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Abstract

Distributed photovoltaic (PV) systems play an important role in supporting low-carbon
and sustainable distribution network development; however, their high-penetration inte-
gration can cause nodal overvoltage, as midday PV generation often exceeds local demand
and net reverse power flows accumulate along feeders. Existing studies mainly focus on
technical mitigation, while entity-level responsibility quantification and its translation into
differentiated mitigation tasks remain insufficiently explored. This paper proposes an over-
voltage mitigation method integrating Shapley-value-based responsibility quantification
with active–passive-responsibility-driven task allocation. Reverse power flow quotas are
determined using the Technique for Order Preference by Similarity to Ideal Solution (TOP-
SIS) by considering the differentiated impacts of PV entities on power flow distribution
and nodal voltage response. The load-weighted voltage deviation index is adopted as the
coalition cost function, and the Shapley value is used to quantify each entity’s overvoltage
responsibility share. Active and passive responsibilities are characterized through the net
reverse power ratio and reactive power–voltage sensitivity, respectively, establishing a map-
ping mechanism from responsibility shares to active power curtailment and reactive power
regulation tasks. A multi-objective optimization model that jointly considers line losses,
PV curtailment, fairness deviation, and task-allocation deviation is constructed and solved
using the whale optimization algorithm. Case studies on the IEEE 33-bus system show
that the proposed method reduces the maximum network voltage from 1.25 pu to 1.052 pu
and eliminates all overvoltage violations. Compared with a cluster-based scheme, the 24-h
cumulative line loss is reduced by 30.6%, and the fairness deviation is significantly lowered,
thereby supporting the sustainable, economical, and equitable operation of distribution
networks with high distributed PV penetration.

Keywords: distributed photovoltaic; sustainable distribution network; overvoltage mit-
igation; Shapley value; responsibility quantification; active and passive responsibilities;
reverse power flow quota

1. Introduction
With the continued advancement of carbon peaking and carbon neutrality goals and

the rapid development of distributed PV, the penetration of distributed PV in distribution
networks has increased steadily. When the ratio of total distributed PV generation capacity
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to the local load demand becomes sufficiently large, the distribution network is regarded
as having high PV penetration. Under such conditions, distribution networks involve
numerous connected entities with diverse capacities and complex network coupling rela-
tionships. Under the operating mode of “self-consumption with surplus fed to the grid,”
midday periods often exhibit high PV output while local load demand remains low. As a
result, the net reverse power flows of multiple entities accumulate along feeders, causing
power to flow back to the upstream grid and thereby leading to nodal voltage rise and even
voltage violations. The overvoltage problem not only constrains the further improvement
of distributed PV hosting capacity, but also directly affects the safe and stable operation of
distribution networks, making it a critical issue under high distributed PV penetration [1–3].
Therefore, PV-induced overvoltage mitigation is not only a technical requirement for volt-
age security, but also a sustainability-related requirement for accommodating more local
renewable generation and supporting reliable low-carbon distribution network operation.

Existing studies on PV-induced overvoltage have mainly focused on technical mit-
igation. In terms of reactive power regulation, References [4,5] proposed overvoltage
mitigation methods based on local reactive power support and inverter reactive power
control, while Reference [6] further investigated the coordinated control of on-load tap
changers and smart inverters to enhance voltage regulation capability in unbalanced dis-
tribution networks. In terms of active power regulation and multi-resource coordination,
Reference [7] proposed a feeder voltage regulation method based on coordinated control of
distributed energy storage, Reference [8] applied distributed battery energy storage to volt-
age support in distribution networks with high PV penetration, and Reference [9] mitigated
voltage violations through coordinated control of electric vehicle batteries and PV active
power curtailment. In terms of demand–side participation, Reference [10] proposed a coor-
dinated voltage control method incorporating residential demand response under multiple
uncertainties, and Reference [11] comparatively evaluated various overvoltage mitigation
techniques for low-voltage distribution networks. Overall, existing technical mitigation
studies have expanded from single reactive power control to active power regulation and
multi-resource coordinated control. However, their fairness mechanisms are typically de-
fined from the perspective of control burden, participation balance, operational boundary,
network partitioning, or allocation proportionality, without explicitly quantifying each
entity’s marginal contribution; therefore, the resulting allocation may appear balanced yet
remain inconsistent with actual responsibility. In contrast, Shapley-value-based responsi-
bility quantification evaluates the average marginal effect of each entity across possible
coalitions, thereby providing a game-theoretically fair basis for differentiated mitigation
task allocation.

As the scale of PV integration continues to grow, mitigation methods centered on
a single device or entity can no longer simultaneously ensure mitigation effectiveness,
operational economy, and fairness. Research has therefore shifted toward coordinated
optimization at the system level. Reference [12] constructed a multi-timescale coordinated
voltage/reactive power control framework, Reference [13] proposed a three-stage robust
inverter control method for high-PV-penetration scenarios, and Reference [14] studied volt-
age/reactive power coordination from the perspective of rolling-horizon multi-objective ro-
bust optimization. In terms of operational boundaries and fair coordination, Reference [15]
defined export limits for PV-rich low-voltage networks, while Reference [16] incorporated
fairness into Volt/Var control and PV curtailment coordination. Reference [17] proposed a
hierarchical decentralized voltage control method based on network partitioning, Refer-
ence [18] introduced a two-level overvoltage control strategy, and References [19,20] further
considered demand–resource participation and fair payoff allocation. However, mitigation-
task allocation among multiple entities still largely relies on topological partitioning or
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uniform rules, which do not clarify each entity’s actual contribution to overvoltage for-
mation and therefore provide an insufficient fairness basis, and some entities may bear
mitigation burdens that do not match their actual contributions.

In practice, overvoltage in distribution networks arises from the combined effect of
net reverse power flows from multiple distributed PV entities. These entities compete for
the limited reverse power accommodation capability of the network and can therefore be
modeled as participants in a cooperative game. Cooperative game theory provides an
effective tool for responsibility attribution and fair allocation in such multi-entity coupled
scenarios. The Shapley value satisfies additivity, efficiency, and fairness, and has been
applied to transmission cost allocation [21], distribution network loss allocation [22,23],
and benefit allocation in the aggregated operation of distributed energy resources [24,25].
Reference [26] introduced the Shapley value method to quantify overvoltage responsibility
in distribution networks with high distributed PV penetration, representing an important
initial exploration of responsibility attribution for PV-induced overvoltage. However, it
provides only an ex-post attribution framework that quantifies each entity’s responsibility
share but does not establish a mechanism for translating these shares into executable
mitigation tasks. Responsibility shares indicate only the relative contribution to overvoltage
formation, while practical mitigation further depends on each entity’s reverse-power ratio,
voltage sensitivity, inverter capability, and operating condition. To address this gap, this
paper proposes an active–passive responsibility mapping mechanism that bridges Shapley-
value-based responsibility quantification and coordinated mitigation task allocation.

Accordingly, this paper proposes an overvoltage mitigation method for distribution
networks with high distributed PV penetration based on Shapley-value-based responsi-
bility quantification and active–passive-responsibility-driven task allocation. The main
contributions of this paper are as follows:

(1) An overvoltage responsibility quantification method for distribution networks with
high distributed PV penetration is proposed. By integrating power flow impact
and voltage response differences, the method constructs a baseline reverse power
flow quota for each entity and employs the Shapley value method to calculate the
overvoltage responsibility share of each entity.

(2) An active–passive-responsibility-driven mitigation task mapping method is proposed.
By characterizing active responsibility, passive responsibility, and mitigation contri-
bution, the method enables coordinated allocation of active power curtailment and
reactive power regulation tasks.

(3) A responsibility-driven optimization model that balances fairness and economy is
constructed. By jointly considering line losses, PV curtailment, fairness deviation,
and task-allocation deviation, the model achieves optimized allocation of overvoltage
mitigation tasks in distribution networks.

2. Overvoltage Responsibility Quantification Based on the Shapley Value
2.1. Reverse Power Flow Quota Determination Based on Power Flow Impact and Voltage Response

After the integration of high-penetration distributed PV, different entities exhibit
markedly different impacts on the distribution network depending on their output scale,
access location, line path, and nodal voltage response characteristics. Allocating reverse
power flow reference values solely by installed capacity or in an equal-share manner cannot
accurately reflect these differences. Therefore, entity-level differences are characterized in
terms of power flow impact and voltage response, and the reverse power flow quota is
determined accordingly.
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2.1.1. Power Flow Impact Characterization Based on the DistFlow Model

For radial distribution networks, the impact of net reverse power flows from dis-
tributed PV entities on branch power flows is primarily propagated upstream along the
common path from the access point to the slack bus. The LinDistFlow model can represent
this propagation and facilitates the construction of entity-level branch impact vectors; it is
therefore adopted here.

For PV entity i located at node b(i), when its active power injection increases by ∆pPV
i ,

the power flow change on branch l can be expressed as follows:

∆Pl =

{
−∆pPV

i , l ∈ P(0, b(i))
0, l /∈ P(0, b(i))

(1)

where P(0, b(i)) denotes the set of branches on the path from the slack bus to the access
node b(i). The impact factor of entity i on branch l is further defined as follows:

πi
l =

∂Pl

∂pPV
i

(2)

The branch impact vector of entity i is composed of the impact factors for all branches:

πi =
[
πi

1, πi
2, . . . , πi

L

]T
(3)

where L is the total number of branches in the system.
Equations (1)–(3) indicate that the impact of entity power injection is primarily dis-

tributed along the common path from the entity to the slack bus. An access point closer
to the feeder end generally leads to more affected branches and a more pronounced im-
pact on the overall network power flow distribution. The branch impact vector can thus
characterize the degree of influence of an entity on the power flow structure of the distribu-
tion network.

It is noted that the proposed branch-impact vector is derived under the radial feeder
assumption. For weakly meshed or flexibly interconnected distribution networks, the
unique upstream path no longer exists, and the proposed path-based formulation would
need to be extended using a generalized branch-flow sensitivity matrix, such as a PTDF-
based or Jacobian-based approach. The present study focuses on radial feeders, which
remain the dominant topology in medium- and low-voltage distribution systems.

2.1.2. Voltage Impact Characterization Based on the Voltage Sensitivity Matrix

Since overvoltage ultimately manifests as nodal voltage violations, power flow analysis
alone is insufficient; the effect of entity power injection on nodal voltages must also be
examined. To this end, the active power–voltage sensitivity matrix is constructed in the
vicinity of the AC power flow operating point, and the voltage impact vector of each entity
on all network nodes is defined:

SUP ≜
∂(U/UN)

∂P
(4)

where SUP is the active power–voltage sensitivity matrix; U is the nodal voltage magnitude
vector; UN is the rated voltage; and P is the nodal active power injection vector.

For PV entity i located at node b(i), the voltage impact vector of its active power
injection perturbation on all network nodes is defined as follows:

JPV
i = SUPeb(i) (5)
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where eb(i) is the b(i)-th standard basis vector.
Equations (4) and (5) indicate that different entities have notably different impacts

on nodal voltages. In general, entities located at feeder ends, along lines with higher
impedance, or near weak nodes exhibit higher sensitivity values and a more pronounced
effect on local voltage rise.

2.1.3. Reverse Power Flow Quota Determination Based on Comprehensive
Evaluation Weights

Each entity’s contribution to overvoltage is jointly characterized by its power-flow
impact on feeder branches and its voltage impact at network nodes, which respectively
reflect the branch-level and nodal-level mechanisms of overvoltage formation. The TOPSIS
method is therefore applied to combine these two indicators into a composite evaluation for
quota allocation. After obtaining the power-flow impact and voltage-impact information,
the TOPSIS method is used to evaluate the comprehensive impact degree of each PV
entity. To remove dimensional and scale inconsistencies, the original impact matrices are
normalized. The TOPSIS calculation process is as follows:

(1) Matrix normalization. Taking the power-flow impact matrix as an example:

H(P) =



h(P)
11 h(P)

12 . . . h(P)
1L

h(P)
21 h(P)

22 . . . h(P)
2L

...
...

. . .
...

h(P)
K1 h(P)

K2 . . . h(P)
KL


(6)

where K is the number of PV entities, L is the number of branches, and h(P)
ij denotes the

power-flow impact magnitude of entity i on branch j. The normalized matrix Z(P) is
obtained as follows: 

z(P)
ij =

h(P)
ij√

K
∑

i=1

(
h(P)

ij

)2

Z(P) =



z(P)
11 z(P)

12 . . . z(P)
1L

z(P)
21 z(P)

22 . . . z(P)
2L

...
...

. . .
...

z(P)
K1 z(P)

K2 . . . z(P)
KL


(7)

(2) Determination of positive and negative ideal solutions Z+ and Z−:



Z+ = [Z+
1 , Z+

2 , . . . , Z+
m ]

Z− = [Z−
1 , Z−

2 , . . . , Z−
m ]

Z+
j = max

{
z1j, z2j, . . . , zKj

}
, j = 1, 2, . . . , m

Z−
j = min

{
z1j, z2j, . . . , zKj

}
, j = 1, 2, . . . , m

(8)

For the power-flow impact matrix, m = L; for the voltage-impact matrix, m = N.
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(3) Calculate the distances between entity i and the positive and negative ideal solutions:


D+

i =

√
m
∑

j=1

(
Z+

j − zij

)2

D−
i =

√
m
∑

j=1

(
zij − Z−

j

)2
(9)

(4) Calculate the overall power-flow impact score of the K PV entities:

S(P) =

[
D−

1
D+

1 +D−
1

D−
2

D+
2 +D−

2
. . . D−

K
D+

K +D−
K

]
(10)

Similarly, the overall voltage-impact score S(V) of the K PV entities can be obtained in
the same manner.

Since the power-flow impact and voltage impact are both important for reverse power
flow quota allocation and no priority is imposed between them, the two closeness degrees
are averaged as follows:

Mi =
S(P)

i + S(V)
i

2
(11)

Using Mi as the proportional coefficient, the quota of each entity is allocated pro-
portionally under the constraint of the total net reverse power capacity that the system
can accommodate:

qi = Qsys
Mi

K
∑

j=1
Mj

(12)

where Qsys is the total net reverse power capacity corresponding to the critical voltage
violation boundary of the system, and K is the total number of distributed PV entities. In
practice, Qsys is obtained by a bisection-based injection search, where TOPSIS-ratio-based
trial injections are verified by AC power flow until the maximum-voltage mismatch satisfies
the prescribed tolerance. This value serves solely as the proportional basis for obtaining
the baseline quota of each entity.

Based on the obtained baseline quota, entities whose actual reverse power flow exceeds
their quota are regarded as having encroached on the voltage safety margin and are
therefore included in the subsequent responsibility quantification. The final responsibility
of each entity must be further determined according to the actual violation conditions. To
justify the use of TOPSIS for quota allocation, a comparison with entropy-weighting, equal-
allocation, and capacity-based quota methods is provided in Appendix A. The results show
that TOPSIS provides a balanced performance among mitigation effort, voltage security,
loss, and fairness.

2.2. Overvoltage Responsibility Allocation Based on Coalition Marginal Contributions

The reverse power flow quota identifies whether each entity has crossed the voltage
safety boundary, but it does not determine the responsibility share each entity should bear.
Overvoltage results from the combined action of multiple entities, which differ in their
network coupling effects and marginal impacts on voltage. Therefore, responsibility should
be quantified based on each entity’s marginal contribution to overvoltage severity, rather
than assigned in proportion to the excess ratio.
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2.2.1. Coalition Cost Construction Based on the Load-Weighted Voltage Deviation Index

Before computing the Shapley value, the coalition cost function must first be de-
termined. Existing overvoltage evaluation indices mainly include the maximal voltage
deviation index (MVDI) [27], the average voltage deviation index (AVDI) [28], and the
load-weighted voltage deviation index (LVDI) [29]. Among these, MVDI primarily reflects
the voltage deviation at the most severely violated node, AVDI reflects the overall voltage
deviation level across all violated nodes, and LVDI further incorporates nodal load weights
on this basis. Therefore, consistent with Reference [26], this paper adopts LVDI as the
coalition cost function, as it considers both voltage violation severity and load-weighted
nodal importance:

Ft(Ht) = ∑
i∈Ht

ρi,t(Ht)
Ui,t − Umax

Umax
(13)

where Ft(Ht) is the load-weighted voltage deviation index at time t; Ht is the set of nodes
experiencing overvoltage in the distribution transformer area at time t; Umax is the upper
voltage limit of the distribution network; ρi,t(Ht) represents the load proportion weight of
node i within the set of violated nodes Ht, defined as ρi,t(Ht) = P̂L

i,t/ ∑
m∈Ht

P̂L
m,t, where P̂L

i,t is

the active load at node i at time t. When Ht = ∅, Ft = 0.

2.2.2. Entity Overvoltage Responsibility Calculation Based on the Shapley Value

After the coalition cost function is determined, the Shapley value is used to compute
the average marginal contribution of each entity to the coalition cost, which is further
normalized to obtain the overvoltage responsibility share of each entity:

φi,t = ∑
S⊆Mt ,i∈S

(|S|−1)!(|Mt|−|S|)!
|Mt|!

[Ft(S)− Ft(S ∖ {i})] (14)

σi,t =
φi,t

∑
j∈Mt

φj,t
(15)

where φi,t is the Shapley value of distributed PV entity i at time t, representing its overvolt-
age responsibility; S denotes any coalition containing entity i; Mt is the set of all distributed
PV entities whose actual reverse power flow exceeds their quota at time t; Ft(S) is the
overvoltage index when all entities in coalition S have reverse power flows exceeding
their quotas; Ft(S ∖ {i} is the overvoltage index after removing entity i from coalition S
(i.e., entity i operates at its quota level); |S| and |Mt| are the cardinalities of sets S and Mt,
respectively; and σi,t is the normalized overvoltage responsibility share of entity i at time t.
The set Mt includes only entities whose actual net reverse power flow exceeds their quota.
Entities that do not exceed their quotas are regarded as operating within the pre-defined
voltage safety margin and are therefore not assigned additional excess responsibility. This
does not imply that their injections have no physical voltage impact, but rather that such
impact is considered acceptable under the quota-based baseline.

Equations (14) and (15) show that the responsibility share reflects each entity’s average
driving effect on overvoltage risk across all possible coalitions. This formulation captures
both network coupling and entity-level heterogeneity in the overvoltage formation pro-
cess. Compared with capacity-based or excess-ratio-based allocation, this approach more
faithfully captures each entity’s actual contribution to overvoltage. However, responsibility
shares quantify each entity’s contribution to overvoltage rather than prescribe control
quantities; their translation into mitigation tasks requires further modeling, as developed
in Section 3.
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3. Active–Passive Responsibility-Driven Overvoltage Mitigation Method
for Transformer Areas

The responsibility shares obtained in Section 2 quantify each entity’s contribution to
overvoltage formation, but they cannot be directly translated into mitigation quantities.
In practice, overvoltage mitigation relies on both active power curtailment and reactive
power regulation, and entities differ in their suitability for these two actions. This section
therefore distinguishes active and passive responsibilities and establishes a mapping from
responsibility shares to coordinated mitigation tasks.

3.1. Active and Passive Responsibility Characterization
3.1.1. Active Responsibility Characterization Based on Net Reverse Power Ratio

Under the “self-consumption with surplus fed to the grid” operating mode, the higher
the proportion of an entity’s net reverse power flow relative to its PV output, the stronger
its direct contribution to overvoltage formation. Accordingly, the ratio of reverse power
flow to PV output is defined as the active responsibility indicator:

Pexp
i,t =

{
Ppv

i,t − Pload
i,t , Ppv

i,t > Pload
i,t

0, Ppv
i,t ≤ Pload

i,t

(16)

α̃i,t =
Pexp

i,t /Ppv
i,t

∑
j∈Mt

(Pexp
j,t /Ppv

j,t )
(17)

where Pexp
i,t is the net reverse power flow of entity i at time t; Ppv

i,t is the PV output of entity
i at time t; Pload

i,t is the local load of entity i at time t; and α̃i,t is the normalized active
responsibility indicator of entity i at time t.

When Ppv
i,t = 0, α̃i,t = 0. Entities with higher active responsibility should therefore

be prioritized for active power curtailment. Under low-light or heavy-load conditions,
Ppv

i,t ≤ Ploac
i,t , and the net reverse power Pexp

i,t is set to zero according to Equation (16); in this
case, active responsibility associated with net reverse power injection is not assigned. In
this study, the net reverse power Pexp

i,t is calculated from entity-level PV output and local
load, as shown in Equation (16). In practice, Ppv

i,t can be obtained from inverter monitoring,
and Pload

i,t can be obtained from user-side metering.

3.1.2. Passive Responsibility Characterization Based on Reactive Power–Voltage Sensitivity

Unlike active responsibility, passive responsibility reflects the voltage regulation
capability at each entity’s location; in a radial network, identical reactive power injections
at different nodes produce varying voltage reduction effects on the violated region. To
capture this difference, a passive responsibility indicator is constructed based on the reactive
power–voltage sensitivity matrix:

SUQ,t ≜
∂(U/UN)t

∂Qt
(18)

β̃i,t =

∑
k∈Ht

ωk,t

∣∣∣[SUQ,teb(i)]k

∣∣∣
∑

j∈Mt

∑
k∈Ht

ωk,t

∣∣∣[SUQ,teb(j)]k

∣∣∣ (19)

where SUQ,t is the reactive power–voltage sensitivity matrix at the operating point at time t;
Qt is the nodal reactive power injection vector; [SUQ,teb(i)]k represents the voltage change
at violated node k when entity i injects unit reactive power at its access node b(i); ωk,t is the
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node weight normalized by the violation magnitude, defined as ωk,t = dk,t/ ∑
l∈Ht

dl,t; and

dk,t is the voltage violation magnitude at node k at time t.
The active and passive responsibilities described above belong to the responsibility

characterization layer and cannot be directly mapped to control quantities in a proportional
manner. A mitigation contribution layer is therefore introduced to bridge this characteriza-
tion layer and control decision-making.

3.2. Mapping Mechanism from Responsibility to Mitigation Tasks

Overvoltage mitigation in distribution networks depends not only on the magnitude
of entity responsibility but also on the violation magnitude at violated nodes, the voltage-
regulation capability of each entity, and the adjustable range of equipment. Therefore,
the relationship between responsibility shares and mitigation contributions must first be
established, after which the task-allocation ratios for active power curtailment and reactive
power regulation can be determined based on those mitigation contributions.

3.2.1. Mitigation Contribution Modeling Based on Violation Magnitude

The voltage at node k at time t before mitigation is denoted by U(0)
k,t , and the violation

magnitude is defined as follows:

dk,t = U(0)
k,t − Umax (20)

In the vicinity of the operating point, the active power–voltage reduction coefficient
and the reactive power–voltage reduction coefficient of entity i for violated node k are
defined as follows:

ak,i,t = −[SUP,t]k,b(i) (21)

bk,i,t = −[SUQ,t]k,b(i) (22)

where [SUP,t]k,b(i) and [SUQ,t]k,b(i) are the corresponding elements in the active power–
voltage and reactive power–voltage sensitivity matrices for node k with respect to the
access node b(i).

Denoting the active power curtailment of entity i as ∆Pi,t ≥ 0 and its reactive power
absorption as ∆Qi,t ≥ 0, the voltage restoration condition at each violated node requires
the following:

∑
i∈Mt

(ak,i,t∆Pi,t + bk,i,t∆Qi,t) ≥ dk,t (23)

The mitigation contribution of entity i is further defined as follows:

gi,t = ∑
k∈Ht

ωk,t(ak,i,t∆Pi,t + bk,i,t∆Qi,t) (24)

Equation (24) represents the local first-order contribution of active power curtailment
and reactive power regulation around the operating point. Although the nonlinear coupling
between simultaneous P and Q adjustments is not explicitly modeled in this expression,
the obtained mitigation results are checked using full AC power flow in the case study.

Equations (20)–(24) show that an entity’s mitigation contribution grows with both the
violation magnitude and its voltage reduction capability at the violated nodes.
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3.2.2. Mitigation Task Mapping Based on Active–Passive Responsibility Division

With the mitigation contribution model established, the active and passive responsi-
bilities are used to determine the task-allocation ratios between active power curtailment
and reactive power regulation, which are defined as follows:

ξP
i,t =

α̃i,t

α̃i,t + β̃i,t
(25)

ξQ
i,t = 1 − ξP

i,t (26)

where ξP
i,t and ξQ

i,t denote the expected active and reactive task-allocation ratios of entity i at
time t, respectively. Equations (25) and (26) map active and passive responsibilities to the
expected active and reactive task proportions.

3.3. Responsibility-Driven Multi-Objective Optimization Model and Solution

Based on the mitigation contribution and control task allocation established in Sec-
tion 3.2, a responsibility-driven optimization model is further constructed to coordinate the
relationships among voltage safety, operational economy, and responsibility-based fairness.

3.3.1. Responsibility-Driven Multi-Objective Optimization Model

The comprehensive objective function is defined as follows:

J = λ1 Jloss + λ2 Jcurt + λ3 Jfair + λ4 JAQ (27)

To avoid scale effects among different objectives, each sub-objective in Equation (27)
is normalized before weighted summation. The weight coefficients are set according to
decision-making preferences, with values specified in Section 4. In the equation, λ1, λ2, λ3

and λ4 represent the weights for the line loss objective, PV curtailment objective, fairness
deviation objective, and task division deviation objective, respectively. Each sub-objective
is defined as follows:

The line loss objective is as follows:

Jloss = ∑
t

∑
l∈C

Rl I2
l,t (28)

where C is the set of system branches, Rl is the resistance of branch l, and Il,t is the current
magnitude of branch l at time t.

The PV curtailment objective is as follows:

Jcurt = ∑
t

∑
i∈Mt

∆Pi,t (29)

The fairness deviation objective is as follows:

Jfair = ∑
t

∑
i∈Mt

(
gi,t − σi,t ∑

j∈Mt

gj,t

)2

(30)

The task division deviation objective is as follows:

JAQ = ∑
t

∑
i∈Mt

(
∑

k∈Ht

ωk,tak,i,t∆Pi,t − ξP
i,tgi,t

)2

(31)
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Jfair quantifies responsibility-matching fairness, where the mitigation contribution
assigned to each entity is expected to be consistent with its Shapley-based overvoltage
responsibility share. A smaller Jfair indicates that entities with higher overvoltage responsi-
bility undertake proportionally larger mitigation contributions, while entities with lower
responsibility avoid disproportionate mitigation burdens. In contrast, JAQ measures the
deviation of the active–power contribution from the expected active–passive task-allocation
ratio, thereby reflecting intra-entity task consistency.

The nodal voltage limits are imposed as hard constraints:

Umin ≤ Un,t ≤ Umax, ∀n ∈ N , ∀t (32)

The model must satisfy the inverter capacity constraint:(
Pm

i,t − ∆Pi,t
)2

+ (∆Qi,t)
2 ≤ S2

i,max (33)

where Pm
i,t is the actual active power output of entity i at time t, and Si,max is the rated

apparent power capacity of the entity i inverter.
The available reactive power capacity of each entity is constrained by its current active

power output:
0 ≤ ∆Qi,t ≤ Qava

i,t (34)

Qava
i,t =

√
S2

i,max − (Pm
i,t − ∆Pi,t)

2 (35)

where Qava
i,t is the available reactive power capacity at the current operating point.

Equation (27) enables trade-offs among line losses, PV curtailment, and fairness
during the mitigation process. Combined with the nodal violation elimination condi-
tion in Equation (23) and the inverter capacity constraint in Equation (33), a complete
responsibility-driven optimization model is formed.

3.3.2. Solution Procedure for the Mitigation Model

The established model involves coupled decision-making of both active power cur-
tailment and reactive power regulation, subject to nodal violation elimination conditions
and inverter capacity constraints, exhibiting nonlinear and strongly coupled characteristics
that are difficult to solve effectively using traditional gradient-based algorithms. The whale
optimization algorithm (WOA), which simulates the encircling, spiral-attack, and random-
search behaviors of humpback whales, features few parameters and strong adaptability to
nonlinear problems, and is therefore adopted to solve the proposed model.

The overall framework is illustrated in Figure 1, and the solution procedure is
as follows:

(1) Set the population size, maximum number of iterations, and upper and lower bounds
of decision variables, and complete the population initialization.

(2) Generate candidate solutions, perform power flow calculations, and evaluate fitness.
(3) Check whether the constraints are satisfied. If not, apply penalty function processing

and feasibility correction. If satisfied, update the current best individual.
(4) Update population positions according to the encircling, spiral, and search mecha-

nisms, and perform boundary correction.
(5) If the termination condition is met, output the optimal allocation results; otherwise,

return to step (2) for further iterations.
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Figure 1. Overall framework and solution flowchart of responsibility-driven mitigation.

To further support the selection of WOA, its convergence performance and comparison
with PSO and NSGA-II are provided in Appendix B.

4. Case Study Analysis
4.1. Test System and Scenario Setup

The IEEE 33-bus system is adopted in this paper to validate the proposed method.
The total load of the system consists of 1213 residential loads, four commercial/industrial
loads, and four public building loads from a certain region in China. The load connected
at each node is proportionally allocated based on the initial load data of the IEEE 33-bus
system. The time span covers a typical day from 0:00 to 24:00 with a time interval of 15 min.
Distributed PV follows the “self-consumption with surplus fed to the grid” principle, with
surplus electricity fed into the 10 kV bus through inverters. Six distributed PV entities are
configured in the case study, connected at nodes 6, 12, 18, 22, 25, and 32, covering the front,
middle, and end sections of the feeders. The system topology and PV connection diagram
are shown in Figure 2.
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Figure 2. IEEE 33-bus system topology and PV connections.

The daily output curves of the distributed PV entities are shown in Figure 3.
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Figure 3. Typical daily active power output curves of distributed PV entities.

For the comprehensive objective function in Equation (27), the weight coefficients are
selected based on a Pareto-based comparison under the above case setting, as shown in
Figure 4.

 
(a) (b) 

 
(c) 

Figure 4. Pareto candidate solutions under different weight settings. (a) Curtailment versus fairness de-
viation. (b) Curtailment versus post-control loss. (c) Fairness deviation versus task-allocation deviation.
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As shown in Figure 4, the candidate solutions indicate trade-offs among PV curtail-
ment, post-control loss, fairness deviation, and task-allocation deviation. The selected
setting is adopted as a feasible compromise rather than a globally optimal point. It gives
preference to lower post-control loss and improved fairness while keeping PV curtailment
and task-allocation deviation within acceptable ranges. Accordingly, the weights are set as
follows: line loss weight λ1 = 0.3, PV curtailment weight λ2 = 0.4, fairness deviation weight
λ3 = 0.15, and task-allocation deviation weight λ4 = 0.15.

The daily PV output curves and load data are input into the IEEE 33-bus system for
power flow calculation. The resulting daily nodal voltage time-series curves and LVDI
variation curves are shown in Figure 5.

Figure 5. Typical daily nodal voltage and LVDI time-series curves (before mitigation).

As shown in Figure 5, nodes 9–18 and 28–33 exhibit significant voltage violations
during midday. The LVDI remains nonzero from 8:00 to 16:00 and reaches its peak at 13:00.
Therefore, 13:00 is selected as the representative time instant for subsequent responsibility
quantification analysis.

4.2. Responsibility Quantification Results Analysis

The comprehensive evaluation weights and quota allocation proportions of each entity
are calculated using Equations (6)–(12), and the results are shown in Figure 6.

The quota allocation proportions of each entity are shown in Figure 6a. PV3 and PV6,
connected at nodes 18 and 32, respectively, have the highest comprehensive impact on sys-
tem power flow and voltage, with quota proportions of 21.9% and 20.4%, respectively. PV1,
connected at node 6, is located at the front of the feeder and has the lowest comprehensive
impact, with a quota proportion of 12.1%. At the representative time instant of 13:00, the
actual reverse power flows of all six entities exceed their respective quotas, as shown in
Figure 6b, and all are included in the subsequent responsibility quantification.

The overvoltage responsibility quantification results are shown in Figure 6c. Notably,
responsibility shares diverge significantly from quota proportions—PV3 holds only a
21.9% quota proportion but bears 47.84% of the responsibility, while PV4 holds 14.4% but
only 0.40%—demonstrating that the Shapley value captures marginal contributions across
coalitions rather than simply reflecting the absolute magnitude of the quota or reverse
power flow. PV2 has the second-highest responsibility share at 26.73%.
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(a) (b) 

 
(c) 

Figure 6. Responsibility quantification results at 13:00. (a) Quota proportions. (b) Comparison
between quota and actual reverse power flow. (c) Responsibility shares.

The active responsibility α̃i,t, passive responsibility β̃i,t, and expected task-allocation
ratios of each entity are calculated using Equations (18) and (19), with detailed results listed
in Table 1.

Table 1. Responsibility quantification and expected task-allocation results at 13:00.

Entity Node Quota/kW Responsibility/% α̃i,t β̃i,t ξP
i,t ξQ

i,t

PV1 6 483.3 8.33 0.9873 0.2887 0.7737 0.2263
PV2 12 717.8 26.73 0.9896 0.6660 0.5977 0.4023
PV3 18 876.3 47.84 0.9877 1.0000 0.4969 0.5031
PV4 22 579.2 0.40 0.9885 0.0000 1.0000 0.0000
PV5 25 534.9 4.23 0.9332 0.0538 0.9454 0.0546
PV6 32 816.9 12.46 0.9679 0.4168 0.6990 0.3010

The active responsibilities of all entities exhibit small differences, ranging from 0.933 to
0.990. This is because midday local loads are much lower than PV output for all entities;
therefore, the net reverse power ratios are uniformly high. PV5 has a slightly lower active
responsibility than the other entities because its local load is relatively larger, resulting in a
higher self-consumption ratio and a correspondingly lower net reverse power proportion.

In contrast, the passive responsibility exhibits significant differences closely related
to the topological location. PV3, connected at node 18 at the end of the main feeder, is
electrically farthest from the slack bus and has the largest accumulated line impedance,
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resulting in the highest passive responsibility of 1.000. PV2 and PV6, located in the
middle section of the main feeder and at the end of a lateral branch, respectively, exhibit
intermediate passive responsibilities of 0.666 and 0.417. The remaining entities have limited
passive responsibilities: PV1, near the feeder front, has a passive responsibility of 0.289 due
to its short electrical distance, whereas PV4 and PV5, located on lateral branches weakly
coupled to the main violated region, have passive responsibilities close to zero.

The differences in active and passive responsibilities directly determine the differenti-
ation in expected task allocation: PV3 has approximately equal active and reactive power
contribution ratios, PV4 and PV5 almost entirely bear active power curtailment tasks, and
PV2 and PV6 undertake both active and reactive power tasks. Figure 7 presents a compar-
ison of responsibility shares, expected task allocation, and actual mitigation shares. The
actual mitigation shares are generally consistent with the expected allocation, validating
the effectiveness of the active–passive responsibility mapping mechanism.

Figure 7. Comparison of responsibility shares, expected task allocation, and actual mitigation shares.

To further clarify the effect of the active–passive responsibility mapping on reac-
tive power regulation, a Shapley-only allocation scheme is compared with the proposed
mapping-based scheme, as shown in Figure 8.

 

(a) (b) 

Figure 8. Ablation analysis of active–passive responsibility mapping. (a) Active power curtailment
allocation. (b) Reactive power regulation allocation.

As shown in Figure 8, the Shapley-only scheme allocates reactive power regulation
mainly according to the overall responsibility shares, resulting in a relatively high regula-
tion task for PV6 and limited regulation for PV3 and PV5. In contrast, the proposed scheme
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further considers the reactive power–voltage sensitivity of each entity, increasing the regu-
lation tasks of PV3 and PV5 while reducing that of PV6. This indicates that the proposed
mapping does not simply follow the Shapley responsibility share, but redistributes reactive
power regulation according to passive responsibility and voltage regulation capability.

4.3. Mitigation Effectiveness and Scheme Comparison
4.3.1. Responsibility-Driven Mitigation Effectiveness

Based on the responsibility quantification results and the active–passive responsi-
bility mapping, the mitigation tasks of each entity are obtained by solving the proposed
optimization model using the whale optimization algorithm. The 24-h spatiotemporal
distributions of network-wide nodal voltages before and after mitigation are shown in
Figure 9. Before mitigation, a large-scale voltage bulge appears during midday, reaching a
maximum of 1.25 pu, with a large area exceeding the violation threshold. After mitigation,
the voltage surface falls entirely below the violation threshold, with the maximum network
voltage reduced to 1.052 pu, confirming that the proposed method effectively eliminates all
overvoltage violations.

   
(a) (b) 

Figure 9. The 24-h spatiotemporal distribution of nodal voltages before and after mitigation. (a) Before
mitigation. (b) After mitigation.

To verify the accuracy of the voltage sensitivity-based linear approximation, the post-
mitigation voltage profile predicted by the linearized model is compared with that obtained
from the full AC power flow at 13:00, as shown in Figure 10.

 

Figure 10. Validation of linearized voltage prediction using full AC power flow.
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As shown in Figure 10, the linearized prediction agrees well with the full AC power
flow result. Both voltage profiles remain below the upper limit of 1.07 pu, and the maximum
voltage from the AC power flow is approximately 1.052 pu, consistent with the mitigation
result discussed above. This confirms that the linearized model provides sufficient accuracy
around the post-mitigation operating point.

4.3.2. Comparison with the Cluster-Based Scheme

The cluster-based partitioning method, which divides PV entities into feeder-location-
based clusters and assigns tasks by uniform rules, is adopted as the comparison benchmark.
The mitigation task allocations of the two schemes at the representative time instant are
listed in Table 2.

Table 2. Mitigation task allocation under the two schemes at 13:00.

Entity Proposed
∆P/kW

Cluster
∆P/kW

Proposed
∆Q/kVar

Cluster
∆Q/kVar

PV1 719.24 0 509.65 857.99
PV2 1307.38 667.76 415.46 725.25
PV3 2022.55 2755.71 355.09 0
PV4 0 0 19.52 0
PV5 225.77 0 309.45 0
PV6 834.74 0 552.09 1191.65
Total 5109.67 3423.47 2161.25 2774.89

As shown in Table 2, the cluster-based method concentrates active power curtailment
heavily on PV3, with a curtailment of 2755.71 kW, while the active power curtailments
of PV1, PV4, PV5, and PV6 are all zero. Reactive power regulation is also concentrated
on only three entities: PV1, PV2, and PV6. In contrast, under the proposed method, five
entities bear active power curtailment tasks, with only PV4 having zero curtailment due to
its extremely low responsibility share. Reactive power regulation is distributed across all
six entities, resulting in a substantially more balanced overall distribution.

The comprehensive performance indicators of the two schemes are compared in
Table 3, and the comparison of 24-h cumulative line losses over time is shown in Figure 8.

Table 3. Overall performance comparison between the two schemes.

Indicator Proposed Method Cluster-Based Method

Maximum voltage/pu 1.0520 1.0569
Number of violated nodes 0 0
System loss at 13:00/kW 607.81 987.02

24-h cumulative line loss/kWh 4872.42 7015.30
PV curtailment rate/% 16.51 11.92
Fairness deviation Jfair 2.39 × 10−5 2.20 × 10−4

Both schemes achieve zero violated nodes after mitigation, confirming that voltage
safety is ensured in both cases. The maximum nodal voltage under the proposed method
is 1.052 pu, slightly lower than 1.057 pu under the cluster-based method. In terms of
system losses, the proposed method achieves a typical-time-instant loss of 607.81 kW, a
reduction of 38.4% compared with the cluster-based method. The 24-h cumulative line
loss is 4872.42 kWh, representing a reduction of 30.6%. Figure 11 further shows that the
line losses of the two methods are essentially equivalent before 10:00, after which the
cumulative line loss of the cluster-based method increases at an accelerated rate, with
the differences primarily concentrated during high PV output periods. Regarding PV

https://doi.org/10.3390/su18104705

https://doi.org/10.3390/su18104705


Sustainability 2026, 18, 4705 19 of 25

curtailment and fairness, the total PV curtailment rate of the proposed method is 16.51%,
higher than the 11.92% of the cluster-based method. However, the fairness deviation
Jfair is 2.39 × 10−5, approximately 89% lower than the 2.20 × 10−4 of the cluster-based
method. The cluster-based method curtails less PV power but relies on concentrated
reactive regulation, driving higher line losses during peak-output hours. The proposed
method accepts greater curtailment in exchange for more distributed task allocation and
substantially lower losses.

Figure 11. Comparison of 24-h cumulative line losses.

To further assess the robustness of the proposed method under varying operating
conditions, a parameter sensitivity analysis is conducted in the following section.

4.4. Parameter Sensitivity Analysis
4.4.1. PV Output Multiplier Sensitivity

The actual PV output level is affected by meteorological conditions such as irradiance
and may deviate significantly from typical-day data, which directly impacts the degree
of system overvoltage and the scale of mitigation tasks. To verify the adaptability of the
proposed method under different PV output conditions, five output multiplier levels of 0.8,
0.9, 1.0, 1.1, and 1.2 are set, and the variation patterns of mitigation effectiveness with PV
output fluctuations are analyzed. The results are shown in Figure 12.

 
(a) (b) 

Figure 12. Sensitivity of mitigation performance to PV output multiplier at 13:00. (a) Voltage safety
metrics. (b) Curtailment, losses, and fairness deviation.
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In terms of voltage safety, when the output multiplier varies in the range of 0.8 to
1.2, the maximum voltage after mitigation consistently remains below 1.07 pu, fluctuating
between 1.050 and 1.061 pu. This demonstrates that the proposed method can effectively
eliminate overvoltage under various PV output levels. The voltage safety margin is largest
at the 0.9 multiplier and smallest at the 1.0 multiplier, with an overall variation range of
0.002 to 0.02 pu.

In terms of economy and fairness, the active power curtailment exhibits a mono-
tonically positive correlation with the output multiplier, increasing monotonically from
approximately 2900 kW to approximately 7700 kW, reflecting the pattern that overvoltage
mitigation demand increases significantly with higher PV output. System losses are less
affected by the multiplier, remaining at approximately 550 kW, indicating that the pro-
posed method can effectively control losses under various output scenarios. The fairness
deviation exhibits a non-monotonic trend, first decreasing and then increasing, reaching
its minimum near the 1.1 multiplier. This is because the responsibility share distribution
among entities is more uniform at this multiplier, achieving the best coordination effect
among optimization objectives. These results confirm that the proposed method is robust
to PV output variations.

4.4.2. Joint Sensitivity of Weight Parameters

Since λ1 and λ2 correspond to intuitive operational indicators and are fixed by engi-
neering experience, the analysis focuses on λ3 and λ4, which jointly govern the trade-off
among fairness and task-allocation consistency. Their influence is assessed by varying both
within [0, 0.5].

The heat map results are shown in Figure 13.

 
(a) (b) 

Figure 13. Joint sensitivity heat maps of λ3–λ4 at 13:00. (a) Active power curtailment. (b) Fairness
deviation.

As shown in Figure 13a, the active power curtailment is more sensitive to changes
in λ4, exhibiting a significantly positive correlation with λ4. When λ4 is large, the model
imposes a heavier penalty on task-allocation deviation, driving the optimization to increase
active power curtailment to satisfy the task-allocation constraint, with the curtailment
reaching a maximum of approximately 6500 kW. When λ4 is small, the curtailment is
concentrated within the range of 4800 to 5200 kW. In comparison, the influence of λ3 on
active power curtailment is relatively limited.

As shown in Figure 13b, the fairness deviation is primarily governed by λ3, exhibiting
a significantly negative correlation. As λ3 increases, the fairness deviation decreases
continuously, indicating that increasing the fairness deviation weight effectively drives
the task allocation toward a more balanced distribution. The influence of λ4 on fairness
deviation is notably weaker, suggesting that the task-allocation deviation constraint and
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the fairness objective are relatively independent. Considering both dimensions, when
λ3 = λ4 = 0.15, the active power curtailment is moderate and the fairness deviation is at a
relatively low level. This parameter combination is selected as the baseline configuration in
this paper.

4.4.3. Single-Parameter Sensitivity of the Fairness Deviation Weight

The sensitivity analysis in Section 4.4.2 demonstrates that λ3 is the dominant parameter
affecting the fairness deviation. To further clarify the operational boundary and optimal
value range of this weight, λ4 is fixed at 0.15, and a refined parametric analysis is conducted
for λ3 within the range [0, 0.5]. The results are shown in Figure 14.

Figure 14. Single-parameter sensitivity to λ3.

As shown in Figure 14, when λ3 increases from 0 to 0.15, the fairness deviation drops
rapidly from approximately 1.5 × 10−4 to approximately 9 × 10−6, a reduction exceeding
90%. This indicates that moderately introducing a fairness deviation penalty can produce
significant and rapid improvement in the balance of task allocation. Meanwhile, the
active power curtailment decreases only slightly, and the system losses remain virtually
unaffected, demonstrating that the fairness improvement in this range does not come at the
cost of increased PV curtailment or higher line losses. When λ3 exceeds 0.15, the fairness
deviation levels off, and further increases in λ3 yield very limited additional improvement
in fairness. However, the active power curtailment shows a slight increase, indicating
that an excessively high fairness deviation weight introduces unnecessary additional
curtailment with diminishing marginal improvement. Overall, λ3 = 0.15 marks the end
of the rapid descent phase of the fairness deviation curve, achieving substantial fairness
improvement at minimal curtailment cost without triggering diminishing returns. This
value is therefore selected as the baseline parameter.

5. Conclusions
This paper proposes a responsibility-driven overvoltage mitigation method for

distribution networks with high distributed PV penetration. The TOPSIS-based re-
verse power flow quota provides a comprehensive reflection of each entity’s utilization
of the voltage safety margin. The Shapley value method quantifies overvoltage re-
sponsibility by capturing network coupling and marginal contribution differences that
capacity-based or equal-share allocation cannot reveal. The active–passive responsi-
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bility mapping mechanism translates responsibility shares into differentiated tasks for
active power curtailment and reactive power regulation. Furthermore, a multi-objective
optimization model is developed to balance line losses, PV curtailment, fairness, and
task-allocation consistency.

Case studies on the IEEE 33-bus system demonstrate that the Shapley value method
effectively reveals network coupling differences among entities, as indicated by the
significant divergence between responsibility shares and quota proportions. The active–
passive responsibility mapping mechanism ensures that the allocation ratios of each
entity’s active and reactive power tasks align with its regulatory characteristics. The
proposed method reduces the maximum network voltage from 1.25 pu to 1.052 pu and
eliminates all overvoltage violations in the studied case. Compared with the cluster-
based scheme, the 24-h cumulative line loss is reduced by 30.6%, and the fairness
deviation is significantly lowered.

The case study is limited to a radial network with six entities; therefore, scalabil-
ity to larger systems warrants further investigation. Further verification is still needed
for transformer areas with more controllable entities, especially considering the increas-
ing coalition-enumeration complexity of the Shapley value method. In addition, the
cluster-based benchmark represents only a topology-based rule allocation scheme, and
comparisons with other responsibility-based non-Shapley schemes should be further inves-
tigated. Practical deployment may also be affected by communication delays, measurement
availability, inverter response limits, and coordination mechanisms between distribution
operators and PV entities. These issues will be addressed in future work.
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Appendix A
To examine the sensitivity of quota allocation to the multi-criteria evaluation method,

entropy-weighting and eigenvector-based weighting are compared with TOPSIS. All three
methods are applied to the original matrix of power-flow impact and voltage-sensitivity
indicators, and the resulting quotas are evaluated through the same responsibility quantifi-
cation and mitigation optimization procedure. The comparison uses Quota CV (coefficient
of variation), ∆P, ∆Q, line loss, Vmax and Jfair.
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Table A1. Comparison of multi-criteria quota evaluation methods at 13:00.

Method Quota CV ∆P/kW ∆Q/kVar Loss/kW Vmax/pu Jfair

TOPSIS 0.23928 5109.7 2161.2 607.81 1.0520 2.3883 × 10−5

entropy-weighting 0.53587 5321.7 1965.5 593.85 1.0524 5.1136 × 10−5

eigenvector-based weighting 0.47902 5315.9 2042.6 599.29 1.0526 6.0402 × 10−5

As shown in Table A1, all three methods obtain voltage-feasible results with similar
maximum voltages. TOPSIS yields the lowest Quota CV, ∆P, and Jfair, indicating lower
quota dispersion, curtailment effort, and fairness deviation. Although entropy-weighting
and eigenvector-based weighting lead to slightly lower line losses, they result in larger
quota dispersion and higher fairness deviation. Therefore, TOPSIS is adopted as a balanced
quota evaluation method in this study.

Appendix B

Figure A1. Convergence performance of WOA.

As shown in Figure A1, the objective value decreases rapidly in the early iterations
and gradually stabilizes after approximately 40 iterations, indicating stable convergence
of WOA.

Table A2. Convergence and reproducibility comparison of WOA, PSO and NSGA-II.

Solver Iterations to 5%
Convergence Gap

Iter. to 1% Gap or
Max

Std. of Final
Objective Value

WOA 24 62 0.0011913
PSO 68 80 0.012408

NSGA-II 80 80 3.5317

As shown in Table A2, WOA reaches both the 5% and 1% convergence gaps earlier
than PSO and NSGA-II. For solvers that do not reach the specified convergence gap within
80 iterations, the iteration number is recorded as the maximum iteration number of 80.
WOA also obtains the smallest standard deviation of the final objective value, indicating
better convergence speed and repeatability in the studied optimization problem.
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