Flow

With the widespread integration of high-penetration DGs into distribution networks, the strong

randomness and volatility of its output pose unprecedented uncertainty challenges to system operation.

Based on probabilistic power �ow calculation results, this paper proposes a comprehensive power quality

evaluation index for ADNs with high-penetration distributed PV integration, providing e�ective support for

precision upgrade.

2.1 Probabilistic Power Flow Calculation Accounting for Source-Load Uncertainty

Following high-penetration PV integration into distribution networks, numerous uncertain factors

emerge in the system.Deterministic power �ow calculation cannot account for the volatility of PV generation

and random loads [19]. Power systemprobabilistic power �ow calculation, based on given probabilitymodels

of power sources and loads, solves for numerical characteristics of power �ow variables such as cumulative

distribution functions andmean values, thereby e�ectively quantifying the impact of these �uctuations on the

system [20].�is paper establishes probabilitymodels for PVoutput and loads, generatesn sets of uncertainty

samples using Monte Carlo simulation, performs deterministic power �ow calculations for each sample set,

and�nally obtains numerical characteristics of probabilistic power �ow through statistical analysis, including

cumulative distribution functions and mean values.

(1) PV generation probability model

�e solar irradiance probability distribution is known to follow a Beta distribution [21]. As the output

power of PV plants is closely related to solar irradiance, it also follows a Beta distribution, expressed

as:

f (PM) = Γ (α + β)
Γ (α) Γ (β) ⋅ ( PM

PMmax

)α−1 ⋅ (1 − PM

PMmax

)β−1 (1)

where PM and PMmax represent the actual PV output and maximum PV output during this period, α

and β denote the shape parameters of the Beta distribution, and Γ represents the Gamma function.�e

shape parameters of the Beta distribution can be derived from the mean (µ) and variance (σ2) of solar

irradiance during this period, with the relationships shown in Eqs. (2) and (3):

α = µ ⋅ [ µ ⋅ (1 − µ)
σ 2

− 1] (2)

β = (1 − µ) ⋅ [ µ ⋅ (1 − µ)
σ 2

− 1] (3)

As the Beta distribution inherently captures the stochastic characteristics of irradiance within a

bounded interval, its shape parameters α and β can be calibrated based on historical irradiance data

under di�erent weather conditions (e.g., sunny, cloudy, overcast, etc.). �us, the model implicitly

incorporates the in�uence of diverse weather scenarios through probability distributions, e�ectively

re�ecting the uncertainty of PV output under varying weather conditions.

(2) Load probability model

Most current probabilistic power �ow calculations treat loads as continuous probability models, using

normal distribution to approximate their probability distribution [22]. Let µp, σp, µQ , and σQ represent

the expected values and standard deviations of active power and reactive power in historical load data,

respectively. �eir probability density functions are shown in Eqs. (4) and (5):
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f (P) = 1√
2πσp

exp
⎛⎝−
(P − µp)2

2σ 2
p

⎞⎠ (4)

f (Q) = 1√
2πσQ

exp(−(Q − µQ)2
2σ 2

Q

) (5)

�e key parameters, including the shape parameters of the Beta distribution and themean and variance

of the normal distribution, are derived from actual historical operational data provided by a regional

grid company in China. �ese data, a�er statistical processing and validation, accurately re�ect the

local solar irradiance variation characteristics and load �uctuation patterns.

(3) Probabilistic power �ow calculation based on Monte Carlo simulation

Probabilistic power �ow is an extension of deterministic power �ow into the domain of uncertainty.

Its core concept involves replacing the input variables in deterministic power �ow—originally �xed

values—with random variables following speci�c probability distributions, and then solving for the

probability distribution of state variables using probabilistic methods. Deterministic power �ow cal-

culation serves as the foundation and kernel of probabilistic power �ow. Regardless of the probabilistic

power �ow algorithm employed, each computation for a speci�c scenario is essentially a deterministic

power �ow calculation. Probabilistic power �ow can thus be understood as a statistical generalization

of numerous deterministic power �ow calculations.

Deterministic power �ow is typically computed using the Newton-Raphson method. Its cor-

responding mathematical model in the rectangular coordinate system [23] can be expressed

as:

Pi = U i

n∑
j=1

U j (G i j cos δ i j + B i j sin δ i j) (6)

Q i = U i

n∑
j=1

U i (G i j sin δ i j − B i j cos δ i j) (7)

Pi j = −G i jU
2
i +U iU j (G i j cos δ i j + B i j sin δ i j) (8)

Q i j = B i jU
2
i − b i j0U 2

i +U iU j (G i j sin δ i j − B i j cos δ i j) (9)

where Pi and Q i represent the active and reactive power injected into the network at node i, Pi j and

Q i j denote the active and reactive power �ow on line ij, U i and U j indicate the voltage magnitudes

at nodes i and j, δ i j stands for the phase angle di�erence between voltages at nodes i and j, G i j and

B i j correspond to the real and imaginary parts of the admittance matrix Yi j, and b i j0 represents the

susceptance near node i on line ij.

�e Monte Carlo simulation method serves for stochastic simulation in probabilistic power �ow

calculation, generating n sets of random numbers based on the probability models of PV and load as input

variables for deterministic power �ow. �rough massive sampling, the Monte Carlo method approximates

the true distribution with high computational accuracy.

�e probabilistic power �ow calculation procedure based on Monte Carlo simulation are as following:

Step 1: Input deterministic data including network topology, node parameters, and line parameters of

the ADNs, along with the number of Monte Carlo simulations n.

Step 2: Generate one set of corresponding PV output and load random samples based on the probability

models of PV and load.
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Step 3: Use the obtained samples as input variables for deterministic power �ow. Perform deterministic

power �ow calculation using the Newton-Raphson method based on power �ow Eqs. (6)–(9), and save the

power �ow results.

Step 4: Repeat Steps 2 and 3 until completing n independent Monte Carlo simulations of probabilistic

power �ow calculation.

Step 5: Statistically analyze the results of n deterministic power �ow calculations to obtain the mean

values of node voltage U i and branch power �ow I j, along with their standard deviations and cumulative

distribution functions F (U i) and F (I j).
�rough the aforementioned Monte Carlo probabilistic power �ow calculations, the probability distri-

butions and numerical characteristics of key power �ow variables in the system were obtained.�ese results

provide the foundation for accurate calculation of subsequent power quality indicators, thereby e�ectively

quantifying the impact of photovoltaic volatility-induced power �ow uncertainty on system operation.

2.2 Comprehensive Power Quality Evaluation Indices for ADNs Considering Probabilistic Power Flow

�is paper establishes a comprehensive power quality evaluation index for ADNs. Based on power �ow

results fromprobabilistic power �ow calculations, it quanti�es violation risks and power quality issues caused

by distributed PV integration, accurately identi�es weak areas in ADNs under high PV penetration, and

provides basis for precision upgrade.

(1) Voltage deviation index [24]

UDI , i (t) =
¿ÁÁÀ 1

N − 1
N∑
i=1

(U i (t) −UN)2 (10)

where UDI , i (t) represents the voltage deviation at node i at time t, U i (t) denotes the mean voltage

at node i at time t, UN indicates the nominal voltage, and N is the total number of system nodes.

�e magnitude of the voltage deviation index re�ects the concentration or dispersion of bus voltage

distribution in the power grid. A smaller voltage deviation index indicates more concentrated bus

voltage distribution and better power quality.

(2) Voltage compliance rate [25]

UQR , i (t) = (1 − tU ,super,max + tU ,low,min

ttotal
) × 100% (11)

where UQR , i (t) represents the voltage quali�cation rate at node i at time t; tU ,super,max denotes the

number of over-voltage occurrences; tU ,low,min indicates the number of under-voltage occurrences;

ttotal is the total number of Monte Carlo samples. �e allowable range for voltage deviation: ±5%UN .

(3) Maximum voltage o�set ratio [24]

UDR , i (t) =max(∣∆Uk (t)∣
UN

) × 100% (12)

whereUFR , i (t) represents themaximum voltage deviation rate at node i at time t, and ∆U j (t) denotes
the di�erence between the actual voltage and nominal voltage for the k-th sample at time t.
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(4) Average voltage �uctuation rate [26]

UFR , i (t) =
¿ÁÁÀ 1

n i ,t

n i ,t∑
j=1
(Uk (t) −UN)2
UN

× 100% (13)

where UFR , i (t) represents the average voltage �uctuation rate at node i at time t, and n i ,t denotes the

total number of samples at node i at time t.

(5) Node voltage violation risk index [27]

(1) Node voltage violation probability

{PVUP (U i (t)) = Pt (U i (t) > Umax) = 1 − Ft (Umax)
PVLP (U i (t)) = Pt (U i (t) < Umin) = Ft (Umin) (14)

where PVUP (U i (t)) represents the probability of voltage exceeding the upper limit at node i at

time t, PVLP (U i (t)) indicates the probability of voltage falling below the lower limit at node i at

time t, Umax and Umin represent the upper and lower limits of allowable voltage deviation (1.05

and 0.95 UN , respectively), and Ft (U i) denotes the cumulative distribution function of voltage

at node i at time t.

(2) Node voltage violation severity

�e voltage violation severity at node i at time t is:

SVLP (U i (t)) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
Umin −Uo (t)

Umin

, U i (t) < Umin

0, U i (t) ≥ Umin

(15)

SVLP (U i (t)) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩
Uo (t) −Umax

Umax

, U i (t) > Umax

0, U i (t) ≤ Umax

(16)

where SVLP (U i (t)) represents the upper-limit violation severity at node i at time t, SVUP(U i(t))
denotes the lower-limit violation severity at node i at time t, and Uo (t) indicates the average
voltage value at node i at time t.

(3) Voltage violation risk index

�e voltage violation risk index at node i at time t is:

R i(t) =max(PVUP(U i(t))SVUP(U i(t)), PVLP(U i(t))SVLP(U i(t))) (17)

(6) Comprehensive power quality evaluation index

�e normalized sequential weighting method is employed to weight and integrate the aforementioned

�ve conventional power quality evaluation indicators into a comprehensive evaluation index. �e

procedure is as follows:

(1) �e min-max normalization method [28] is used to eliminate dimensional di�erences among

indicators. �e calculation formula is: the bene�t index

x′i j =
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

x i j − x j ,min

x j ,max − x j ,min

, x i j ∈ {UDI , i (t) ,UDR , i (t) ,UFR , i (t) , R i (t)} , the cost index
x j ,max − x i j

x j ,max − x j ,min

, x i j ∈ {UQR , i (t)} , the bene�t index (18)
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(2) �e order relation analysis method is applied to determine the weights of each power quality

index. �e speci�c steps are as following:

Step 1: Experts rank all power quality indices in descending order of importance.

Step 2: �e relative importance between each pair of indicators is systematically compared to

determine their corresponding scaling factors t i [29].

Step 3: A�er determining the scaling factors in the previous step, calculate other element values

based on the transitivity of importance and establish the following judgment matrix R:

R =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 t1 t1t2 ⋅ ⋅ ⋅
m−1∏
i=1

t i

1

t1
1 t2 ⋅ ⋅ ⋅

m−1∏
i=2

t i

1/t1t2 1/t2 1 ⋅ ⋅ ⋅
m−1∏
i=3

t i

⋮ ⋮ ⋮ ⋮
1/

m−1∏
i=1

t i /
m−1∏
i=2

t i 1/
m−1∏
i=3

t i ⋅ ⋅ ⋅ 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(19)

in matrix R,m represents the number of indicators to be evaluated, and element r i j denotes the

scale value when comparing the i-th indicator with the j-th indicator.

Step 4: Calculate the weight coe�cients of each indicator from matrix R using the following

formula:

α i = m

¿
ÁÁÀ m∏

j=1

r i j/
m∑
i=1

m

¿
ÁÁÀ m∏

j=1

r i j (20)

where w i is the weight of the i-th indicator, and
m∏
j=1

r i j is the product of all elements in the i-th

row of matrix R.

(3) Based on the weight coe�cients obtained through order relation analysis, perform weighted

integration of the �ve normalized sub-indicators to calculate the comprehensive power quality

evaluation index for node i at time t:

SPQi (t) = w1UDI , i (t) +w2UQR , i (t) +w3UDR , i (t) +w4UFR , i (t) +w5R i (t) (21)

where w1, w2, w3, w4 and w5 represent the weight coe�cients of the corresponding indicators.

3 Precision Upgrade Model for ADNs

To address practical issues in active distribution network upgrade including high upgrade costs,

suboptimal power quality, and insu�cient precision in traditional upgrade methods, this paper establishes a

precision upgrade model for ADNs. �e model comprehensively considers upgrade costs, accommodation

rate, and optimizing power quality evaluation indices as its objectives.

3.1 Objective Function of Upgrade Model

�e objective function for the precision upgrade of ADNs consists of three components: upgrade cost,

accommodation rate, and power quality evaluation indices. �ese three objective functions are combined

through linear weighting, with the expression of the objective function as following:
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min F = v1 f1 + v2 f2 + v3 f3 (22)

where v1, v2 and v3 represent theweights of sub-objectives; f1, f2 and f3 denote upgrade cost, accommodation

rate, and power quality evaluation indices, respectively.

(1) Upgrade cost

f1 = Aref∑
a=1

xacre f ,a la +
Bre f∑
b=1

xbcre f ,b (23)

where f1 includes line investment cost and tie-switch investment cost; xa and xb are binary variables

(1 when selected, 0 otherwise); cre f ,a indicates the unit upgrade cost of line a; la represents the length

of renovated line a; cre f ,b denotes the unit upgrade cost of planned tie-switch b.

(2) Accommodation rate

f2 =
⎡⎢⎢⎢⎢⎢⎢⎢⎣

24∑
t=1
(PSC (t) + Pbat (t))∆t

24∑
t=1

PPV (t)∆t

⎤⎥⎥⎥⎥⎥⎥⎥⎦
× 100% (24)

PSC (t) =min{PPV (t) + PWT (t) , Pout (t)} (25)

where PSC (t) indicates the renewable energy output consumed by loads in real-time; Pbat (t) repre-
sents the charging/discharging power of energy storage during period t (Pbat (t) > 0 when charging);

Pout (t) shows the real-time load power a�er electricity price optimization; PPV (t) denotes the

day-ahead forecasted PV output.

(3) Power quality evaluation index

f3 = w1UDI , i (t) +w2UQR , i (t) +w3UDR , i (t) +w4UFR , i (t) +w5R i (t) (26)

3.2 Restrictive Constraints of Upgrade Model

(1) Network topology constraints

(1) Maximum allowable line modernization constraints

Are f ≤ Amax
re f (27)

where Are f represents the actual number of renovated lines, and Amax
re f denotes the maximum

number of lines proposed for upgrade.

(2) Tie-switch installation quantity constraints

Bre f ≤ Bmax
re f (28)

where Bre f indicates the actual number of renovated tie switches, and Bmax
re f represents the

maximum number of tie switches proposed for upgrade.

(3) Radial structure constraint

T ∈ Trad (29)

where T denotes the system structure, and Trad represents the set of radial system structures.
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(2) Operational constraints

(1) Node voltage constraint

Umin
i ≤ U i ≤ Umax

i (30)

where Umin
i and Umax

i represent the minimum and maximum voltage values at node i,

respectively.

(2) Power balance constraint

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

Pi = U i

N∑
j=1

U j (G i j cos θ i j + B i j sin θ i j)

Q i = U i

N∑
j=1

U j (G i j sin θ i j − B i j cos θ i j)
(31)

whereG i j, B i j, N, and θ i j denote the conductance, susceptance, total number of nodes, and phase

angle di�erence between nodes i and j of branch ij, respectively;U i andU j represent the voltages

at nodes i and j; Pi and Q i indicate the active and reactive power at node i.

4 Solution of Precision Upgrade Model for ADNs Based on Improved PSO

Given the challenges faced by traditional methods in e�ciently solving multi-objective hybrid mod-

els, this paper proposes the AFM-PSO algorithm to optimize the distribution network upgrade model

considering probabilistic power �ow, thereby enhancing solution accuracy and convergence speed.

4.1 AFM-PSO Algorithm

To enhance solution performance for strongly-constrained hybrid variable problems, this paper pro-

poses the AFM-PSO algorithm.�e algorithm e�ectively improves search capability and convergence speed

through dynamic information entropy adjustment, particle structure mapping, local perturbation, and

coordinated feedback mechanism between upper and lower layers.

�eAFM-PSOalgorithm implements an adaptive search and feedback linkage optimizationmechanism

through nine key steps. �e algorithm implementation procedures are as following:

(1) Initialize algorithm parameters

Before optimization begins, set the basic control parameters including: population size Npso = 50,

current iteration count t = 1, maximum iterations Tmax = 500, initial inertia weight ω ini t = 0.9,

minimum/maximum weights ωmin = 0.4, ωmax = 0.9, learning factors c1 = 1.5, c2 = 1.7, stagnation

perturbation threshold Tstagnant = 30, structural entropy range thresholds ǫ1 = 0.05, ǫ2 = 0.15.
(2) Construct uni�ed structured particle encoding

To accommodate various discrete and continuous variables in distribution network upgrade problems

(line selection, switch status, etc.), this paper designs a uni�ed particle encoding structure using

Boolean and binary variable combinations to represent line upgrade status and switch operation states,

thereby adapting to mixed-variable space and improving algorithm feasibility and adaptability. �e

particle structure is de�ned as:

X i = [x l ine−status
i , x

l ine−t y pe
i , x

l ine−l eng th
i , x sw i tch−status

i
] (32)

where x l ine−status
i is a Boolean variable indicatingwhether the corresponding branch is to be renovated,

x
l ine−t y pe
i is an integer variable representing the selected line type, x

l ine−l eng th
i is a continuous variable
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indicating the actual line length in km, x sw i tch−status
i is a binary variable representing the installation

and switching status of the tie switch (‘1’ denotes installed status, ‘0’ indicates non-operational state).

(3) Embed power �ow model and establish bi-level cooperative �tness function

Based on each particle’s encoding results, construct corresponding distribution network topology and

invoke the probabilistic power �ow analysis module to evaluate key indicators including node voltage

and voltage deviation.�en perform �tness evaluation using the multi-objective comprehensive func-

tion, achieving closed-loop feedback between upper-level optimization and lower-level simulation.

(4) Update individual and global optimal solutions

Traverse current population to compare each particle’s current �tness f (X(t)i )with historical optimum

f (p i), if superior to historical record, update individual best position p i = X(t)i , if f (p i) < f (g),
update global best particle to g = p i .

(5) To quantify the diversity of the population during the search process, a structural entropy metric

is introduced. �is metric serves to objectively evaluate the population state and provides a basis

for subsequent adaptive adjustments, with the goal of reducing performance �uctuations caused by

random initialization:

H (t) = − K∑
j=1

n j

Npso

log( n j

Npso

) (33)

where K is the number of particle feature partitions, n j is the number of particles in the j-th category,

Npso is the population size.

Set the entropy variation ∆H = H (t) −H (t − 1) to determine the current evolutionary state: If ∣∆H∣ >
δ, it is judged as “convergence phase” to enhance convergence; If 0 < ∣∆H∣ < δ, it is “diversity phase” to
promote exploration; If ∣∆H∣ = 1, it is “stagnation phase” to trigger the perturbation mechanism.

(6) To enhance the behavioral consistency of the algorithm across di�erent independent runs, it is

necessary to adopt the most suitable parameters according to the current search phase. Speci�cally,

based on the entropy feedback state, the core search parameters—namely the inertia weight and

learning factors—are dynamically adjusted to achieve a transition from extensive exploration to re�ned

tuning:

ω (t) = ω (t − 1) + α ⋅ ∆H (t)
c1 (t) = c1 (t − 1) + β ⋅ ∆H (t)
c2 (t) = c2 (t − 1) − β ⋅ ∆H (t) (34)

where α, β are adjustment coe�cients used to perceive evolutionary trends and adjust search strategies.

�e updated parameters directly a�ect particle velocity and position updates, controlling search

direction and range.

(7) Perform position and velocity updates

v
(t)
i = ωv(t−1)i + c1r1 (pBest i − x i) + c2r2 (gBest − x i) (35)

x
(t)
i = x(t−1)i + v(t)i (36)

where pBest i represents the particle’s historical optimal position, gBest denotes the current global

optimal particle position; r1, r2 are uniform random numbers.

�e updated particles undergo variable type conversion and boundary checking through a type

mapper and feasibility correction module to ensure legal positions, type matching, and constraint

satisfaction:
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x
(t)
i ← M (P (x(t)i )) (37)

where P (⋅) indicates a variable boundary correction function that projects out-of-bound variables

back into the de�ned domain,M (⋅) represents a variable type mapping function that converts integer

and Boolean variables in particles into feasible variables satisfying constraints.

(8) To avoid premature convergence to local optima and enhance the robustness of the solution, thereby

reducing result variability across multiple runs, a perturbation triggering mechanism is constructed

based on information entropy and stagnation generation count. Unlike randommutation, this pertur-

bation is conditional and deterministic—it is activated only when the algorithm con�rms a stagnant

state, with its perturbation probability de�ned as:

Pmut = η ⋅ (1 − H (t)
Hmax

) ⋅ g i

Npso

(38)

whereH(t) is the current structural entropy value,Hmax represents the entropy upper limit during algo-

rithm initialization, η = 0.5 is the global perturbation sensitivity coe�cient; gi indicates the position

of the i-th particle’s historical optimal solution in the global ranking, Npso is the population size.

To simplify triggering criteria, introduce a perturbation threshold θ = 0.3, if Pmut > θ, execute the
following perturbation:

xnewi = x i + N (0, σ 2) (39)

where N (0, σ 2) represents a normally distributed perturbation term with zero mean and variance σ 2,

σ controls perturbation amplitude, dynamically adjusted with iterations, which can be set as:

σ (t) = σmax ⋅ (1 − t

Tmax

) (40)

(9) Terminate iteration and output optimal particle

When any termination condition is met (including reaching maximum iterations, or global optimal

solution showing no signi�cant improvement over consecutive generations with structural entropy

convergence), the algorithm terminates. �e �nal output is the current global optimal particle, whose

encoding represents decision information including distribution line upgrade status, tie-switch states,

type selection, and capacity con�guration.

�e speci�c �owchart is shown in Fig. 1:
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Figure 1: AFM-PSO algorithm implementation �owchart.

4.2 Overall Implementation Process of Precision Upgrade for ADNs.

To achieve optimal upgrading of the existing distribution network structure, the AFM-PSO algorithm

constructed in Section 4.1 is embedded into the solution process for the precision upgrade of ADNs. �e

steps are as following:

(1) Input node loads (Pi, Qi), branch parameters (resistance R i j reactance X i j), voltage limit constraints

(Umin
i , Umax

i ), optional line types with their unit costs, and set optimization weight coe�cients

(w1, w2, w3) along with AFM-PSO algorithm control parameters.

(2) Calculate node voltage deviation, maximum deviation rate, average voltage �uctuation rate, voltage

violation probability and risk index. Combine these weighted indicators to compute a scoring function.

(3) Encode optimization variables including line selection x l ine , line type selection xt y pe , line length

x l eng th , and tie-switch con�guration xsw i tch to form the search space, then initialize particle swarm

positions and velocities.

(4) Normalize the evaluation indicators, accommodation rate, and upgrade cost, then construct a com-

prehensive �tness function based on the weights.
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(5) Using the �tness function values, dynamically update particle positions with the AFM-PSO algorithm

for global search, while checking convergence conditions.

(6) A�er algorithm convergence, output the optimal upgrade scheme corresponding to the global best

particle, including line upgrade types and switch con�gurations.

�e speci�c �owchart is shown in Fig. 2:

Figure 2: Overall implementation �owchart of precision upgrade for ADNs.

5 Simulation Experiments and Performance Analysis

5.1 Simulation Environment Con�guration

�e reliability assessment of the proposed ADNs precision reformation model employs the IEEE 33

node benchmark system under typical daily operating conditions (Fig. 3). �is radial test network features a

12.66 kV base voltagewith node voltage bounds of 0.95–1.05 per unit and 10MVAbase power. System loading

comprises 3715 kW active power and 2300 kVar reactive power demand. External grid interconnection

occurs through root node 1. PV units are located at nodes 28–33 with 0.4 MW per node, and ESS units are

installed at nodes 17 and 20with 0.05MWhper node.�ebasic data of the IEEE 33 node distribution network

refers to [30]. Parameters of optional lines for upgrade and tie switches are provided inAppendix ATables A1

and A2.
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Figure 3: IEEE 33-node distribution system.

5.2 Veri�cation of Precision Upgrade for Distribution Areas

To validate the e�ectiveness of the proposed model and algorithm, simulation tests were conducted on

the IEEE 33-node distribution system. �e simulation yielded the following upgrade scheme: installation

of 3 new branches, upgrading of 8 existing lines, and deployment of 6 additional tie switches. Detailed

upgrade results are presented in Table 1 (added branches), Table 2 (line upgrades), and Table 3 (added tie

switches), respectively.

Table 1: Precision upgrade results for active distribution network (Added Branches).

Branch number Line Length (km) Line type

Branch 33 L21–8 5.5 JKLYJ-120

Branch 34 L12–22 15.4 JKLYJ-120

Branch 35 L25–29 13.6 JKLYJ-120

Table 2: Precision upgrade results for active distribution network (Line Upgrades).

Branch number Line Length (km) Line type

Branch 4 L4–5 2.1 JKLYJ-300

Branch 6 L6–7 1.4 JKLYJ-300

Branch 7 L7–8 1.3 JKLYJ-300

Branch 8 L8–9 1.5 JKLYJ-300

Branch 17 L17–18 3.2 JKLYJ-300

Branch 22 L3–23 1.2 JKLYJ-300

Branch 23 L23–24 1.2 JKLYJ-300

Branch 27 L27–28 1.7 JKLYJ-300
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Table 3: Precision upgrade results for distribution network (Added Tie Switches).

Installation node Model Cost (¥)

8 ZW32-12F/630 8000

12 ZW32-12F/630 8000

21 ZW32-12F/630 8000

22 ZW32-12F/630 8000

25 ZW32-12F/630 8000

29 ZW32-12F/630 8000

Fig. 4 shows the network topology of the distribution network a�er precision upgrade. �e upgrade

replaced outdated lines with new conductors (JKLYJ series) featuring lower losses and higher current

carrying capacity, signi�cantly optimizing power transmission e�ciency. New lines were added to expand

network coverage, making power supply layout more rational. Additionally, all new feeders strictly followed

the “two-segment two-tie” connection mode for switch con�guration, establishing a �exible and reliable

network topology.

Figure 4: Network architecture of upgrade distribution network.

�e simulation results present the hourly node voltage distribution of the IEEE 33-node system before

and a�er upgrade, as shown in Figs. 5 and 6.

�e comparative analysis of Figs. 5 and 6 demonstrates that the proposed precision renovation strategy

signi�cantly improves voltage quality in the distribution network. Prior to renovation, the system voltage

distribution exhibited considerable dispersion and large �uctuations, with some node voltages dropping

to 0.93 p.u.—approaching the lower limit of normal operating voltage—indicating the presence of low-

voltage issues and the vulnerability of traditional distribution network structures under source-loadmultiple

uncertainties. A�er renovation, the voltage distribution becomes noticeably more concentrated and stable,

with the vast majority of node voltages maintained above 0.98 p.u., con�rming the signi�cant e�ectiveness

of the proposed optimization method in enhancing voltage stability.

�is result validates the e�ectiveness of the renovation model constructed in this study in coordi-

nating distributed energy resources, loads, and network renovation strategies. �rough precise renovation

measures, the system’s adaptability to high penetration of renewable energy integration has been enhanced.
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Figure 5: Node voltage curves before upgrade.

Figure 6: Node voltage curves a�er upgrade.

5.3 Comparative Analysis of Power Quality Evaluation Indicators Before and A�er Upgrade

Following the evaluation method described in Section 2.2, comparative analyses of power quality

evaluation indicators before and a�er upgrade were conducted. �e comparison results of power quality

evaluation indicators and power quality before vs. a�er upgrade are shown in Figs. 7 and 8.

According to the comparative results of power quality evaluation indicators shown in Fig. 7, the overall

performance of the distribution network signi�cantly improved a�er precision upgrade. �e maximum

voltage deviation (UDI) decreased by 63.3% (Fig. 7a), the average voltage �uctuation rate (UFR) reduced by

62.5% (Fig. 7b), and the average voltage violation probability (PVP) dropped to 0 (Fig. 7c) compared to pre-

upgrade values.�ese results demonstrate that the upgrade e�ectively reduced voltage �uctuations, improved

voltage stability, and completely eliminated voltage violations.�e comprehensive power quality score (SPQ)

increased from 0.743 before upgrade to 0.884 a�er upgrade (Fig. 7d), representing a 19% improvement

that exceeded the threshold score of 0.75, indicating no further upgrade is required. �ese improvements
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primarily resulted from optimized network topology through rational line layout adjustments and switch

con�gurations, which enhanced the network’s �exibility, adaptability and stability.

(a) (b) (c) (d)

Figure 7: Comparison of power quality evaluation indicators before and a�er upgrade (a) Maximum voltage deviation
(b) Average �uctuation rate (c) Average violation probability (d) Comprehensive score.

(a) (b)

(c)

Figure 8: Power quality comparison before and a�er upgrade (a) Maximum node voltage deviation (b) Nodevoltage
�uctuation rate (c) Node voltage violation probability.

�rough comparative analysis of power quality before and a�er upgrade in Fig. 8, the following

conclusions can be drawn: �e renovated distribution network shows signi�cant improvement in voltage

deviation and voltage �uctuation. Speci�cally, as shown in Fig. 8a, the voltage deviation (UDI) curve a�er

upgrade becomes smoother, with its maximum voltage deviation average decreasing by 64.1% compared

to pre-upgrade, signi�cantly enhancing voltage stability. Fig. 8b demonstrates the voltage �uctuation rate

(UFR) a�er upgrade, with its average value reduced by 65.1% from pre-upgrade levels, e�ectively decreasing

voltage volatility and thereby improving power quality. Furthermore, Fig. 8c shows the average voltage

violation probability (PVV) a�er upgrade decreased by 100%, indicating the upgrade measures completely

eliminated voltage violation events and signi�cantly improved distribution network reliability. In summary,

the proposed upgrade method achieved remarkable results in reducing voltage deviation, decreasing voltage

�uctuation, and lowering voltage violation probability, e�ectively enhancing the overall power quality of the

distribution network.
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5.4 Comparative Analysis of Di�erent Optimization Algorithms

To evaluate the performance of the proposed AFM-PSO algorithm, it is compared with genetic

algorithm (GA) [31], traditional PSO [32], and sparrow search algorithm (SSA) [33].�e accurate renovation

model established in this study is a multi-objective optimization problem. For ease of solution, the weighted

summethod is adopted to convert it into a single-objective problem.�e four algorithms are applied to solve

the accurate renovation model of the distribution network, and the variations in the �tness values of the

comprehensive objective and each sub-objective during the iterative process are shown in Fig. 9.

(a) (b)

(c) (d)

Figure 9: Convergence curves of di�erent algorithms (a) Convergence curve of the comprehensive objective
(b) Convergence curve of sub-objective 1 (c) Convergence curve of sub-objective 2 (d) Convergence curve of
sub-objective 3.

�e comparative analysis of experimental results in a–d of Fig. 9 shows that, compared with traditional

PSO, GA and SSA, the AFM-PSO algorithm converges to a smaller objective function value, indicating

its solution is closer to the theoretical optimum with higher solving accuracy. Additionally, the AFM-

PSO algorithm demonstrates superior convergence performance during iterative optimization, requiring

only about 25 iterations to precisely locate the optimal value (Fig. 9d), signi�cantly reducing computation

time. �is e�cient optimization capability e�ectively overcomes the bottlenecks of low e�ciency and

long computation time existing in traditional algorithms when handling complex optimization problems,

substantially improving solving e�ciency. It provides more e�cient and reliable algorithmic support for

solving complex engineering optimization problems such as precision upgrade of distribution networks.
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5.5 Economic Comparative Analysis of Distribution Network Upgrade

To evaluate the economic e�ciency of di�erent upgrade approaches, three distinctmethods were imple-

mented:

Case 1: �e cost-minimization approach for distribution network upgrade (method from refer-

ence [34]);

Case 2: �e proposed upgrade method in this work;

Case 3:�ebalanced approach considering both costminimization and feeder loading rate optimization

(method from reference [35]).

�e distribution network upgrade results under di�erent case scenarios are presented in Table 4.

Table 4: Upgrade results under di�erent cases.

Cases Upgraded lines (count) Added lines (count) Total cost (¥) SPQ

Case 1 8 0 267,112.60 0.793

Case 2 8 3 347,857.59 0.884

Case 3 11 0 410,681.81 0.827

Table 4 demonstrates that while Case 1 achieves the lowest upgrade cost, its power quality index

(SPQ = 0.793) shows signi�cant inferiority, indicating excessive compromise on grid performance for cost

minimization that raises concerns about long-term economic viability. Case 3 attains feeder loading balance

at the highest upgrade cost, yet its power quality score (SPQ = 0.827) remains lower than the proposed

solution due to ine�cient cost-bene�t ratio resulting from comprehensive line replacement. �e proposed

method (Case 2) reduces costs by 18.1% compared to Case 3 while improving the power quality score by

11.5% relative to Case 1. �e key advantage lies in its hybrid “critical line upgrades + new line additions”

strategy, which avoids both the performance limitations of Case 1 and the overinvestment issues of Case 3,

achieving optimal power quality at moderate cost. �is approach fully demonstrates the superiority of our

method in balancing economic e�ciency and power quality, proving its optimal cost-performance ratio and

comprehensive bene�ts.

5.6 Actual Case Analysis

To validate the e�ectiveness and practicality of the proposed method in real-world complex scenarios,

an actual distribution network in a certain area of Beijing was selected for case study. �e topology of this

distribution network is shown in Appendix B Fig. A1. It consists of 83 load nodes and 214 feeders, with high

penetration of distributed photovoltaics introducing signi�cant uncertainties, providing a highly challenging

platform to verify the engineering value of the proposed method.

A�er applying the precision renovation optimization method proposed in this paper, the resulting

renovation plan is presented in Tables 5 and 6. A comparison of key power quality evaluation indicators

before and a�er the renovation is shown in Fig. 10.

As shown in Fig. 10, the maximum voltage deviation, average voltage �uctuation rate, and average volt-

age violation probability were signi�cantly reduced by 65.7% (Fig. 10a), 62.5% (Fig. 10b), and 100% (Fig. 10c),

respectively. �is indicates that the system has become more stable in responding to photovoltaic output

�uctuations and load variations. Additionally, the comprehensive renovation score (Fig. 10d) increased by

14.3% compared to the pre-renovation level.
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Table 5: Precision renovation results (Newly Added Branches).

Start substation End Substation Line type Length (km)

32 57 LJ-150 1.127

19 60 LJ-150 0.742

11 30 LJ-150 1.376

42 47 LJ-150 2.919

40 41 LJ-150 0.143

Table 6: Precision renovation results (Line Upgrades).

Start substation End substation Original type Upgraded type Length (km)

6 7 JKLYJ-10-150 JKLYJ-10-240 0.321

(a) (b) (c) (d)

Figure 10: Comparison of power quality evaluation indicators before and a�er upgrade (a)Maximumvoltage deviation
(b) Average �uctuation rate (c) Average violation probability (d) Comprehensive score.

�ese results demonstrate that the proposed method e�ectively addresses the challenges of precision

renovation in large scale, highly complex practical distribution networks. �e solution not only accurately

identi�es weak points in the network but also signi�cantly enhances the system’s hosting capacity for dis-

tributed energy resources and operational reliability through limited and cost-e�ective renovationmeasures.

�is indicates that the study is not merely theoretical but provides a decision-making tool and solution with

direct application value for meeting the practical upgrade and renovation needs of distribution networks

under the “Dual Carbon” goals.

6 Conclusion

To address power quality issues arising from high-penetration distributed PV integration and overcome

the limitations of conventional extensive upgrade methods, this paper proposes an upgrade strategy for

ADNs considering probabilistic power �ow. �e principal �ndings are as following:

(1) A multi-dimensional comprehensive evaluation index system for power quality has been constructed,

enabling systematic assessment of the overall e�ectiveness of renovation schemes. Simulation results

show that this index system can e�ectively re�ect improvements in power supply reliability and power

quality a�er distribution network renovation. �is index system provides grid planning departments

with a quantitative evaluation tool, helping them scienti�cally select the solution with the optimal

comprehensive bene�ts from multiple renovation options, thereby avoiding ine�cient investment

decisions caused by reliance on empirical judgments.
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(2) �e proposed optimization method signi�cantly enhances the distribution network’s hosting capacity

for high penetration of renewable energy, e�ectively suppresses voltage �uctuations, and improves

power quality, providing a practical solution for the secure and stable operation of distribution

networks under high penetration of distributed energy resources. �is method can be directly applied

to urban distribution network upgrade projects, especially in areas with high photovoltaic coverage

and signi�cant load �uctuations. �rough targeted investment and renovation, it e�ectively prevents

voltage violations and enhances the grid’s capacity to integrate green energy.

(3) �e AFM-PSO algorithm is proposed to solve the optimization model. Simulation experiments

demonstrate that this algorithm exhibits excellent convergence performance and global optimization

capability. Under the same sample size, its optimization e�ciency is signi�cantly superior to genetic

algorithm, sparrow search algorithm, and traditional particle swarm optimization.�e high e�ciency

of this algorithm makes it suitable for real-time optimization calculations in large-scale distribution

networks. It can be embedded into smart decision support systems for power grids, providing operators

with a fast and reliable tool for solving renovation schemes, thereby improving the decision-making

e�ciency of grid planning.
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Appendix A

Table A1: Optional line parameters.

Model speci�cation
Unit length

resistance (R/km)

Reactance

(X/km)

Current carrying

capacity (A)
Cost (¥/km)

JKLYJ-120 0.253 0.125 320 16,000

JKLYJ-150 0.206 0.078 366 17,000

JKLYJ-185 0.164 0.062 423 17,000

JKLYJ-240 0.125 0.044 503 18,000

JKLYJ-300 0.100 0.038 583 24,000
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Table A2: Optional tie switch parameters.

Model speci�cation Rated voltage (kV) Rated current (A) Mechanical life (times) Cost (¥)

ZW32-12F/630 12.66 630 20,000 8000

ZW20-12FG/630 12.66 630 20,000 10,000

FZW28F-12/630-20 12.66 630 20,000 12,000

Appendix B

Figure A1: Topology of a regional distribution network in Beijing.
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