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Abstract

Under the “Dual Carbon” goals background, large-scale integration of dis-
tributed photovoltaics (PV) is transforming distribution networks from pas-
sive radial systems into active bidirectional interactive systems. To address
this, this paper proposes a hosting capacity assessment method for high-
penetration distributed PV in distribution networks that considers medium
and low voltage levels (MV-LV) interactions. First, by analyzing the impacts
of MV-LV grid interactions, four core interaction mechanisms are identified:
considering voltage coupling under low-voltage saturation, current coupling
under short-circuit superposition, and power coupling under photovoltaic
concentration. An MV-LV interaction model is constructed based on these
mechanisms. Subsequently, the concept of a Voltage Deviation Index (VDI) is
introduced to quantify the voltage quality level of the system. An assessment
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model is then formulated with the dual objectives of maximizing PV hosting
capacity and minimizing VDI, incorporating system-wide constraints, MV-
specific and LV-specific constraints, as well as MV-LV interaction constraints.
Finally, a Differential Evolution Non-dominated Sorting Whale Optimization
Algorithm (DE-NSWOA) is employed to solve. The effectiveness of the
proposed method is validated through simulations based on a 10 kV distri-
bution network in a city in East China, providing a foundation for subsequent
research.

Keywords: MV-LV interaction in distribution networks, distributed pho-
tovoltaics, hosting capacity, improved differential evolution non-dominated
sorting whale optimization algorithm.

1 Introduction

As a clean energy source, PV systems have been widely integrated into
medium and low voltage distribution networks [1]. The rapid development of
distributed PV has transformed distribution grids from traditional “passive”
unidirectional radial networks into “active” bidirectional interactive systems,
making bidirectional power flow the new normal [2, 3]. However, due to
the stochastic and intermittent nature of PV generation [4–6], large-scale
integration may lead to issues such as voltage violations and uneven power
flow distribution [7, 8].

China’s National Energy Administration explicitly requires “assessing
distribution network hosting capacity and establishing a release and early
warning mechanism for renewable energy integration potential” [9]. This
marks a new phase of refined, dynamic, and intelligent hosting capacity
assessment for distribution networks in China. Traditional hosting capac-
ity evaluation primarily focused on static capacity limits, determined by
critical equipment ratings, with insufficient consideration of load and PV
dynamics [10–13].

The PV hosting capacity refers to the maximum PV capacity that can be
accommodated while ensuring safe operation, power quality, and equipment
limits [14–16], specifically defined as the maximum active power output of
distributed PV systems under standard test conditions. Currently, distribution
networks in central and eastern China are nearing saturation, with increasing
warnings of insufficient hosting capacity. Some regions have even suspended
new distributed PV project approvals [17], highlighting the urgency and
necessity of improving hosting capacity assessment methods.
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Current hosting capacity assessment methods mainly include determinis-
tic power flow analysis [18], probabilistic methods [19], and optimization
algorithms [20–23]. Probabilistic methods treat PV output and load as
random variables, simulating various operating scenarios through exten-
sive random sampling to statistically determine the probability of voltage
violations or equipment overloads. However, these methods face chal-
lenges such as computational complexity and high dependence on data
accuracy. Optimization-based methods can achieve theoretical optimal solu-
tions and simultaneously optimize devices such as on-load tap changers
and reactive power compensation equipment, further enhancing hosting
capacity.

Several studies have addressed the problem of distributed PV hosting
capacity assessment. Reference [19] introduced “probabilistic hosting capac-
ity,” establishing normal probability density functions for each uncertain
parameter and using statistical simulations to evaluate hosting capacity.
While the results were significantly higher than deterministic assessments,
the model was relatively complex. Reference [20] developed a hosting capac-
ity model targeting maximum wind and PV integration capacity, solved via
second-order cone programming. However, it did not resolve the subjectivity
of weight assignment. Reference [21] considered both PV output volatility
and load uncertainty, employing Monte Carlo simulation for multi-scenario
input generation and Latin hypercube sampling to improve efficiency, albeit
with high computational cost. Reference [22] improved network analy-
sis and entropy weight methods for comprehensive weighting, building a
multi-dimensional index system covering safety, economy, and structural
stability, combined with TOPSIS for dynamic node criticality ranking to
prioritize high-risk nodes. Reference [23] proposed a sequential Monte Carlo
simulation-based reliability assessment.

In summary, traditional PV hosting capacity assessment methods often
focus on a single voltage level, neglecting interactions between whole dis-
tribution networks. Moreover, most designs prioritize maximizing renewable
energy hosting capacity, with insufficient attention to voltage quality, leading
to power quality degradation as PV integration increases.

To address these challenges, this paper proposes a hosting capacity
assessment method for high-penetration distributed PV in distribution net-
works, considering MV-LV interactions. First, the impacts of MV-LV grid
interactions are analyzed, and four core interaction mechanisms are proposed:
cross-level voltage propagation, hybrid short-circuit current superposition,
harmonic resonance path expansion, and reverse power transient impacts.
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A system model incorporating MV-LV interactions is then constructed based
on these mechanisms. Next, system voltage quality is quantified, with dual
objectives of maximizing PV hosting capacity and optimizing voltage quality.
An IDE-NSWOA is proposed to solve the model.

2 MV-LV Distribution Network Interaction Model

With the continuous increase in distributed PV penetration, the energy
interaction between MV and LV distribution networks has shifted from the
traditional unidirectional power supply mode to a complex multi-directional
coupled mode [24]. Driven by this transformation, emerging interaction
effects such as superimposed voltage fluctuations and hybrid short-circuit
currents have become increasingly prominent. Conventional methods that
analyze MV and LV networks in isolation are gradually proving inadequate
for accurately assessing system hosting capacity.

Building upon existing models for power flow, voltage, and other aspects
of MV-LV distribution networks, this section develops interaction models for
voltage, current, power, and frequency by incorporating MV-LV coupling
relationships. Furthermore, four core interaction mechanisms between MV
and LV networks are proposed, establishing a theoretical foundation for
the holistic assessment of the distribution system presented in subsequent
sections.

2.1 Distribution Network Power Flow Model

The MV distribution network employs a symmetrical positive sequence
model, with the node voltage and power balance relationship described as
follows:

Pi + jQi = Vi

N∑︂
j=1

YijV
∗
j (1)

among them: Pi and Qi are the active and reactive power of the node i; Vi is
the voltage of node i; Yij is the element of the node admittance matrix.

In low-voltage distribution networks, considering three-phase unbalance,
a three-phase power flow model is adopted. For phase ϕ at node i:

(P ϕi + jQϕi )net = V ϕ
i

⎛⎝ N∑︂
j=1

∑︂
ψ∈{a,b,c}

Y ϕψ
ij (V ψ

j )∗

⎞⎠ (2)
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Where, P ϕi and Qϕi are the active and reactive power of phase ϕ at
node i, respectively; V ϕ

i is the voltage of phase ϕ at node i; Y ϕψ
ij is the

mutual admittance between phase ϕ of node i and phase ψ of node j in the
nodal admittance matrix. In a three-phase system, each element of the nodal
admittance matrix is no longer a single complex number but a 3 × 3 matrix:

Yij =

⎡⎢⎣Y
aa
ij Y ab

ij Y ac
ij

Y ba
ij Y bb

ij Y bc
ij

Y ca
ij Y cb

ij Y cc
ij

⎤⎥⎦ (3)

Considering data availability and computational complexity, the simpli-
fied low-voltage distribution network model is as follows:

P ϕi + jQϕi = V ϕ
i

N∑︂
j=1

Y ϕϕ
ij V

ϕ∗
j (4)

2.2 Impact of MV-LV Interaction on Distribution Networks

The coupling effect between distributed photovoltaics in medium- and low-
voltage distribution networks is a key link in hosting capacity assessment,
which results in strong coupling between medium- and low-voltage distribu-
tion networks in terms of voltage, current and power. Traditional assessment
methods often split the medium- and low-voltage networks for analysis,
ignoring the dynamic connection between them. This section focuses on
discussing the impact of coupling in these three aspects and proposes
corresponding quantitative assessment methods.

(1) Voltage Coupling Considering Low-Voltage Saturation

The coupling effect of voltage fluctuations between the medium-voltage and
low-voltage sides of the distribution network cannot be ignored. Voltage
fluctuations on the medium-voltage side can be transmitted to the low-voltage
side through the transformer, and vice versa. The impact of medium-voltage
voltage fluctuations on the low-voltage side is:

∆VLV =
1

ktx
·∆VMV − Ztx ·∆ILV (5)

where ∆VLV is the voltage fluctuation on the low-voltage side; ∆VMV is the
voltage fluctuation on the medium-voltage side.
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Based on the fluctuation relationship between the two sides, the overall
expression of voltage coupling on the medium- and low-voltage sides is
obtained:

∆VLV =
1

ktx + Ztx · YLV
·∆VMV (6)

where YLV is the equivalent admittance on the low-voltage side.
When the access of distributed PV exceeding the limit on the low-voltage

side causes the voltage rise to reach saturation, it leads to an increase in
the voltage of the low-voltage bus, which is transmitted to the medium-
voltage side through the distribution transformer. This cross-level transmis-
sion effect may cause an overall increase in the voltage of the medium-
voltage feeder. For this reason, the Voltage Penetration Coefficient (VPC)
is introduced to characterize the change in the voltage of the transformer
district node for every 1 kW increase in the grid-connected capacity of low-
voltage PV.

VPC =
∆VMV

∆PPV LV
× 100% (7)

where ∆VMV represents the percentage change in MV bus voltage, and
∆PPV LV represents the total power variation of LV photovoltaic generation.
The voltage deviation in MV grids is generally required to be controlled
within ±5% to ±10% of the nominal voltage. If the VPC ratio is 0.5%/MW, it
implies that a 10 MW increase in PV capacity could lead to a voltage change
of up to 5%, which is already approaching the allowable limit. Intervention
is necessary to prevent exceeding the boundary. When the VPC exceeds
0.5%/MW, it indicates that the local absorption capacity of PV on the LV
side is nearing saturation, which can easily impact the voltage stability of the
MV side, requiring measures for voltage regulation.

(2) Current Coupling Considering Short-Circuit Superposition

The coupling effect between medium- and low-voltage distribution networks
is particularly prominent at the fault current level. When a short-circuit fault
occurs in the distribution system, distributed photovoltaics on the low-voltage
side can inject short-circuit current into the fault point through grid-connected
inverters, which superimposes with the fault current on the medium-voltage
side. This superposition effect will change the operating characteristics of
the original relay protection system, thereby causing problems such as
misoperation or refusal to operate of protection devices.
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For ease of analysis, the total short-circuit current at the short-circuit
fault point can be decomposed into two components, with the mathematical
expression as follows:

ISC = ISC-MV +
n∑︂
i=1

ISC-PV-LV,i (8)

ISC-PV-LV,i = ksc · Ii, ksc ∈ [1.1, 1.5] (9)

where ISC is the total short-circuit current on the MV side; ISC-MV is the
short-circuit current contribution from the MV side excluding that from PV
systems; ISC-PV-LV,i is the equivalent short-circuit current contributed by the
i-th low-voltage PV inverter to the MV side, typically calculated as 1.1 to
1.5 times its rated current; ksc is a coefficient; and Ii is the rated short-circuit
current of the i-th PV inverter.

SCR =

∑︁
IPV LV ,i

ISC MV
× 100% (10)

where IPV LV ,i represents the short-circuit current contributed by the i-th LV
PV system to the MV side after conversion, typically calculated as 1.1∼1.5
times the rated current of the inverter; while ISC MV denotes the short-
circuit current on the MV side excluding the PV contributions. Since the
interrupting capacity of medium-voltage circuit breakers is typically designed
to be 100%–120% of the rated short-circuit current, if the SCR exceeds 5%,
it indicates that the short-circuit capacity contributed by PV systems accounts
for a significant proportion of the total medium-voltage short-circuit capacity.
This may trigger overcurrent protection in the inverters themselves and affect
protection criteria under asymmetric short-circuit conditions due to current
superposition. The total short-circuit current may approach or exceed the
rated value of the circuit breaker, leading to interruption failure or equipment
damage, necessitating recalibration of protection settings.

(3) Power Coupling Considering Photovoltaic Concentration

The dynamic characteristics of the coupling between distributed photo-
voltaics in medium- and low-voltage networks are also reflected in the impact
of PV output fluctuations and load fluctuations on the medium-voltage net-
work transmitted through low-voltage transformers. The power transmission
relationship of the transformer is:

The total fault current at the short-circuit point is the sum of the short-
circuit current from the MV system and the current contributed by the LV
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photovoltaic systems, expressed as:

ISC = ISC-MV +
n∑︂
i=1

ISC-PV-LV,i (11)

ISC-PV-LV,i = ksc · Ii, ksc ∈ [1.1, 1.5] (12)

where ISC is the total short-circuit current on the MV side; ISC-MV is the
short-circuit current contribution from the MV side excluding that from PV
systems; ISC-PV-LV,i is the equivalent short-circuit current contributed by the
i-th low-voltage PV inverter to the MV side, typically calculated as 1.1 to
1.5 times its rated current; ksc is a coefficient; and Ii is the rated short-circuit
current of the i-th PV inverter.

When LV photovoltaics generate concentrated power, it may cause
reverse power to flow back to the MV side through transformers, leading to
congestion in MV lines or misoperation of protection devices. We introduce
the Reverse Congestion Index (RCI) to represent the ratio of peak reverse
power to the thermal stability capacity of MV lines:

RCI =
max(Preverse)

Pt−l
× 100% (13)

where Preverse represents the peak reverse power flow on the MV line, and
Pt−l denotes the line’s thermal stability capacity. Line overload protection
settings are typically set at 90%–110% of the thermal stability capacity.
Considering safety margins and economic optimization, setting the RCI limit
at 0.8 ensures sufficient time to initiate flexible control measures such as PV
power curtailment or energy storage regulation before protection activation.

3 Scene Reduction Considering Source-Load Uncertainty

The output of distributed photovoltaics (PV) and the load fluctuation in dis-
tribution networks exhibit significant randomness and uncertainty. Improper
selection of evaluation scenarios may lead to overly optimistic or conservative
assessment results. The multi-scenario analysis method can effectively reduce
the complexity of problem solving while ensuring the solution accuracy of the
optimal configuration scheme, transforming a large number of uncertain sce-
narios into a small number of representative deterministic scenarios, thereby
improving the evaluation accuracy.

The scenario clustering method based on historical data performs clus-
tering division by calculating the spatial distance between scenarios, and
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classifies scenarios with high similarity into the same category, thus realizing
the reduction of the scenario set. This method can avoid the huge compu-
tational burden of the Monte Carlo method and the subjectivity of fuzzy
optimization, and remains effective when the number of original scenarios
is large. Therefore, this paper adopts cluster analysis to carry out the research
on generating typical scenarios.

The K-means algorithm has certain application limitations when deal-
ing with scenarios with complex and variable PV output fluctuations and
load characteristics in distribution networks. The optimized K-means++
algorithm, based on K-means, adopts the farthest point priority selection
mechanism based on probability weight to improve the generation pro-
cess of initial cluster centers, effectively alleviating the problem that the
traditional K-means algorithm is highly sensitive to initial cluster centers,
greatly enhancing the stability of clustering results, and improving the overall
convergence efficiency of the algorithm.

Compared with hierarchical clustering methods, K-means++ has higher
computational efficiency, which is especially suitable for processing large-
scale datasets and can quickly meet the analysis requirements of massive
operation data in distribution networks. Meanwhile, compared with density-
based clustering methods, K-means++ does not need to pre-set density-
related thresholds, and can better adapt to the non-uniform distribution
characteristics of distributed PV output and load demand in distribution
networks.

The implementation steps of K-means++ are as follows:

(1) This paper adopts the elbow method to determine the optimal number
of clusters. This method takes the sum of squared errors (SSE) as the
core evaluation index, whose physical meaning is the sum of the squared
Euclidean distances from each sample point to the corresponding cluster
center. As the number of clusters K increases gradually, the SSE shows
an overall monotonic downward trend; when K is less than the real
number of clusters, the SSE decreases significantly; when K reaches
the actual number of clusters, further increasing the number of clusters
has a significantly weakened effect on improving the SSE, and the curve
slope changes sharply to form an “elbow” inflection point. The K value
corresponding to the inflection point of the curve is the optimal number
of clusters.

(2) Initialization. Randomly select one sample from the data sample set as
the first initial cluster center.
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(3) Calculate the Euclidean distance between each sample point and the
currently determined cluster centers one by one.

(4) Construct a probability selection model based on the Euclidean distance
from each data point to the existing cluster centers, so that sample points
farther from the existing centers have a higher probability of being
selected as the next cluster center.

(5) Repeat steps (2) to (4) until all K initial cluster centers are selected.

4 Evaluation Model

The core MV-LV interaction mechanisms proposed in the previous sections
expand the evaluation dimensions of distribution network hosting capacity
and address the shortcomings of traditional methods in considering voltage
coupling, quantitative short-circuit contribution, and resonance risk identifi-
cation. Based on these mechanisms, this chapter constructs a distributed PV
hosting capacity assessment model that incorporates MV-LV interactions.

4.1 System Voltage Quality Assessment

The increase in PV penetration alters the power flow direction in distribution
networks, leading to issues such as voltage violations and line overloads.
Focusing solely on maximizing hosting capacity may mask the risk of power
quality degradation. The main indicators for assessing system power quality
are frequency and voltage quality. Frequency quality metrics include fre-
quency deviation tolerance, while voltage quality metrics encompass allow-
able voltage deviation, waveform distortion rate (harmonics), three-phase
voltage unbalance tolerance, and voltage fluctuation and flicker tolerance. For
distribution networks, voltage quality is a decisive factor for power supply
reliability.

In addition to evaluating maximum PV hosting capacity, this paper intro-
duces a Voltage Deviation Index (VDI) to quantify the extent of deviation of
various voltage quality indicators from standard values. VDI indicates poorer
voltage quality. The VDI is calculated using the entropy weight method, with
the steps as follows:

(1) Select indicators reflecting system voltage quality. This paper selects
four indicators to assess voltage quality: voltage deviation Xeu , total
harmonic distortion rate XTHDu , three-phase voltage unbalance Xεu

and voltage flicker Xp.
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(2) Formation of voltage quality data matrix. A network voltage quality
data matrix is created using the voltage quality indicators. The data
is normalized using the min-max standardization method to eliminate
dimensional effects. The formula for normalization is as follows:

x′ =
x− xmin

xmax − xmin
(14)

(3) Calculation of entropy values for each indicator. The entropy value for
each indicator is calculated using the following formula:

Ev = −t
U∑︂
u=1

puv ln(puv) (15)

where Ev is the entropy value of the v-th indicator; puv is the proportion

of the normalized value of the v-th indicator in the u-th dataset; t is a
constant; U is the number of datasets.

(4) Calculation of weights for each indicator. The weights for each indicator
are calculated using the formula:

ωv =
1− Ev∑︁V

v=1(1− Ev)
(16)

where ωv is the weight of the v-th indicator; V is the total number of
indicators.

(5) Derivation of system VDI from indicator weights. The system VDI is
calculated using the following formula:

VDI =
1

24

24∑︂
h=1

V∑︂
ν=1

ων,hx
′
ν,h (17)

where h is the time; x′ν,h is the normalized value of the v-th voltage
quality indicator at time h, with the reference value being the national
standard for the maximum allowable short-term deviation for each
indicator.

The implementation methodology for measuring the system voltage qual-
ity based on VDI is illustrated in Figure 1. Simulation verification shows
that, considering long-term non-violation and safety margins, the system VDI
should generally not exceed 0.75.
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Figure 1 System voltage quality assessment.

4.2 Objective Function

(1) Maximum installed capacity of distributed PV

maxF1 = max
n∑︂
i=1

PPV .i (18)

(2) Minimum VDI

minF2 = minVDI (19)

VDI = avg

(︄
VDIm +

1

N

N∑︂
num=1

VDI l,num

)︄
(20)

in the equation, VDIm represents the Voltage Deviation Index on the
MV side;N denotes the total number of LV distribution units; VDI l,num
indicates the Voltage Deviation Index of the num-th LV distribution unit.

4.3 Constraints

(1) The overall constraints of the power distribution system

Power flow constraints:⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
PPV,i − Pi − Ui

n∑︂
j=1

Uj(Gij cos θij +Bij sin θij) = 0

QPV,i −Qi − Ui

n∑︂
j=1

Uj(Gij sin θij −Bij cos θij) = 0

(21)

In the equation: PPV ,i, QPV ,i represent the active and reactive power out-
put of the distributed photovoltaic system connected at node i;Pi, Qi denote
the active and reactive power load at node i;Gij , Bij are the conductance and
susceptance elements of the nodal admittance matrix.
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Voltage deviation constraints:

UN (1− ε) ≤ Ui ≤ UN (1 + ε) (22)

in the formula: Ui represents the node voltage; UN denotes the nominal
system voltage; ε is the permissible voltage deviation limit. However, due
to the smaller base value, the actual allowable absolute deviation is smaller,
requiring higher accuracy in assessments.

Thermal stability constraints:

|Ik| ≤ Ikmax (23)

where Ik represents the current on branch k; Ikmax denotes the maximum
allowable current for branch k.

PV inverter capacity limitations:

P 2
PV +Q2

PV ≤ S2
inv (24)

in the equation: Sinv represents the rated apparent power of the inverter; PPV

denotes the active power output from the PV inverter; QPV is the reactive
power provided by the inverter.

(2) Unique constraints on medium and low voltage sides

The MV distribution network has a wide supply range and a large load
capacity, typically equipped with various reactive power regulation devices.
The MV side has high requirements for voltage stability and power quality,
necessitating management of reactive power across the entire region to ensure
that voltage levels remain within target ranges, thereby avoiding impacts on
the operation of downstream LV distribution networks.

The expression for reactive power regulation constraints on the MV side
is as follows:

Qmin
co,MV,i ≤ Qco,MV,i ≤ Qmax

co,MV,i (25)

The LV distribution network directly supplies power to residential, com-
mercial, and small industrial users. Its single-phase loads are significant,
with low tolerance for voltage fluctuations and high randomness in usage
behavior, which can easily cause three-phase imbalance. The neutral line
directly connects to users, and during three-phase imbalance, it may carry
large currents, leading to neutral line overload and even fire hazards. In
contrast, the loads on the MV distribution network are aggregated through
transformers, which typically mitigates the issue of three-phase imbalance.
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The neutral point of the MV network is usually grounded through an arc
suppression coil or resistor, meaning that unbalanced current does not pass
through the neutral line, posing less risk. Therefore, the LV distribution
network must pay special attention to the issue of three-phase imbalance.

Based on the calculation method for voltage imbalance defined by IEEE
Std 112–1991, constraints are applied to the Phase Voltage Unbalance Rate
(PVUR) as follows:

PVUR ≤ PVURmax (26)

where PVURmax represents the permissible maximum phase voltage unbal-
ance rate. The PVUR is calculated as follows:

PVUR =
max[|UA − Uavg|, |UB − Uavg|, |UC − Uavg|]

Uavg
× 100% (27)

Uavg =
UA + UB + UC

3
(28)

where, UA, UB , UC represent the root-mean-square (RMS) values of phase
A, B, and C voltages.

(3) Interaction constraints between medium and low voltage

Constraints are applied to the four core interaction mechanisms proposed in
the previous sections:

VPC ≤ VPCm (29)

SCR ≤ SCRm (30)

CRF > fmin (31)

RCI ≤ γ (32)

where VPCm represents the maximum allowable voltage penetration coef-
ficient; SCRm denotes the maximum permissible short-circuit contribution
ratio; fmin is the low-risk minimum frequency point; γ indicates the maxi-
mum allowable reverse congestion rate. The evaluation incorporates real-time
adjustments through system reactive power compensation:

γdynamic = γ ·
(︃
1− 0.2

Qcomp

Srated

)︃
(33)

where, γdynamic represents the dynamic reverse load ratio threshold; Srated
denotes the equipment rated apparent power.
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Transformer capacity constraints:

Stx ≤ Smax
tx (34)

where Stx represents the transformer’s operational apparent power; Smax
tx

denotes the transformer’s maximum rated capacity.

4.4 Improved DE-NSWOA Model

Based on the NSWOA model, this paper proposes an improved DE-NSWOA
solution model. NSWOA is a multi-objective optimization algorithm that
integrates Pareto dominance relations and the Whale Optimization Algorithm
(WOA). Its core idea combines the multi-objective processing framework
of NSGA-II with the search mechanism of WOA, incorporating Pareto
dominance and crowding distance to identify the optimal solution set.

First, to address the issue that the three search modes of WOA – random
search, spiral updating, and shrinking encircling – exhibit a progressively
hierarchical relationship and are significantly influenced by random factors in
traditional search mechanisms, this paper proposes a novel individual search
mechanism for NSWOA.

An Update Distance (UPD) is defined to quantitatively describe the
degree of optimization in an individual’s position before and after an iteration.
The formula is as follows:

UPD =
F1,t − F1,t−1

F1,t−1
+
F2,t − F2,t−1

F2,t−1
(35)

where t represents the current generation, and F1,t denotes the value of the
objective function at generation t. The proposed search mechanism is jointly
determined by the iteration stage and UPD, aiming to better balance global
and local exploration, thereby forming the improved NSWOA. The specific
implementation of the individual search mechanism is expressed as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

t <
1

3
Tmax, Random Search

1

3
Tmax ≤ t ≤ 2

3
Tmax and UPD > ϵ, Random Search

t >
2

3
Tmax and UPD < ϵ, Shrink Wrap

others, Spiral Update

(36)
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where Tmax is the expected number of iterations for NSWOA convergence,
and ϵ is the set threshold for the update distance.

However, challenges such as susceptibility to local Pareto optimal fronts
and sensitivity to parameters persist. To address these issues, this paper inte-
grates the mutation-crossover mechanism of Differential Evolution (DE) with
the improved NSWOA, resulting in the improved DE-NSWOA algorithm.
The introduction of DE aims to enhance the global search capability and
solution set diversity of NSWOA in multi-objective problems, preventing pre-
mature convergence to local Pareto optimal fronts. Specifically, after updating
the Pareto archive in each iteration of NSWOA, DE operations are performed
on a subset of individuals. The implementation process of incorporating DE
is as follows:

(1) Target individual selection. Individuals not in the first front are selected
to undergo the DE operation, while elite solutions in the first front are
preserved to avoid disrupting high-quality solutions.

(2) Differential mutation. For each target individual Xi three distinct indi-
viduals Xr1, Xr2 and Xr3 are randomly selected to generate a mutation
vector Vi:

Vi = Xr1 + F · (Xr2 −Xr3) (37)

where F ∈ [0.5, 1] is the scaling factor that controls the differential step
size;

(3) Binomial crossover. The mutation vector Vi,j undergoes crossover with
the original individual Xi to generate the trial vector Ui,j :

Ui,j =

{︄
Vi,j if rand(0, 1) ≤ CR or j = jrand

Xi,j otherwise
(38)

where CR ∈ [0.8, 1];
(4) Elite selection. The trial vector Ui and the original individual Xi are

compared based on Pareto dominance, retaining the better solution:

Xi(t+ 1) =

{︃
Ui if Ui < Xi

Xi(t) otherwise
(39)

If Ui and Xi are non-dominated with respect to each other, the solution
with a larger crowding distance (i.e., the less crowded one) is selected to
maintain diversity.

By incorporating differential mutation and crossover, the population
diversity is enhanced, preventing the algorithm from getting trapped in local
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Figure 2 Example of differential mutation.

Figure 3 Example of crossover.

optima. The example of differential mutation is illustrated in Figure 2, while
the crossover process is demonstrated in Figure 3.

After the iterations are completed, the fuzzy decision-making method is
used to select the optimal compromise solution from the Pareto optimal front.
The procedure is as follows:

(1) Normalization of objective values. For F1 that should be maximized
(where larger values are better), the normalization formula is:

µF1 =
fF1 − fmin

F1

fmax
F1

− fmin
F1

(40)

where µF1 is the membership degree of F1; fF1 represents each outcome
value F1 in the Pareto front. For F2, where smaller results are preferred,
its normalization formula is:

µF2 =
fmax
F2

− fF2

fmax
F2

− fmin
F2

(41)
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(2) Comprehensive membership degree calculation. A conservative strat-
egy is adopted by taking the minimum membership degree of the two
objectives:

µco = min(µF1 , µF2) (42)

(3) Optimal Solution Selection. The optimal solution is the one that mini-
mizes the following expression.

To summarize, the implementation steps of DE-NSWOA are as follows:

Step 1: Parameter Configuration
Set the input parameters.
Step 2: Initial Population Generation
Initialize the population randomly, where each individual stores two
objective function values, i.e., the individual position. Initialize the
Pareto archive.
Step 3: Iteration Update
Perform one iteration for all individuals.
Step 4: Non-dominated Sorting
Step 5: Pareto Archive Update and Pruning
Update the Pareto archive by retaining only non-dominated solutions.
Prune the archive by removing solutions in densely crowded regions.
Step 6: Mutation and Crossover
Perform DE mutation and crossover on individuals not in the first front
using the method described earlier.
Step 7: Termination Check
Repeat Steps 3 to 6 while t=T. When t=T, output the Pareto optimal front.
Step 8: Final Solution Selection
Apply the fuzzy decision-making method to select the final solution
from the Pareto optimal front.

5 Case Study Analysis

This paper takes a network of a city in East China as an example, using
the distribution system shown in Figure 4 to conduct a hosting capacity
assessment. Detailed load data are provided in Table 1. The topology of
the MV side is shown in Figure 4(a), where the MV distribution network
hosts a total distributed PV capacity of 1.74 MW, connected through eight
10/0.38 kV distribution transformers, each rated at 400 kVA. The topology of
a LV transformer zone is in Figure 4(b), with PV systems integrated at nodes
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Figure 4 Medium and low voltage power distribution system.

32, 34, 35, and 40, each with a capacity of 18 kW. The MV feeder uses cable
type YJV22-8.7 with a maximum ampacity of 450 A. The LV feeder uses
cable type VV-0.6 with a maximum ampacity of 230 A.

The hosting capacity calculation requires selecting a typical time period
of the year. Since distributed PV integration is most likely to cause security
violations in the distribution network during summer, a typical summer day’s
load and PV generation data are selected as the input, with their daily profiles
shown in Figure 5. As the hosting capacity optimization problem for nodes
currently without distributed PV involves siting and sizing decisions, this
paper temporarily does not consider the assessment for such nodes. The
three-phase load and PV data of the transformer district are listed in Table 2.

Using the proposed VDI calculation method, network data sampled every
two hours (i.e., 8 datasets) are used to obtain the weight results for the MV
side, as shown in Table 3, and the results for an LV transformer zone are
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Table 1 Node load data of MV distribution network
Node

Number
Active Power

Load/MW
Reactive Power

Load/Mvar
Node

Number
Active Power

Load/MW
Reactive Power

Load/Mvar
1 0 0 16 0.100 0.046
2 0.115 0.064 17 0.095 0.040
3 0.095 0.038 18 0.080 0.033
4 0.050 0.030 19 0.080 0.033
5 0.050 0.020 20 0.075 0.030
6 0.195 0.100 21 0.060 0.020
7 0.190 0.100 22 0.060 0.018
8 0.070 0.020 23 0.180 0.096
9 0.060 0.015 24 0.288 0.155

10 0.060 0.020 25 0.100 0.423
11 0.065 0.022 26 0.095 0.044
12 0.065 0.020 27 0.086 0.040
13 0.090 0.043 28 0.080 0.038
14 0.055 0.018 29 0.080 0.038
15 0.060 0.020 30 0.060 0.033

Figure 5 Typical daily load and PV generation curves.

shown in Table 4. Voltage deviation has the highest weight on the MV side,
whereas the three-phase voltage unbalance tolerance is the most influential
indicator on the LV side. The primary reason is that MV lines are longer, mak-
ing them susceptible to voltage violations at the ends due to load variations,
directly affecting the power supply quality for downstream LV sides, while
three-phase unbalance is generally less severe. In contrast, LV transformer
zones have concentrated single-phase loads and single-phase PV integrations,
leading to excessive neutral current, which can cause transformer overheating
and voltage asymmetry. LV distribution networks are more prone to forming
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Table 2 Three-Phase data of low-voltage transformer district

Node Phase A Load/kW Phase B Load/kW Phase C Load/kW PV Connected Phase

31 5.2 4.8 6.1 –

32 3.5 4.0 3.8 A

33 6.0 5.5 5.0 –

34 4.2 3.9 4.5 C

35 5.0 4.5 5.5 C

36 4.8 5.2 4.7 –

37 3.7 4.3 3.9 –

38 6.5 5.8 6.2 –

39 4.0 4.5 4.2 –

40 5.5 5.0 5.3 AB

Total 48.4 47.5 49.2 –

Table 3 MV side VDI weight calculation results

Standardized Voltage Quality Index Xeu XTHDu Xεu Xp

puv 0.20289 0.10688 1e-10 0.29215

1e-10 0.19579 0.065495 0.033462

0.26134 0.094203 0.12192 0.16165

0.18506 0.10716 0.16207 1e-10

0.17039 0.049052 0.067345 0.13771

0.040849 0.22352 0.30213 0.066667

0.013767 0.22338 0.10712 0.19434

0.12571 1e-10 0.17391 0.11403

Entropy Ev 0.83599 0.88377 0.87371 0.85949

Weight Coefficient ωv 0.29981 0.21247 0.23086 0.25686

Table 4 LV distribution transformer zone VDI weight calculation results

Standardized Voltage Quality Index Xeu XTHDu Xεu Xp

puv 1e-10 0.10054 0.14882 0.22178

0.064372 0.12516 0.21483 0.13089

0.16502 0.19566 0.052808 0.1856

0.27367 1e-10 1e-10 0.16568

0.13573 0.086254 0.13082 0.035658

0.099587 0.29266 0.29381 0.10228

0.1559 0.094389 0.041047 1e-10

0.10571 0.10534 0.11786 0.15811

Entropy Ev 0.89284 0.88538 0.85515 0.89173

Weight Coefficient ωv 0.22565 0.24136 0.30501 0.22798
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Figure 6 Pareto optimal frontier.

Figure 7 Convergence comparison for PV hosting capacity optimization.

resonant circuits. Household appliances, commercial equipment, and low-
power industrial devices in LV zones often use switching power supplies or
power electronic devices, generating rich 3rd, 5th, and 7th harmonics. Single-
phase non-linear loads causing the superposition of 3rd harmonic currents in
the neutral line can easily lead to neutral overload and higher resonance risks.

The Pareto optimal solution sets generated by the improved DE-NSWOA,
NSWOA, and Non-dominated Sorting Particle Swarm Algorithm (NSPSO)
for optimizing hosting capacity and VDI are shown in Figure 6. The con-
vergence comparison for the single objective of hosting capacity is shown
in Figure 7. When the hosting capacity reaches a certain value, even sac-
rificing more VDI does not lead to a significant improvement in capacity.
Among the methods, NSPSO is more prone to converging to a local Pareto
front, whereas the improved DE-NSWOA demonstrates the best convergence
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Table 5 Comparison of results using different methods
Method PV Hosting Capacity/MW VDI
NSPSO 7.957 0.561
NSWOA 8.773 0.601
DE-NSWOA 8.968 0.599

Figure 8 Assessment results of PV hosting capacity at MV-side nodes.

performance. Under the same VDI, the improved DE-NSWOA achieves
a higher distributed PV hosting capacity, and the DE enhancement also
improves the diversity of the solutions. The final results obtained by the three
methods using the fuzzy decision-making approach are presented in Table 5.

Using the improved DE-NSWOA and the fuzzy decision-making method,
the optimal assessment results for the PV hosting capacity at MV nodes are
shown in Figure 8, and the assessment results for the hosting capacity of
transformer zones and their internal components on the MV side are shown in
Figure 9. A comparison between the results obtained by the method proposed
in this paper and those evaluated without considering medium – low voltage
coupling is presented in Table 6. It can be seen that the distribution network
hosting capacity considering medium – low voltage coupling is 8.968 MW,
while that without consideration is 9.721 MW. Taking medium – low voltage
coupling into account reduces the final hosting capacity assessment result
by approximately 7.75%. The medium – low voltage coupling effect has a
significant impact on the hosting capacity of medium-voltage photovoltaic
systems, especially at nodes 18 and 20.

By analyzing the evaluation data, the primary limiting factors for
enhancing the distributed PV hosting capacity can be identified. Taking the
transformer zone connected to Node 20 as an example, when the hosting
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Figure 9 Assessment results of hosting capacity for MV-side transformer zones and internal
components.

Table 6 Comparison between the method in this paper and the evaluation results without
considering medium – low voltage coupling

Node

Hosting Capacity
Considering

Medium–Low Voltage
Coupling/MW

Hosting Capacity
Without Considering

Medium–Low Voltage
Coupling/MW

Medium-voltage photovoltaic 5 1.861 1.910
9 1.042 1.150
18 0.683 0.874
20 0.515 0.692
26 1.225 1.267

Distribution transformer area 7 0.573 0.592
10 0.439 0.456
12 0.408 0.424
18 0.343 0.386
20 0.207 0.243
24 0.759 0.785
27 0.501 0.517
29 0.412 0.425

Total 8.968 9.721

capacity reaches its limit, the current in the zone’s main feeder is 42.81 A, the
per-unit voltage at Node 20 is 1.022, the VPC is 0.46%/MW, while the RCI
reaches the threshold of 0.8. In this case, the primary solution for enhancing
the hosting capacity in the zone connected to Node 20 should first address the
reverse congestion issue, primarily considering the installation of distributed
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Table 7 Constraints limiting hosting capacity enhancement of distributed PV systems
PV Location Grid-connection Node Hosting Capacity Limiting Constraints
MV side 5, 20, 26 Voltage deviation

9 Thermal stability
18 Reactive power compensation capacity

LV side 7, 29 VPC
10 32, 34, 35 node: Voltage deviation 40 node:

Three-phase unbalance degree
12 32 node: Three-phase unbalance degree 34 node:

Thermal stability 35, 40 node: Voltage deviation
18 SCR
20 32, 35, 40 node: Three-phase unbalance degree

34 node: Voltage deviation
24 RCI

Figure 10 Evaluation results of medium and low voltage distribution network.
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energy storage systems on the transformer zone side. By conducting a node-
by-node summary analysis of the evaluation results, the constraints limiting
the enhancement summarized in Table 7. It is evident that among the MV-
LV interaction issues, the increase in LV PV integration capacity leading to
voltage rise issues on LV buses and even the MV side is relatively signifi-
cant. Implementing improvement measures for this issue in the future could
substantially enhance the system’s hosting capacity.

The final evaluation results are shown in Figure 10. DPV represents the
currently integrated photovoltaic capacity at each node, while Pm denotes
the maximum hosting capacity results considering medium-voltage and low-
voltage interactions and the Voltage Deviation Index.

6 Conclusion

To address the systemic challenges in MV and LV distribution networks
caused by the continuous increase in distributed PV integration capacity, The
main conclusions in this paper are as follows:

(1) A distribution network hosting capacity assessment scheme considering
medium – low voltage interaction is proposed. The coupling issues
in medium – low voltage distribution networks under high-penetration
distributed PV integration are analyzed. Three types of strong medium –
low voltage coupling relationships are considered: cross-level voltage
transmission under low-voltage saturation, short-circuit current super-
position, and reverse power impact caused by PV concentration. VPC,
SCR and RIC are proposed to quantify their impacts. Taking medium –
low voltage coupling into account reduces the final hosting capacity
assessment result by approximately 7.75%.

(2) The concept and calculation method of the Voltage Deviation Index
(VDI) were introduced. Starting from multiple voltage quality indicators
of the system, the weights of these indicators at different voltage levels
were determined, thereby quantifying the system’s voltage quality. With
the dual objectives of maximizing PV hosting capacity and minimizing
VDI, and considering the holistic and differentiated characteristics of
MV-LV distribution systems, the assessment contributes to the safe and
stable operation as well as the long-term planning and construction of
distribution networks.

(3) An improved DE-NSWOA was proposed to solve the model. The update
distance was defined, and a search mechanism determined jointly by
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the iteration stage and UPD was introduced to balance global and local
exploration, enhanced by the integration of DE. Case studies demon-
strate that the proposed method exhibits stronger global optimization
capabilities.
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