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Abstract

With the high penetration of distributed photovoltaic and storage systems, active distribu-
tion grids are prone to experiencing “active power surplus and reactive power shortage”
during the evening peak, leading to voltage sags at the network end. Although electric
vehicle (EV) grid-connected inverters possess four-quadrant reactive power regulation ca-
pabilities without causing the additional chemical cyclic aging of the battery cells, existing
dispatch systems often treat them as unconditional response resources, overlooking users’
actual willingness to cede control and the associated strategic interactions. To address this,
this paper proposes a “grid-load” coordinated reactive power optimization strategy that
accounts for EV users’ willingness to respond: a Logit model incorporating price incentives,
initial energy consumption, and parking duration is constructed based on discrete choice
theory. By combining a truncated normal distribution with the Monte Carlo method to
eliminate micro-sampling errors, a model of the expected reactive power capacity of charg-
ing stations under dynamic incentives is established; considering the physical constraints
of SVCs and EVs, a scalarized single-objective optimization model is constructed with grid
loss-equivalent costs, ancillary service costs, and voltage deviation as objectives, and solved
using an improved particle swarm optimization algorithm with linearly decreasing weights.
Simulations on a modified 33-node IEEE system incorporating storage indicate that this
strategy can assign optimal compensation prices to each node based on the spatial value of
reactive power. Compared to traditional single-voltage regulation and fixed subsidies, it not
only stabilizes the grid-wide voltage within a safe range but also avoids overcompensation,
achieving global optimization of both power quality and economic efficiency.

Keywords: reactive power optimization; electric vehicles; demand response; Logit model;
improved particle swarm optimization

1. Introduction

With the large-scale integration of renewable energy sources, such as distributed
photovoltaics, as well as electric vehicles, the operational characteristics of traditional
distribution grids are undergoing profound changes. On the one hand, the output of
renewable energy sources is highly intermittent and random, which can easily lead to
node voltage fluctuations and out-of-limit issues [1]; on the other hand, the temporal and
spatial concentration of electric vehicle charging loads is continuously increasing, further
exacerbating voltage sags and reactive power regulation pressures in distribution grids
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during peak load periods. How to fully tap the reactive power regulation potential of new
flexible resources while ensuring the safe and stable operation of distribution grids has
become a critical issue that urgently needs to be addressed in the field of distribution grid
operation and control [2].

Reactive power optimization and voltage control in traditional distribution grids
primarily rely on centralized regulation methods such as capacitor banks, on-load tap-
changing transformers, and static var compensators (5VCs) [3]. While these devices can
improve voltage levels to some extent, their fixed installation locations and limited flexibil-
ity pose challenges. Furthermore, under conditions of the high penetration of distributed
generation, they can easily lead to the long-distance transmission of reactive power within
the distribution network, resulting in increased line currents and higher active power
losses [4]. Therefore, relying solely on centralized reactive power compensation devices
is no longer sufficient to meet the future demand for flexible and efficient reactive power
regulation in distribution networks.

Electric vehicle (EV) charging stations typically connect to the distribution grid via
power electronic converters, providing the technical capability for rapid and continuous
reactive power regulation. Without altering active charging behavior, they can serve as po-
tential distributed reactive power resources for voltage regulation [5]. While the integration
of electric vehicles into distribution-level flexibility markets [6] has garnered significant
attention, it is crucial to explicitly distinguish between traditional vehicle-to-grid active-
power participation and reactive-power support through charger inverter capacity [7].
Most existing user-centric demand response and uncertainty-aware EV aggregation models
focus on shifting active power load or utilizing battery discharge [8]. This active-power
participation inherently accelerates battery degradation and frequently encounters strong
psychological resistance from users. Conversely, while reactive power regulation may intro-
duce minor inverter thermal stress and ohmic losses, it does not involve the active-power
cycling that leads to primary battery chemical degradation. By utilizing the remaining
apparent capacity of four-quadrant inverters within their operational limits, this approach
provides continuous voltage control for active distribution networks while preserving the
core electrochemical life of the EV batteries. Furthermore, to mobilize these distributed
flexible resources, Distribution Locational Marginal Pricing (DLMP) has been widely pro-
posed in the recent literature to reflect the spatial value of reactive power and guide active
distribution network voltage control [9]. However, these existing DLMP-driven pricing
models and V2G frameworks often treat charging stations as deterministic, fully control-
lable resources, insufficiently addressing the highly stochastic nature of micro-level user
behaviors driven by range anxiety and parking durations [10].

Although the use of electric vehicle inverters to provide reactive power support holds
theoretical promise, a critical research gap remains unaddressed: the significant mismatch
between macro-grid dispatch assumptions and micro-level stochastic user behavior. Most
existing studies adopt a strictly physical or control-center perspective, implicitly assuming
that charging stations are fully compliant and fully dispatchable resources once instructed.
Furthermore, while traditional demand response models can effectively achieve active
power transfer in the time domain, they largely fail to exploit the four-quadrant reac-
tive power capabilities of electric vehicles in the spatial domain, where battery losses
are negligible.

To incentivize user participation, recent studies have introduced Distribution Loca-
tional Marginal Pricing (DLMP) for active/reactive power coordination. However, existing
DLMP-driven models are fundamentally insufficient because they operate under the as-
sumption of “perfectly rational economic agents,” presuming an ideal linear correlation
between the compensation price and the EV response capacity. In reality, users exhibit
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bounded rationality characterized by complex, nonlinear willingness boundaries driven
by range anxiety and parking duration. This idealized linear assumption in conventional
DLMP inherently leads to either severe under-compensation (failing to activate sufficient re-
active power at critical nodes) or massive over-compensation (causing spatial misallocation
of dispatch funds).

To explicitly address the aforementioned limitations in the existing literature, this
paper bridges the macro-micro divide through a comprehensive data-driven pricing frame-
work. Unlike existing studies that treat charging stations as unconditional resources, we
formulate a price-driven EV reactive-power response model utilizing a multi-dimensional
Logit approach to quantitatively capture the bounded rationality of users regarding eco-
nomic incentives, initial state of charge, and remaining parking duration. To overcome
the deterministic assumptions prevalent in traditional capacity evaluations, this micro-
willingness is integrated into a macro-capacity estimation via a Truncated Normal Monte
Carlo sampling method, establishing a dynamic aggregation model for station-level ex-
pected reactive-power ceilings. Furthermore, addressing the spatial fund misallocation
inherent in existing DLMP-based pricing models that assume perfectly rational economic
agents, our work proposes a coordinated SVC-EV multi-source spatial optimization frame-
work. This strategy embeds the nonlinear expected capacity into an Improved Particle
Swarm Optimization algorithm to dynamically determine optimal spatial compensation
prices, effectively preventing under-compensation at critical nodes and redundant over-
compensation. The proposed framework is comprehensively validated on a modified
IEEE 33-node system, demonstrating through comparative analysis with traditional single-
device regulation, generic Time-of-Use pricing, and standard DLMP that our methodology
successfully stabilizes system-wide voltage while economically minimizing active power
losses and ancillary service costs under heavy-load conditions.

To clearly illustrate the overall physical and logical boundaries of the strategy proposed
in this paper, Figure 1 presents the general architecture of the distributed power system’s
reactive power coordination optimization, which takes into account EV users’ willingness to
respond. In practical implementation, the reliable execution of such a spatially distributed
architecture inherently relies on resilient digital state synchronization and networked
communication between the distribution-system operator and the distributed charging
stations. Recent advances in grid state synchronization and resilient coordination [11]
provide a solid technical foundation for the real-time operation of our proposed model.
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Figure 1. Overall architecture for reactive power co-optimization.

2. Multi-Source Physical Constraints and Operational Modeling in
Active Distribution Networks

To achieve global coordinated optimization of active distribution grids incorporating a
high proportion of electric vehicles and distributed renewable energy sources, the primary
task is to accurately characterize the physical operating boundaries of each core flexibility
resource within the system. This paper constructs a multi-source coordinated physical
framework encompassing the “generation side, grid side, and consumer side”. Within this
framework, the distribution of power flows in the distribution grid is driven not only by
base load but is also constrained by strict physical equations and inequalities governing
each distributed controllable device.

2.1. Static Var Compensator (SVC) Model

In steady-state power flow analysis and reactive power optimization scheduling for
distribution networks, Static Var Compensators (SVCs) are typically modeled as continu-
ously adjustable reactive power sources connected to specific nodes [12]. Unlike traditional
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mechanical capacitor banks (CBs), which can only perform discrete step-by-step regulation,
SVCs are capable of outputting any desired reactive power value within their physical
capacity limits.

Assuming an SVC device is connected at distribution network node i, its reactive
power output model and operational physical boundary constraints for time step t can be
expressed by the following equation:

Qirc: < Qsvc,ilt) < QU . (1)

where Qgyci(t) is the actual reactive power (Mvar) injected into or absorbed from the grid
by the SVC during time interval t; Qy¢ ; is the maximum physical capacity limit (Mvar)
for capacitive compensation of the SVC unit; anénC,i is the maximum physical capacity limit
for inductive compensation of the SVC unit (Mvar), typically taken as a negative value.
The SVC’s operating mode switches dynamically based on real-time voltage conditions

in the distribution network and requirements for optimizing line losses:

(1) Capacitive operating state (Qsyc,i(t) > 0): The SVC injects capacitive reactive
power into the distribution network. During evening peak load periods (such as
at 7:00 p.m.) or when reactive power deficits cause significant voltage sags at nodes,
the SVC primarily operates in this state to effectively raise the overall voltage level of
the feeder.

(2) Reactive operating state (Qgsyc i(t) < 0): The SVC absorbs reactive power from the
distribution network. During daytime periods of light load when distributed photo-
voltaic (PV) systems are operating at high output (e.g., around 12:00), which creates
a risk of overvoltage at local nodes, the SVC can operate in this state to suppress
voltage spikes.

In the multi-source collaborative optimization framework developed in this paper, the
SVC serves as a centralized reactive power regulation resource on the “grid side,” deployed
at key nodes along the system’s main transmission lines to provide fundamental global
reactive power support for the entire grid. During the optimization phase, Qgyc ;(f) will
serve as a one-dimensional continuous control variable in the Particle Swarm Optimization
(PSO) algorithm, undergoing joint optimization with the distributed dynamic reactive
power capacity of EV charging stations on the “customer side”. This ultimately achieves
complementary utilization of reactive power resources on both the “grid” and “load” sides,
as well as the optimization of global operational metrics for the distribution network.

2.2. Base Load and Reactive Power Physical Limit for Electric Vehicle Charging Stations

With the rapid increase in the number of electric vehicles (EVs), the connection of
charging stations to the power grid has placed significant active power load pressure on
the grid. However, since modern EV charging stations typically feature voltage-source
inverters (VSI) capable of four-quadrant operation, the remaining apparent power capacity
of the inverter can be fully utilized to provide continuous reactive power (Q) support to the
grid, provided that the vehicle’s own active charging demand is met (i.e., P is not reduced).

2.2.1. Active Load Characteristics of EV Charging Stations

In steady-state power flow analysis of distribution networks, EV charging stations
are treated as active loads connected to a specific node i. Due to the clustered nature of
residential travel patterns and differences in travel scenarios, this load exhibits significant
peak-to-off-peak variations over time, and the required load also varies across different
geographic locations. Assuming Pry ;(t) represents the total active charging load of charg-
ing station i during time interval ¢, this paper classifies charging stations into three distinct
zones (residential, office, and transportation hubs). Considering the load characteristics
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of EVs in different zones, the load profiles for the typical grid-connected time intervals
identified in this study are set as shown in Table 1.

Table 1. Load profiles for the typical grid-connected time intervals.

Time Residential Zone Office Zone Transportation Junction
12:00 a.m. Low Peak Media
7:00 p.m. Peak Low Media

2.2.2. Four-Quadrant Operation Model and Reactive Power Physical Boundaries for
Charging Station Inverters

To ensure that the system has sufficient reactive power regulation margin under
overload or fault conditions, chargers in modern charging stations are typically over-sized
by a certain percentage during the planning and design phase. Assuming that the capacity
configuration factor of the inverter is A, the maximum aggregate apparent power Sg7; of
all chargers in charging station i can be expressed as:

eak
BV = APy @
where ST is the maximum apparent power capacity of charging station i (MVA); PE;”];

is the highest active load of that charging station over the course of a day (MW); A is
the inverter capacity margin factor. For legacy charging facilities without such hardware
margins (A = 1), the proposed coordination framework remains applicable by utilizing
active power derating to release reactive power capacity, which ensures the backward
compatibility of the method.

Modern charging station inverters typically feature four-quadrant operation capa-
bilities under all operating conditions, enabling them to flexibly provide capacitive or
inductive reactive power support while simultaneously absorbing or delivering active
power [13]. The circuit diagram is shown in Figure 2.

+
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Figure 2. Electric Vehicle Charger Four-Quadrant Inverter Circuit Diagram.

To visually demonstrate the reactive power regulation limits of the inverter under
different active load levels, this paper constructs a physically coupled model of the charging
station inverter’s four-quadrant operation.

As shown in the Figure 3, the actual operating point of the inverter is strictly confined
within the circular boundary defined by the rated apparent power SE77;. At any given

operating time f, based on the geometric coupling relationship of the power triangle shown
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in the figure, the maximum unidirectional physical reactive power output QF7; that the
charging station can provide is directly limited by its real-time active power demand
Pry i(t), which is calculated as follows:

QU (1) = /(S50 — (Pey (1), 3)

Visualization of Inverter Capacity Circular Constraint (Bidirectional Power Flow)
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Figure 3. Physically coupled model of the charging station inverter’s four-quadrant operation.

Since the charging station inverter described in this paper supports four-quadrant
continuous regulation, the physically feasible range of reactive power that Charging Station
i can provide in response to grid dispatch during time slot t (i.e., the vertical axis regulation
range shown in the figure) is:

—Qevi(t) < Qevi(f) < Qpv;(b). 4)

where Qpry ;(t) represents the actual reactive power (Mvar) injected into or absorbed from
the grid by charging station i during time slot t; Pry ;(t) represents the real-time active
power demand (MW) during time slot ¢.

Although the provision of reactive power support by electric vehicles via inverters
does not directly cause chemical cycling degradation of the battery (i.e., it does not alter the
state of charge, SOC), it still has some indirect effects in actual engineering operations. First,
an increase in reactive current leads to higher ohmic losses in the charging station’s inverter
and cables, generating additional thermal stress. Second, when the inverter’s apparent
power reaches its limit, reactive power regulation may force a derating of active charging
power. However, compared to the electrode material stress and chemical degradation
caused by V2G active power discharge, these thermal stresses and equipment losses have a
negligible impact on the lifespan of the vehicle’s core battery assets. Within the research
framework of this paper, we focus primarily on avoiding costly battery chemical lifespan
degradation and assume that inverter heat can be controlled within safe operating limits.

As can be seen from the geometric models and formulas described above, EVs possess
significant potential for reactive power dispatch during actual charging. Therefore, by
formulating a reasonable EV charging strategy, EVs can be integrated into the reactive
power optimization process of the distribution grid without affecting their charging.
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In this simulation model, the QF7/; calculated from the equations represents only the

charging station’s maximum reactive power output capacity at the physical hardware level.
In actual coordinated dispatch of distribution grids, whether this reactive power capacity
can be fully utilized is strictly constrained by the individual participation willingness of
micro-level EV users at the station (driven by factors such as subsidy incentives, battery
state of charge, and remaining parking time). Therefore, building upon this model, this
paper further integrates a micro-psychological model to assess response willingness and
uses this willingness to calculate the final expected reactive power.

3. A Model for Evaluating Expected Reactive Power Capacity of Charging
Stations Based on User Preferences

Building upon the established physical boundaries between the grid side and the
consumer side, this chapter further narrows the focus to the micro-level EV user group. In
practical applications of EV participation in distribution grid reactive power optimization
services, the maximum reactive power capacity available at the physical level of a charging
station essentially depends on whether the vast number of dispersed users within the
station are willing to relinquish control of their chargers’ inverters. Since providing reactive
power support does not involve active charging or discharging of the battery and thus
does not cause additional wear and tear on the battery’s cycle life, the primary barrier to
user participation stems from concerns about interference with charging schedules. To
address this, this chapter constructs a Logit participation probability model incorporating
multidimensional drivers based on discrete choice theory in microeconomics [14], and
combines it with the Truncated Normal Monte Carlo Sampling method [15] to achieve
a rigorous mathematical derivation from “micro-level individual vehicle participation
probability” to “macro-level station-wide expected reactive power ceiling”.

3.1. Quantifying EV User Participation Probability Using a Logit Model
3.1.1. Binary Logit Model

EV users exhibit typical characteristics of bounded rationality when deciding whether
to authorize their inverters to participate in grid reactive power optimization dispatch.

Their decision-making process is driven not only by economic incentives for reactive
power compensation issued by the grid dispatch center but is also strongly constrained by
the vehicle’s battery state (range anxiety) and parking duration (time anxiety). This paper
employs a binary Logit model to quantitatively model this discrete choice behavior [16].

Let U; denote the comprehensive utility function for the j-th EV user participating in
the distribution grid’s reactive power dispatch. This utility function is a linear combination
of three core independent variables: economic incentives, state of charge (SOC), and
remaining charging time:

uj = B1-Cinc + ,BZ'SOC]' + ,33'Trem,j + «. (5)

In the equation: U, represents the total utility of the j-th EV user in choosing to
participate in reactive power regulation; Cj,, represents the economic incentive level for
reactive power compensation issued by the power grid (yuan/kvar-h); SOC; represents
the initial state of charge (SOC) of the j-th EV when it connects to the charging station (%);
Tyem,j is the remaining parking time (h) until the j-th EV is expected to leave the charging
station; B1, B2, and B3 are the preference sensitivity coefficients for the corresponding
explanatory variables (all positive), reflecting the marginal contribution of each factor to
user utility; o is the Alternative Specific Constant (ASC), representing the inherent baseline
utility of the behavior of “ceding inverter control” for EV users, distinct from explicit
explanatory variables such as economic incentives, electricity consumption, and parking
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time. Since relinquishing control is typically accompanied by implicit privacy concerns and
psychological resistance, this constant term is usually negative. As the fixed intercept of
the utility function, it reflects the psychological response threshold commonly observed
across the population.

Based on stochastic utility theory, assuming that the random error term of the utility
function follows a Gumbel distribution, the probability P; that the j-th EV user ultimately
agrees to participate in reactive power support follows a logistic distribution:

1

As can be seen from this nonlinear mapping relationship, as subsidies for reactive
power compensation increase, battery capacity becomes more abundant, and parking
duration lengthens, the probability of user participation will rise along an S-shaped curve
and eventually reach a state of saturation.

This function indicates that the probability of user participation exhibits a nonlin-
ear growth trend as economic incentives increase, and is modulated by battery state and
parking duration. It should be noted that the focus of the model in this paper is to char-
acterize the functional relationship between “price signals and user response probability”
for subsequent reactive power capacity aggregation modeling, rather than to make precise
predictions of specific individual behaviors.

As regional EV reactive power markets are still in their nascent stages, comprehensive
large-scale empirical datasets regarding user behavioral responses remain scarce. Conse-
quently, the proposed Logit structure functions as a forward-looking exploratory behavioral
layer designed to capture the nonlinear dynamics of user decision-making under future
market mechanisms. To ensure the robustness of the overarching dispatch framework
against this current empirical scarcity, this study conducts an extensive sensitivity anal-
ysis covering a diverse range of parameter combinations, rather than relying on a single
deterministic set.

To analyze the impact of different user characteristics on response behavior, this paper
selects multiple representative parameter combinations within a reasonable range and
conducts a comparative analysis of trends in user participation probability. It should be
emphasized that these parameter combinations do not correspond to specific real-world
user categories, but are used to characterize differences in response behavior under different
preference profiles.

To rigorously fulfill the requirement of an extensive sensitivity analysis for this hypo-
thetical behavioral layer, Figures 4 and 5 illustrate the response boundaries across a broad
spectrum of parameter variations. Figure 4 demonstrates the sensitivity of the inherent
preference constant «, revealing that even if the baseline psychological resistance shifts
drastically, the S-shaped response probability strictly maintains its nonlinear mapping
characteristics. More importantly, Figure 5 explores the multi-dimensional 3 parameter
combinations by defining extreme hypothetical user profiles, such as the “highly sensitive
profit-driven type” and the “mileage protection type”. The extensive analysis of these
curves proves that although the specific trajectory of user response varies, the dynamic
elasticity between compensation price and reactive power capacity persists. This guaran-
tees that the subsequent “grid-load” coordinated optimization framework is fundamentally
robust and mathematically solvable, entirely independent of any single, deterministic set
of empirical parameters.
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Figure 5. The influence of multi-dimensional B parameter combinations.

The analysis results indicate that the user participation probability curves exhibit
significant differences in slope and initial position under different parameter combinations:
when users are more sensitive to economic incentives, their participation probability shows
a steeper growth trend as the price increases; when users are more sensitive to battery
state of charge, their willingness to participate may still be suppressed even at higher
compensation levels; and when users have ample parking time, they may exhibit a certain
degree of spontaneous participation even at low incentive levels. These results indirectly
reflect the heterogeneous nature of user behavior and demonstrate that a single, fixed
compensation strategy is unlikely to fully tap into the potential of flexible resources on the
user side.

3.1.2. Parameter Expectation Calibration Method Based on Monte Carlo
Multi-Scenario Sampling

To ensure the validity of the Logit model in real-world power distribution network
reactive power simulations and to avoid subjective parameter biases (single-point bias)
resulting from a single hypothetical scenario, this paper proposes a parameter expectation
calibration method based on Monte Carlo multi-scenario sampling.
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Set the system to operate under a conservative baseline scenario with no external
economic incentives (Cj,. = 0). Given that EV users generally have a very low willingness
to relinquish control without compensation, this study establishes a hypothetical baseline
participation rate of 5-15%. While this assumption draws upon general innovation diffusion
theory and preliminary statistical observations from existing vehicle-grid interaction pilot
projects [17], it is employed here primarily as a mathematical boundary condition to
initialize the Monte Carlo sampling process for the intrinsic preference constant, rather
than a definitive empirical measurement.

To map macro-level expected probabilities to the micro-level intrinsic preference
constant o, this paper uses the Monte Carlo method to generate a set of M representative
initial state scenarios Q) = {(SOCy, Tremm)|k = 1,2,..., M}.

For any kth scenario in the set, the required local intrinsic constant «a,;,, derived in
order to satisfy the macro-level base probability Py, is:

1
Ny = —h’l(P - 1) - ﬁzSOCm - ﬁS'Trem,m' (7)

base

Finally, by calculating the mathematical expectation of the local a, across all scenarios,
we obtain the global intrinsic preference constant &, which eliminates the randomness bias

in individual states: 1

a = Elay] = MZAm/Izl Wy (8)

Through the closed-loop calibration process described above, the constructed Logit

model is able to smoothly and robustly reflect the actual evolution of EV users’ willingness

to respond to reactive power demands—from a state of no incentives to one of high

incentives—within the specific context of this power distribution network, as shown in
Figure 6.

Reactive power supports the participation probability P

) 1 I I 1 L I
aQ 0.5 1 15 2 25 3

Reactive power compensation incentive level €, _ {yuan/kvar)

Figure 6. The real Logit model.

3.2. Random Sampling of EV States and Scene Generation Based on the Truncated
Normal Distribution

In the actual operation of distribution networks, the EVs entering charging stations
exhibit a high degree of randomness in terms of their initial state of charge (SOC) and
estimated remaining parking time (T}.y). To accurately assess the expected reactive power
capacity at the charging station cluster level, it is necessary to develop appropriate statistical
models and generate scenarios based on the micro-level states of the large number of EVs
within the station.
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3.2.1. Mathematical Model of the Truncated Normal Distribution

To strictly ensure that the generated random variables comply with objective physical
boundaries, this paper introduces a truncated normal distribution model [18]. Assuming
that the random variable x (representing SOC or T.;) follows a normal distribution with
mean p and standard deviation o, and is constrained by strict physical upper and lower
limits [a, b], its truncated probability density function (PDF) f(x) can be expressed as:

il a<x<b
Tf*) -, €)
0,x < aorx>b

f(x,u,0,a,b) *%
flx,p,0,0,0) =

In the formula: x is the state variable to be sampled from the EV; it and o are the mean
and standard deviation of the original, uncut normal distribution, respectively; a and b are
the lower and upper bounds of the variable’s physically feasible range, respectively; ¢(-) is
the probability density function of the standard normal distribution; @(-) is the cumulative
distribution function (CDF) of the standard normal distribution; the denominator term
serves to renormalize the truncated probability density, ensuring that the sum of the
probability integrals over the interval [a, b] equals 1.

3.2.2. Monte Carlo Multi-Scenario Generation Process

To eliminate random errors caused by single-sample observations, this paper employs
the Monte Carlo Simulation (MCS) method to generate a large-scale set of random scenar-
ios [19]. Suppose that at time t, there are Ngy ; electric vehicles connected to the grid at
charging station i. The Monte Carlo scenario generation process is as follows:

(1) Set the total number of simulation scenarios, M.
(2) In the mth scenario (m € {1, 2, ..., M}), based on the truncated normal distribution
model described above, generate Nry ; independent sets of microstate parameter

(m),

matrices S;
si" = {(soc™, T i =12, . Nev,i) }- (10)

rem,j
In the equation: S§m) and Tr(fm) represent, respectively, the initial state of charge and
the remaining parking time of the jth EV at charging station i in the mth scenario.

(3) By iterating through all M scenarios, we construct a complete set of states (2 = { Si(l),

552), ce Si(M)} that encompasses a vast range of random possibilities, thereby laying
the data foundation for subsequent aggregation calculations to determine the expected

upper limit of reactive power capacity for the entire charging station.

3.3. A Macro-Level Aggregation Model for Expected Reactive Power Capacity at Charging Stations
Based on Price Incentives

In the actual operation of distribution grids, the remaining capacity of inverters at the
physical level represents only the absolute upper limit of reactive power regulation, while
the reliable reactive power capacity that the dispatch center can actually call upon depends
heavily on the reactive power compensation price issued. In this section, based on a Monte
Carlo multi-scenario micro-state matrix, we construct a price-signal-driven macro-level
expected reactive power capacity aggregation model [20,21] to achieve a cross-domain
mapping from “economic incentives” to “physical capacity”.

3.3.1. Calculation of Individual EV Expected Reactive Power Capacity

For the jth electric vehicle at the charging station, in the mth Monte Carlo simulation

(m)

scenario, its initial state of charge is SOC P and its remaining parking time is T( ™)

rem,j*
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When the distribution network dispatch center broadcasts the uniform reactive power

(m)

compensation price Cj,. (), the response probability Pj that the user agrees to relinquish

control of the inverter, based on the Logit response willingness model, is:

P (Caell)) = - S
14 exp(B1-Cinc(t) + o SOC”‘ + 85T 4+ 7)

rem JJ

Combining the real-time physical reactive power limit m”x]( ) for a single EV de-
rived in Section 2.2 the upper bound of the statistically expected reactive power capacity
E [Q’g“}xj(t)} that this vehicle can provide to the power grid can be expressed as the product
of the physical capacity and the willingness probability:

E[QE (0] = P (Cane(1))- Q5 (1), 12)

When the physical capacity Qm‘” (t) is objectively constrained by the vehicle’s active
charging, the dispatch center can only effectively tap into the vehicle’s reactive power
potential by increasing the response probability through higher economic incentives Cjy,.(t).

3.3.2. Aggregation of Station-Level Macro-Level Expected Reactive Power Capacity

Within the same scheduling period t, for the mth random scenario, the station-level

reactive power capacity Q —aggregated from all Ngy ; grid-connected EVs at

statzon z( )
charging station i—is the linear sum of the expected capacities of each individual vehicle:

Qntions(®) = L7 E[QUY, (0] =X B[P (Cune(0)- Qe (D] 13)

To eliminate random fluctuations in micro-level states within individual scenarios and
ensure the robustness of steady-state dispatch in power distribution networks, this paper
calculates the global mathematical expectation of the aggregated capacity across M Monte
Carlo scenarios. Ultimately, the macro-level expected reactive power capacity physical
limit ég:’;zion,i(t) that charging station i can provide in response to dispatch during time

slot t is defined as: 1

M
QZZZonz(t Can) = Mzmzl ngzion,i(t)‘ (14)

3.3.3. Price-Capacity Response Function and Scheduling Constraints

From the above derivation, it can be seen that, for a given operating section of the
distribution network (i.e., assuming that Ngy ; and the active charging demands of each
vehicle are fixed), the adjustable reactive power limit of the charging station is no longer a
static constant, but rather a dynamic nonlinear function of the compensation price Cj,..

In the subsequent multi-source coordinated optimization process for the distribution
grid, the actual reactive power Qry ;(f) injected into the grid by charging station i must be
strictly constrained by this dynamic desired boundary:

Q::Zfzon z(t Cznc) < QEV 1( ) < QZ:Z;(mn z(t Cznc) (15)

In this study, the compensation price essentially serves as a dynamic retail-side incen-
tive embedded within the local flexibility market at the distribution level. At the operational
level, the Distribution System Operator (DSO) acts as a central coordinator, using optimiza-
tion algorithms to calculate these optimal spatial prices, which serve as internal dispatch
signals. Rather than requiring individual users to participate directly in complex wholesale
ancillary service markets, the DSO distributes these price signals to decentralized charging
station operators (aggregators), who then pass the incentives on to individual electric
vehicle users via mobile charging apps in the form of real-time ancillary service payments
or direct discounts on current charging bills. This tiered mechanism effectively translates
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the physical demands of the macro-grid into microeconomic retail-side incentives, thereby
bridging the regulatory gap between grid dispatch and user participation.

It should be noted that the aggregation models derived from Equations (13) and (14)
essentially provide a statistical expectation assessment of a charging station’s reactive
power potential. At the micro level, the response behavior of individual users follows a
Bernoulli distribution with probability P]-(m) ; at the macro level, the total capacity of the
station is represented as a weighted combination of random variables. This paper draws
on the Law of Large Numbers to argue that when the sample size of electric vehicles
within a charging station is sufficiently large, the statistical expectation of the group can
serve as a stable proxy signal for scheduling. Although in practical engineering scenarios,
psychological correlations among different users may arise due to extreme weather or
grid emergencies, and there is a risk of random fluctuations between actual response
levels and expected values, this paper aims to establish a “price-willingness-capacity”
mapping mechanism. In subsequent research, confidence intervals can be introduced to
further transform the “expected capacity” into “reliable dispatch capacity” to address the
uncertainty of micro-responses.

4. A Model and Solution for “Grid-Load” Coordinated Reactive Power
Optimization in Active Distribution Networks

Based on the multi-source physical constraint and micro-level EV user preference
evaluation model developed in the previous section, this chapter will formally establish a
comprehensive mathematical model for reactive power optimization in active distribution
grids. During typical grid-intensive periods such as evening peak loads, the distribution
grid dispatch center faces a fundamental economic and physical trade-off: on the one
hand, it must strive to raise terminal node voltages and reduce active power losses across
the entire grid; on the other hand, mobilizing the reactive power capacity of EV charging
stations requires paying users corresponding economic compensation Cj,.. Therefore, this
chapter adopts a heuristic algorithm to solve for the optimal reactive power pricing and
dispatch strategy, with the objective of minimizing the total system operating cost, subject
to strict power flow equations and equipment capacity constraints.

4.1. Integrated Optimization Objective Function

To achieve the overall optimization of both the physical operational indicators of the
distribution network and the economic costs of ancillary services, this paper constructs a
joint objective function Ftotal that includes the “equivalent cost of line losses” and the “cost
of reactive power compensation”. For a specific scheduling period ¢, the objective function
is defined as follows:

minFyotq) = Floss + Feost + Fy. (16)

In the equation: Fj, represents the equivalent cost of active power line losses, as
shown in Equation (17); Fst represents the procurement cost of reactive power services
from EV, as shown in Equation (18); Fy represents the penalty function for node voltage
deviation, as shown in Equation (19).

Bt + Ql(t)zAt
u(t)? .

In the equation: c¢g;4 is the unit price (yuan/kWh) at which the distribution network

N;
Floss = Cgrid’zlil R 17)

purchases electricity from the higher-level main grid; Ny is the total number of branches in
the distribution network; R; is the equivalent resistance of the 1th branch; P;(t) and Q,(t)
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are the active and reactive powers flowing through branch I at time t, respectively; U, (t) is
the voltage amplitude at the starting node of the branch; At is the dispatch time interval.

Fcost - ZiGQEV Cinc,i(t>'QEV,i(t)At' (18)

where Oy denotes the set of EV charging station nodes connected to the distribution grid;
Cinc,i(t) denotes the unit reactive power compensation price (yuan/kvar-h) assigned to
node i; Qpy ;(t) denotes the expected reactive power that the charging station actually
responds to.

ui(t) — Upe f

2
U )2, (19)

Fr = AvES (
where Ny is the total number of nodes in the distribution network; U;(t) is the actual
voltage normalization value at node i; U,y is the reference voltage value at node i; Ay is
the penalty weight factor for voltage deviation, which maps the dimensionless voltage
deviation normalization value to an economic penalty value of the same order of magnitude
as line losses. A larger Ay indicates that the dispatch strategy places greater emphasis on
power quality.

To verify the validity of the parameter settings for the objective function described
above, this paper conducts a sensitivity analysis on the key parameters.

First, the sensitivity of the penalty factor Ay : Experiments show that when Ay is small,
the algorithm tolerates minor voltage violations at the end nodes of the distribution network
in pursuit of maximum economic efficiency (reducing EV compensation costs); whereas
when Ay > 10°, the penalty mechanism forms an effective absolute barrier, ensuring that
all isolated operation solutions satisfy the voltage safety constraints 100% of the time. This
demonstrates the necessity and effectiveness of selecting Ay = 10° as the hard constraint
alternative in this paper.

Next is the sensitivity of the line loss price conversion factor ¢giq: since economic
terms are unified under the “yuan” dimension, system behavior is highly sensitive to the
grid’s base electricity price. Tests indicate that if the distribution network is in an off-peak
pricing period (where cgyiq is low), the proportion of line loss costs in the total objective
decreases, and the algorithm tends to reduce the purchase of EV compensation, allowing
line losses to rise moderately; Conversely, during peak-rate periods, the algorithm further
increases the EV compensation price to secure more on-site reactive power support, thereby
reducing grid losses. This adaptive trade-off perfectly aligns with the logic of electricity
economics, further validating the rationality of this normalized objective function.

4.2. Physical Boundaries of System Operation and Multi-Source Collaborative Constraints

To ensure the absolute safety and technical feasibility at the physical level of the
“grid-load” coordinated reactive power optimization scheme for distribution networks, all
control variables and state variables in the proposed dispatch strategy must strictly satisfy
the following set of equations and inequalities, which encompass power flow, equipment,
and economic considerations.

Constraints on the Safe Operation of Distribution Networks

During any scheduling period t, the active and reactive power injections at each node
iin the system must satisfy Kirchhoff’s laws in real time (in polar form based on AC power
flow). Additionally, to ensure power quality for end users and equipment insulation safety,
the voltage at each node must be maintained within a specified range of nominal values.
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Furthermore, the response capability of multi-source reactive power devices is constrained
by their hardware specifications and the economic willingness of users [22]:

Pg,i(t) — Pri(t) = Ui(t)Ljen, Uj()(Gijcosdij(t) + Byjsind;j(t))
Qq,i(t) + Qci(t) — Qri(t) :'ui(t)ZjeNi U;(t)(Gjjsind;j(t) — Bijcost;j(t))
um”’l < u( ) umax
stc, S QSVCz( ) < E”\‘}’f:l . (20)
Qggionl(t Clncz( )) < QEVZ( ) < QZ:Z;Clonl(t Cmcz( ))
0< Cincz( ) < Chci

mc,

By (t)? + Qy(t)? < 51

In the equation: Pg ;(t) and Qg () represent the active and reactive power outputs
of conventional distributed generation sources at node i; Py ;(t) and Qp ;(f) represent the
base active and reactive load demands at node i (including the active charging load of
EVs); Qc,i(t) is the total reactive power compensation provided at node i (i.e., the sum
of Qsvc,i(t) and Qry,;(t)); U;(t) and U;(t) are the voltage magnitudes at nodes i and j,
respectively; G;; and B;; are the real part (conductance) and imaginary part (admittance)
of the node admittance matrix elements, respectively; 6;;(t) is the voltage phase angle
difference between nodes i and j; N; is the set of adjacent nodes directly connected to
node i; Cji% is the maximum unit price allowed under local ancillary service market rules
or dispatch center budget constraints, P;;(t) and Q;;(t) represent the active and reactive
power flowing from node I to its adjacent node j, respectively; S;}“‘x is the thermal stability
apparent power limit of the physical power distribution line connecting nodes i and j.

4.3. Solution Process for Collaborative Optimization Based on the Improved Particle Swarm
Optimization (IPSO) Algorithm

The “grid-load” coordinated reactive power optimization model for active distribu-
tion networks developed in this paper is a typical nonlinear, non-convex mixed-integer
programming problem involving complex coupling constraints. In particular, the Logit
probability mapping relationship between the expected reactive power capacity boundary
of EVs and the compensation price makes it difficult to solve conventional mathematical
analytical methods (such as the interior-point method) directly, or causes them to easily
become stuck in local optima. Therefore, this paper employs an Improved Particle Swarm
Optimization (IPSO) algorithm incorporating a linearly decreasing inertia weight strategy
to achieve efficient global optimization, and combines it with the MATPOWER power flow
calculation kernel for state verification.

4.3.1. Mapping Particle Codes to Control Variables

In the IPSO algorithm, each particle represents a set of global control strategies issued
by the distribution network dispatch center during this time period. Assuming that the
distribution network is equipped with Ngy¢ static var compensators and connected to
N¢s EV charging stations with reactive power regulation capabilities, the position vec-
tor Xy of the kth particle in the population is encoded as a mixed-dimensional vector
comprising direct physical control variables (SVC output) and economic control variables
(compensation price):

X = [Qsveas---» Qsve,Ngyer Cinetr - - » Cine, Nes - (21)

The algorithm does not directly generate the reactive power output of the EV; instead,
it assigns values to the C;,,. ; dimension in the position vector. The aggregation model then

maps this to the actual available reactive power capacity Qﬁfﬁmi (Cinc,i) of that charging
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station, which is subsequently used as the reactive power injection at the PQ node in the
power flow calculation.

4.3.2. Fitness Evaluation Mechanism Based on a Penalty Function

To address the stringent system state inequality constraints encountered during the
operation of distribution networks, this paper introduces an external dynamic penalty
function into the fitness evaluation process.

For any scheduling plan X generated by particle k, its composite fitness function
Fit(k) is defined as the sum of the basic objective function and the penalty term:

. N;
Fit(k) = Frotar + My _, "y max(0, AU;). (22)

where F;,;, represents the total operating cost; AU; represents the voltage deviation
threshold for node i; and M;i; represents the maximum penalty coefficient. This mech-
anism ensures that any infeasible solution causing a node voltage to exceed the thresh-
old is assigned a very high objective cost, thereby being rapidly eliminated during the
evolutionary process.

4.3.3. Steps for Executing the IPSO Algorithm

The complete flowchart of the optimization strategy described in this paper is shown
in Figure 7. The complete execution process is as follows:

(1) Set the base load parameters for the distribution network and the EV Monte Carlo
sampling state matrix. Initialize the IPSO algorithm parameters: set the population
size to 40, the maximum number of iterations T}y to 60, and the learning factors
c; and c; to 2.0. Generate the initial positions X and velocities V of the popula-
tion randomly within the physically and economically feasible boundaries of the
control variables.

(2) Decode the position vectors of each particle and use the Logit capacity function to
calculate the reactive power injection at each charging station. Input the reactive
power compensation matrices for the grid-wide SVCs and EVs into the MATPOWER
kernel to solve the power flow problem using the Newton-Raphson method, thereby
obtaining the voltage distribution at all grid nodes.

(3) Based on the results of the simulation and the fitness function Fit(k) with a penalty
term constructed in Step 2, calculate the fitness values (i.e., the total cost) for all
particles in the current population.

(4) Compare the fitness of the current particle with the historical individual best (Py,g;)
and global best (Gp,g;). If the current solution has a lower cost and has not triggered
the voltage-out-of-bounds penalty, update the record of the best values.

(5) The inertial weight w is dynamically updated using the following formula to balance
global exploration in the early stages of the algorithm with local convergence in the
later stages:

O(t) = gy — “HE—min (23)
max
Then update the velocity and position of all particles and perform strict boundary
clipping to prevent them from going out of bounds.

(6) Check whether the maximum number of iterations T,y has been reached or whether
the global optimal solution has remained unchanged for several consecutive genera-
tions. If the termination condition is met, output the global optimal scheduling plan
Xpest and its corresponding minimum total system cost; otherwise, set the iteration
count to t = t + 1 and return to step 2 to continue the optimization process.
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Figure 7. The complete execution process.

https://doi.org/10.3390/en19112507


https://doi.org/10.3390/en19112507

Energies 2026, 19, 2507

19 of 31

23

5. Case Study Analysis
5.1. Case Setup and Basic Data

The case study is based on a modified IEEE 33-node distribution network. The
system’s reference voltage is 12.66 kV, with a total rated active load of 3.715 MW and a
reactive load of 2.300 Mvar. It includes a photovoltaic-battery energy storage (PV-BESS)
system, reactive power compensators (SVCs), and EV bidirectional reactive power charging
stations. The IEEE 33-node network topology is shown in Figure 8. The distributed
PV-BESS systems are connected at the end zones of the system’s two main branches
(Nodes 18 and 33) to improve the active power flow distribution across the entire grid;
The static var compensator (SVC), serving as the core equipment for centralized voltage
regulation on the grid side, is connected to the central hub in the middle section of the
distribution network (Node 14). Its reactive power regulation capacity is continuously
adjustable within the range of [—1.0, 1.0] Mvar; EV charging stations are distributed across
Nodes 7, 24, and Node 31. As the key user-side flexible reactive power resources explored
in this paper, their aggregated reactive power capacity is constrained by the micro-state
sampling of EVs connected to the station and the reactive power compensation price C_inc
issued by the distribution grid. Optimization scheduling is performed for the typical time
slot of 19:00, and simulation analysis is conducted in the MATLAB environment. Power
flow calculations are based on the MATPOWER kernel, and the optimization solution
employs the improved particle swarm optimization algorithm developed in Section 4.3
of this paper. Regarding the operating parameters of the Monte Carlo scenario sampling
process, a robust rejection sampling method is employed, utilizing a truncated normal
distribution to accurately model the random variables of the electric vehicle fleet. Each
distributed charging station is configured with a total capacity of 50 vehicles. For these
arriving vehicles, the initial state of charge is mathematically sampled with a mean of 50%
and a standard deviation of 15%, strictly constrained within the physical range of 20% to
100%. Concurrently, the random remaining parking duration is sampled with a mean of
4.0 h and a standard deviation of 1.5 h, strictly limited to a range of 0.5 to 12.0 h.

24 25

19

20

21 22

R
@—@ Distribution Line — — — Tie Line (Normally Open) @ EV charging Station (PV) PV-BESS @ Static Var Compensator J

Figure 8. IEEE33 topology diagram.

To verify the feasibility and effectiveness of the collaborative optimization strategy
described in this paper, the following test cases—labeled S1 through S4—were established
based on the specified parameter settings, with S1 serving as the baseline case:
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S1: The system is in a natural overload state. The PV-BESS hybrid systems at nodes
18 and 33 are only performing conventional active power discharge (PV output is zero,
BESS is discharging); the grid-side SVC is offline; EVs are only performing unidirectional
active power charging and are not participating in reactive power compensation interac-
tions. There are no active reactive power or voltage control measures in place across the
entire grid.

S2: Voltage regulation relies solely on traditional grid-side equipment. The SVC
at Node 14 is activated to optimize reactive power output; however, no compensation
incentive mechanism is implemented. Due to users’ inherent reluctance to relinquish
control over their batteries, the expected reactive power response capacity at the charging
stations at Nodes 7, 24, and 31 is extremely low, and they contribute almost nothing to
grid-wide coordination.

S3: This scenario employs the typical Time-of-Use (TOU) pricing mechanism widely
used in electricity markets [23]. During the 19:00 evening peak load period, the distribution
grid dispatch center issues uniform peak-load high-price reactive power compensation
instructions to EV charging stations at all nodes across the grid. This strategy focuses on
guiding flexible loads to participate in regulation through price signals in the temporal
dimension, while implementing undifferentiated uniform pricing in the spatial dimension.

S4: This scenario introduces the Distribution Locational Marginal Pricing (DLMP)
framework. This strategy precisely extracts the reactive power-voltage (Q-V) sensitivity of
each node by taking the derivative of the distribution network power flow equations, and
uses this as the physical basis for calculating spatially differentiated compensation prices
for each node. During settlement, it adheres to the theoretical paradigm of the “perfectly
rational economic agent” found in traditional flexibility markets, implicitly assuming that
micro-level willingness exhibits “constant price elasticity” in response to external economic
incentives. This implies that the potential utilization of reactive power resources will
expand without behavioral decision-making constraints as compensation prices rise. This
scenario aims to quantitatively examine the overcompensation bias resulting from tradi-
tional DLMP methods that ignore bounded rationality and the saturation characteristics of
micro-level response willingness.

S5: Fully implement the comprehensive optimization model developed in this paper.
Enable SVC voltage regulation, and the dispatch center will no longer rely on manually
set fixed empirical prices. Instead, using the IPSO algorithm, it will aim to minimize the
total system operating cost (line loss cost + reactive power procurement cost + voltage
penalty) and issue dynamically optimized reactive power compensation prices C_inc to
each charging station. Through a precise interplay of price and capacity, this approach will
elicit the most appropriate share of reactive power from EVs.

In the practical implementation of the algorithm, the selection of key parameters
is crucial for computational efficiency and global optimization performance. Through
multiple preliminary experiments, this paper proposes the following optimized parameter
settings for the IPSO algorithm: for the multi-dimensional control variables of the IEEE
33-node distribution network, the population size is set to N = 40 and the maximum number
of iterations to Tmax = 60. Preliminary tests indicate that this scale ensures the population
maintains sufficient diversity in the non-convex solution space while effectively controlling
the computational overhead of power flow calculations per iteration. Furthermore, the
algorithm typically converges within 30-40 generations, with the 60-generation upper limit
providing ample margin. In this study, the upper bound wy;x = 0.9 and lower bound
Whin = 0.4 are selected for the adaptive weight. This is the optimally proven range in
classical particle swarm algorithm theory, which perfectly aligns with the original intent
of the linear decay strategy in this paper—emphasizing global exploration to escape local
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optima at 0.9, and ensuring fine convergence near extrema at 0.4. Regarding learning factors,
both the individual learning factor and the social learning factor are set to c; = ¢ = 2.0.
This symmetric configuration aims to assign equal weight to the “self-experience” and
“group experience” of particles, thereby preventing the algorithm from deviating from the
search direction under the complex constraints of the Logit preference boundary during the
early stages.

5.2. Comparison of Comprehensive Optimization Results Under Different Scheduling Strategies
5.2.1. Analysis of Total Operating Costs and Economic Benefits

Table 2 presents the key economic indicators and power quality assessment results
for the five scenarios. The actual total expenditure for the distribution network includes
only the cost of electricity equivalent to line losses (Fj,s) and the cost of reactive power
purchased for EV users (Feost)-

Table 2. Economic and operational cost comparison under different cases.

S;?:f;lg;g Vmin/Vmax (p-u.) Fioss Feost Fiotal
S1 [0.9352, 1.0100] - - -
S2 [0.9433, 1.0100] - - -
S3 [0.9585, 1.0100] 69.90 2936.93 3006.83
S4 [0.9588, 1.0100] 70.23 2794.20 2864.43
S5 [0.9589, 1.0100] 69.02 2303.45 2372.47

Table 3 provides a detailed overview of the various technical metrics across the
five scenarios.

Table 3. Technical performance indicators and node interactive pricing for five scenarios.

Scheduling Voltage Active Losses Osve (Mvar) Node 7 Node 24 Node 31
Scenarios  Deviation Fy  Pjg. (MW) sve tvivar (Cine! QEV) (Cine/ QEV) (Cine! QEV)
S1 66,647.67 0.1985 -- - -- -

S2 32,938.36 0.1716 1.0000 - -- -

S3 19,184.30 0.1394 1.0000 2.0/0.4922 2.00/0.4897 2.00/0.4632
S4 18,618.59 0.1404 1.0000 2.0/0.4922 1.50/0.4595 2.50/0.4986
S5 17,683.71 0.1441 1.0000 1.78/0.4837 1.09/0.4131 1.92/0.4896

It can be seen that under natural operating conditions (51) and when relying solely
on grid-side reactive power regulation (52), the system experiences severe under-voltage
limit violations (voltage sags). This indicates that under high-load conditions, relying
solely on centralized reactive power equipment is insufficient to meet the voltage support
requirements of remote nodes. After incorporating electric vehicles into the dispatch process
(53-55), the system voltage returns to within safe limits, demonstrating that distributed
reactive power resources on the consumer side can effectively mitigate under-voltage
issues and elevate the end-node voltages. From an economic perspective, different pricing
strategies have a significant impact on the system’s total cost. In the S3 scenario, which
employs a Time-of-Use (TOU) pricing mechanism, while it effectively incentivizes charging
stations to provide sulfficient reactive power support, the failure to account for variations in
reactive power demand across nodes leads to overcompensation at some nodes, resulting
in higher compensation costs. In contrast, the 54 scenario, by introducing DLMP, reduces
redundant compensation to some extent. However, because it assumes an ideal linear
positive correlation between default reactive power response and compensation price—
failing to account for the nonlinear characteristics inherent in real-world user behavior—it
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The entire network has merits and demerits (MW)

still results in mismatches with actual demand. The S5 strategy proposed in this paper uses
an optimization model to adaptively generate compensation prices, achieving a precise
match with the reactive power demands of different nodes. While ensuring voltage stability,
it effectively reduces unnecessary compensation expenditures.

Further analysis reveals that the significant reduction in total cost achieved by the
S5 strategy proposed in this paper is not the result of a reduction in a single dimension, but
rather the combined effect of three factors: optimized space allocation, lower reactive power
demand, and more precise node pricing. On the one hand, S5 avoids the misallocation
of spatial resources caused by the uniform high price of S3; by substantially reducing
compensation prices at non-critical nodes, it safely reduces unnecessary reactive power
demand at those locations. On the other hand, S5 overcomes the flaw of the 54 strategy—
which is based on linear assumptions—that leads to blind premium pricing at extreme
nodes. Since micro-users’ willingness to respond follows the non-linear Logit saturation
characteristic, S5 accurately identifies the optimal location at end node 31, which is severely
short of reactive power, successfully avoiding the marginal premium trap in 5S4 and sig-
nificantly reducing single-point expenditure while maintaining the same level of reactive
power support.

Figure 9 visually illustrates the effectiveness of five different dispatch strategies in
reducing active power losses across the entire distribution network under heavy-load
conditions during the evening rush hour.

0. 20

0. 15

0.10 4

0. 05

0. 1985

0.00

0.1717

0. 1398 0. 1404 0. 1377

S1 S2 S3 S4 S5

Figure 9. Network loss comparison chart.

As shown in Figure 9, in Scenarios 1 and 2, due to the lack of distributed reactive
power support in the system, the surge in load at each node resulted in a large amount of
reactive power needing to be transmitted over long-distance lines from the upstream main
grid, generating significant reactive currents. This caused active power losses across the
entire grid to reach as high as 0.1985 MW and 0.1717 MW, respectively. Upon introducing
EVs to participate in “grid-load” coordinated voltage regulation (Scenarios 3, 4, and 5),
line losses experienced a precipitous decline. This provides strong physical evidence of
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the immense engineering value of distributed reactive power resources’ “local balancing”
characteristics in suppressing line heating and enhancing grid operational efficiency.

Scenario 3 employs a high-price incentive strategy based on time-of-use pricing. Al-
though this significantly mobilized reactive power, it failed to achieve physical optimality.
The root cause lies in the fact that a fixed, uniform tariff structure masks the spatial hetero-
geneity of reactive power demand. Consequently, nodes located near substations—which
originally had no reactive power deficit—excessively injected redundant reactive power
(Qev > Qioaq) driven by high electricity prices. As recent studies on active distribution
grids have emphasized [24,25], uncoordinated local reactive power injection—particularly
in grids supported by existing distributed active power sources (such as the PV-storage
systems at nodes 18 and 33)—inevitably leads to severe reactive power reverse flow (RRPF).
When locally injected reactive power exceeds node demand, the excess reactive current
is forced to flow back upstream into the main grid. This reverse reactive power flow
unnecessarily occupies the limited thermal capacity of distribution lines and increases the
total branch current magnitude (111), thereby triggering a secondary surge in active power
losses (Pjss = | 112 R). The dynamic spatial pricing strategy proposed in this paper (Sce-
nario 5) fundamentally suppresses this reverse reactive power flow. By imposing low-price
instructions on head nodes with reactive power surpluses, the strategy strictly prevents
overcompensation and successfully avoids the I°R heating penalty associated with reverse
reactive currents.

The dynamic pricing strategy for Scenario 5 described in this paper further reduces
active power losses to the lowest level across the entire system. By applying high-price
incentives to end nodes with reactive power shortages and issuing low-price instructions
to head nodes with reactive power surpluses, it reduces financial expenditures on EV
compensation and achieves local reactive power balancing in the physical space.

5.2.2. Analysis of the Effect of Improved Node Voltage Distribution

Figure 10 illustrates the voltage distribution at distribution network nodes under
different control strategies. Without any control measures (S1), the system voltage exhibits
a clear downward trend along the feeder, with the voltage at the end nodes falling below
the safety threshold, reflecting typical voltage sags under heavy load conditions. When only
grid-side SVC devices are activated (S2), the voltage level on the main feeder is somewhat
improved, but the effect on remote nodes is limited. This is primarily due to the long
transmission distances for reactive power in a radial distribution network structure, making
it difficult for centralized compensation to effectively cover the entire network. After
introducing electric vehicles to participate in collaborative voltage regulation (53-S5), the
voltage distribution improved overall, with all nodes maintained within permissible limits.
In the S3 scenario, due to relatively sufficient compensation, the voltage increase was more
pronounced; however, the voltage at some nodes approached the upper limit, indicating a
certain degree of overcompensation. In Scenarios 54 and S5, differentiated pricing strategies
aligned reactive power support more closely with actual demand, resulting in a smoother
voltage distribution. Compared to Scenario S4, where the default reactive power response
and compensation price exhibited an ideal linear positive correlation—failing to account
for the nonlinear characteristics inherent in real-world consumer behavior—Scenario S5
achieved a more balanced overall voltage distribution while ensuring safety constraints.
This demonstrates that the proposed method offers certain advantages in regulating the
spatial distribution of reactive power.
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Figure 10. Node voltage comparison chart.

5.2.3. Analysis of Algorithm Convergence and Execution Efficiency

When addressing the “grid-load” coordinated multidimensional nonlinear game
model developed in this paper, the objective function not only incorporates complex AC
power flow constraints in the distribution network but also deeply couples the nonlinear
response boundaries of users based on the Logit model with stringent node voltage viola-
tion penalties. This results in a highly non-convex solution space, placing extremely high
demands on the optimization solver’s search depth.

Figure 11 illustrates the global convergence trajectories and average error distributions
of the IPSO algorithm adopted in this paper across 50 independent runs under the late-peak
heavy-load section (Scenario 5). From the perspective of evolutionary dynamics, it is
clearly observed that the convergence process of the IPSO algorithm exhibits an elegant
exponential smooth decay characteristic, perfectly aligning with the theoretical design
intent of “linearly decreasing inertial weights”. In terms of execution efficiency, leveraging
the MATLAB (v2024) kernel, the average optimization time per scheduling run is kept
within 35 s, meeting the real-time engineering requirements for the current 15 min online
rolling scheduling of active distribution grids.
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Figure 11. IPSO: Results from a total of 50 runs.
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5.3. Robustness and Adaptability Analysis

To comprehensively validate the robustness and generalizability of the “grid-load”
coordinated reactive power optimization strategy proposed in this paper under varying
operating conditions, this section goes beyond the limitations of a single heavily loaded
section during the evening peak. It conducts in-depth stress tests across three dimensions:
spatiotemporal load shifts in the temporal dimension, sensitivity to electric vehicle pen-
etration rates in the spatial dimension, and fluctuations in consumer micro-behavioral
preferences. The section also discusses the engineering feasibility of the algorithm for
large-scale power grids.

5.3.1. Spatio-Temporal Adaptive Control Under Multi-Period Operating Conditions

Throughout the day, the center of reactive power demand shifts dynamically in
response to changes in the spatial distribution of the load. In this section, we selected two
typical operating conditions—the midday peak (12:00) and the early morning off-peak
(03:00)—for testing. The simulation results are shown in Figures 12 and 13. During the
midday period, the base load across the entire grid remains at a medium-to-high level.
The simulation results indicate that the optimization strategy proposed in this paper can
accurately capture voltage differences and reactive power demand between nodes. As
shown in the dynamic pricing results in the figure, the compensation prices assigned to
Node 7, Node 24, and the distribution network end point (Node 31) at this time are 0.64,
0.15, and 1.39 RMB/kvar, respectively. The algorithm continues to precisely assign the
highest premium to the terminal node with the greatest risk of voltage sags, successfully
guiding grid-connected vehicles to release inverter capacity and smoothly maintaining
the lowest node voltage across the entire grid at this time slot at a high safety level of
approximately 0.998 p.u. During the early morning off-peak time slot (03:00), the grid’s
base load drops to its lowest point of the day, and the distribution network’s own reactive
power resources are abundant. At this time, the optimization algorithm automatically
issued an extremely low reactive power compensation price of exactly 0 to all charging
stations, effectively curbing the problem of a large number of grid-connected vehicles
blindly injecting reactive power, which could have been triggered by a fixed, high subsidy.
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—— 12:00 (Midday Peak)
—— 03:00 (Night Valley)
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1. 00
=
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Figure 12. Voltage profiles of the active distribution network across different typical time slots.
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Figure 13. Spatial adaptation of optimal reactive power compensation prices under various
operating conditions.

5.3.2. Spatial Adaptability Under Different Electric Vehicle Penetration Rates

To verify the strategy’s adaptability to varying levels of reactive power resources, this
section compares the dispatch performance under a 20% and 50% EV penetration rate
during the 19:00 evening peak load section. As shown in Table 4, when the penetration
rate increases from 20% to 50%, the total system operating cost rises from 717.9 yuan to
1295.5 yuan. Specifically, the equivalent active power transmission loss cost decreased from
82.95 to 77.23, demonstrating that large-scale local reactive power balancing effectively
curbed energy losses from long-distance transmission. However, in pursuit of optimal
global voltage quality, the algorithm proactively procured ample reactive power support
from a larger base of users, resulting in a significant increase in overall reactive power
compensation expenditures.

Table 4. Comparison of economic efficiency under different EV penetration levels.

EV Penetration Level Fjpss (Yuan) Feost (Yuan) Fiotar (Yuan)
20% 82.95 636.95 719.9
50% 77.23 1218.27 1295.5
100% 69.90 2303.45 237247

5.3.3. Robustness Testing for Different User Behavior Parameters

To verify the strategy’s resilience against the psychological preferences of unknown
users, this section introduces a group of conservative “range-conscious” users who are in-
sensitive to economic incentives and place extreme importance on remaining battery range.
In this stress test scenario, most vehicle owners exhibit strong psychological resistance
due to range anxiety and are unwilling to relinquish control of their inverters. Simulation
comparisons (see Figure 14) show that relying solely on traditional grid-side static reactive
power compensators (52), without on-site support from distributed resources, leads to
severe voltage sags caused by long-distance reactive power transmission. The voltage
at terminal node 33 drops to approximately 0.943 p.u., severely breaching safety limits.
However, after introducing the dynamic pricing strategy (S5) proposed in this paper, the
algorithm is able to keenly detect the contraction of macro-response capacity and, through
adaptive iteration, decisively raise the compensation pricing at each node. This strong price
signal successfully overcomes the high psychological resistance threshold of conservative
participants, ultimately forcing the grid’s minimum voltage to rise and remain within the

https://doi.org/10.3390/en19112507


https://doi.org/10.3390/en19112507

Energies 2026, 19, 2507

27 of 31

Voltage Magnitude (p.u.)

safe range of approximately 0.959 p.u. This robustly demonstrates that the collaborative
framework possesses an extremely wide adaptation range for uncertainties in micro-level
behavioral parameters and a strong physical safety net capability.

Only SVC (Severe Violation)

li Dynamic Pricing (Safeguarded)

5 10 15 20 25 30
Node Number

Figure 14. Comparison of voltage profiles under the extreme conservative EV user behavior scenario.

Furthermore, the reliability of the proposed framework’s scheduling does not depend
solely on the absolute accuracy of the probabilistic Logit boundary. Its reliability is ensured
through a dual safeguard mechanism. First, at the algorithmic level, the IPSO solver
operates as a closed-loop adaptive controller; if the actual reference demand in a specific
region deviates significantly downward (e.g., due to extreme psychological resistance), the
algorithm automatically detects the capacity gap during the iteration process and decisively
raises the compensation price to exceed the behavioral threshold, as confirmed by the
aforementioned stress tests. Second, at the physical level, this coordination framework
essentially retains grid-side centralized SVC as a deterministic safety net. Even in extreme
scenarios where the probabilistic response of electric vehicles completely fails, the algorithm
will automatically maximize SVC output to resolutely prevent systemic voltage collapse,
ensuring that physical grid safety is never compromised by micro-level uncertainties.

5.3.4. Algorithm Robustness and Performance Comparison

To further demonstrate the necessity and irreplaceability of introducing the IPSO
algorithm within the physics-economics synergy framework discussed in this paper, this
section conducts a large-scale comparative test of the IPSO algorithm against the standard
real-number-encoded genetic algorithm (GA) and the standard particle swarm optimization
algorithm (Standard PSO, using a fixed inertia weight) under the most challenging Scenario
5. All three algorithms were uniformly set with a population size of 40 and a maximum
number of iterations of 60, and each was run independently 50 times to eliminate the
randomness inherent in heuristic search. The comprehensive statistical metrics of the tests
are shown in Table 5, and the complete convergence trajectories of GA and PSO over 50
runs are illustrated in Figure 15a,b.
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Table 5. Comparison of the Results of Three Algorithms.
Algorithm Best Cost Fpst (Yuan) Fiota1 (Yuan) Std Dev Mean Time (s)
GA 19,980.09 21,950.97 20477.46 446.5254 35.0610
Standard PSO 19,962.70 20,363.98 19,970.73 56.7500 34.9097
Proposed IPSO 19,962.70 19,962.70 19,962.70 0.0003 34.8948
28, 000 Average Average
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Figure 15. Results from a total of 50 runs of GA and PSO.

Faced with the complex solution space in this study—which is non-convex and in-
volves a high-penalty function—the GA exhibited severe premature convergence, with
highly dispersed trajectories after 50 runs, rendering it completely incapable of handling
such strongly constrained scheduling tasks. The standard PSO algorithm lost population di-
versity too early in the initial iterations and had a roughly 2% probability of becoming com-
pletely trapped in a local optimum. In actual power grid operations, such low-probability
scheduling errors would directly lead to node voltage exceeding limits, posing unaccept-
able safety risks. Thanks to its linearly decreasing inertial weight mechanism, the IPSO
algorithm developed in this paper achieved 100% global optimal solution convergence in
50 high-intensity tests, with a standard deviation of only 0.0003.

In summary, the IPSO algorithm demonstrates exceptional solution stability.

5.3.5. A Discussion on Computational Complexity and Engineering Feasibility

The “Monte Carlo + IPSO” nonlinear power flow solution framework proposed in
this paper requires minimal time per optimization run on a 33-node system, which is
sufficient to meet the current 15 min online rolling dispatch requirements of distribution
grids. However, if directly applied to real-world large power grids comprising thousands
of nodes, centralized iterative optimization would face the curse of dimensionality and
communication delays. To achieve the engineering implementation of this theoretical model
in industrial-scale power grids, two technical approaches can be pursued in the future: First,
adopting an “offline training + online surrogate model” approach, which uses historical
multi-section optimization data to train deep neural networks to replace complex online
power flow iterations, thereby enabling the direct output of optimal pricing instructions
within milliseconds; Second, introducing network decoupling and distributed parallel
computing to partition large-scale distribution grids into several weakly coupled microgrid
zones for independent parallel solving, thereby reducing computational complexity from
exponential to linear levels and comprehensively ensuring the computational feasibility of
real-time dispatch for ultra-large-scale distribution grids.
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6. Conclusions

This paper addresses the issues of limited voltage regulation capacity in single-side
equipment and severe voltage sags at the network end in distribution grids under heavy-
load conditions during the evening rush hour. It proposes a reactive power coordination
and dynamic pricing strategy that takes into account the response willingness of electric
vehicle users. Research indicates that by introducing a Logit response willingness model to
accurately characterize user behavior and constructing a “grid-load” coordinated optimiza-
tion framework, it is possible to effectively identify and mobilize flexible resources on the
user side, thereby ensuring system voltage safety constraints under extreme conditions at
the physical level.

Regarding pricing games and resource allocation in multi-source coordination, this
paper reveals the decisive influence of spatial heterogeneity in reactive power sensitiv-
ity on dispatch decisions. Traditional undifferentiated fixed-subsidy strategies tend to
overlook the spatial topological characteristics of the power grid, leading to redundant
responses from low-sensitivity head-end nodes. In contrast, the scalarized single-objective
coordination strategy proposed in this paper can adaptively generate spatially differenti-
ated price signals that match the Q-V sensitivity of nodes. By suppressing the minimum
price at head-end nodes and incentivizing high prices at end-nodes, this mechanism effec-
tively eliminates ineffective compensation and achieves a significant improvement in the
utilization efficiency of dispatch funds.

In terms of physical operational performance, this study further elucidates the under-
lying mechanisms by which spatially differentiated pricing suppresses reactive current
loops in distribution grids and reduces active power losses. Simulation results confirm
that blind, excessive compensation not only leads to economic redundancy but also causes
excessive reactive power injection at the source end, resulting in reverse power flows and
cross-node reactive power transmission within the distribution grid, thereby increasing
additional active power losses in the system. The strategy proposed in this paper uses price
mechanisms to precisely guide the optimal local balancing of reactive power resources,
effectively avoiding long-distance ineffective reactive power flows. This optimization mech-
anism significantly reduces economic expenditures while further lowering active power
losses across the entire grid, achieving synergistic optimization of the system’s financial
efficiency and physical operational efficiency.

Finally, it must be acknowledged that this study inherently possesses certain limita-
tions that outline the trajectory for future work. Foremost, in the absence of real-world
user-response data, the behavioral Logit model remains fundamentally exploratory, neces-
sitating future empirical calibration via large-scale vehicle—grid interaction pilot projects
to transition from a theoretical framework to a predictive tool. Furthermore, the current
validation is strictly confined to the modified IEEE 33-node benchmark system, warrant-
ing broader testing across large-scale, asymmetric, and topologically complex real-world
distribution feeders. The framework also relies on simplified abstractions of EV charging
behaviors and implicitly assumes idealized, zero-latency digital communication networks
between the distribution-system operator and distributed charging stations. Subsequent
research endeavors will directly address these boundaries by integrating uncertainty-aware
real-time validation techniques, incorporating complex real-world communication con-
straints, and evaluating the multi-source collaborative strategy under highly stochastic
grid environments.
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