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ABSTRACT High-penetration electric-vehicle charging increasingly couples charging-service operation
with distribution-network voltage security. However, existing pricing strategies often optimize user
response or station profit separately from feeder-side voltage constraints. This paper proposes a coordinated
rolling optimization method for station-wise EV charging pricing and distributed photovoltaic inverter
reactive support in high-penetration source-load distribution networks. A utility-based probabilistic
station-choice model captures user responses to charging cost, travel time, charging duration, and expected
waiting time. A queue-aware charging-service simulator then updates charger occupation, queue carryover,
and station-level charging loads over rolling intervals. These endogenous loads are mapped to distribution-
network buses and evaluated using a second-order-cone branch-flow model with reactive support, enabling
voltage-infeasible pricing decisions to be identified during optimization. A two-layer rolling procedure
coordinates demand shaping and voltage support. Case studies show that pricing alone cannot restore
feeder security during evening peaks. Compared with fixed pricing with reactive support, the proposed
strategy increases operator profit by 37.74%, reduces expected waiting burden by 28.18%, lowers feeder
losses by 9.03%, and reduces the station-load peak—valley gap by 24.46%. Results confirm that reactive
support restores voltage feasibility, while dynamic pricing improves service and economic performance.

INDEX TERMS

electric vehicle charging; dynamic pricing; source—load coordination; distribution

network operation; photovoltaic inverter reactive support; second-order-cone optimal power flow

I. INTRODUCTION
Define The rapid growth of electric vehicles is changing
the operating characteristics of urban distribution networks.
EV ownership and public charging demand have increased
steadily in many power systems, making charging infrastruc-
ture an important part of future urban energy systems [1],
[2]. Public and semi-public fast-charging stations are also
becoming larger and more spatially concentrated, especially
in commercial areas, transport hubs, and urban corridors
[3], [4]. Unlike conventional residential loads, EV charging
demand is strongly affected by travel behavior, charging
urgency, station accessibility, and price signals [5], [6].
When many users select the same charging stations during
peak travel periods, charging demand may become highly
concentrated in both time and space [3], [7]. Such concen-
tration can increase waiting time at charging stations, reduce
the balance of station utilization, and create additional stress
on distribution feeders. Under high EV penetration, charging
demand should therefore be understood as a service-side and
grid-side coupling problem rather than a simple load-growth
problem.

Traditional charging operation usually relies on fixed
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tariffs or simple time-of-use prices. Time-of-use pricing
can encourage users to shift charging demand away from
system peak periods, and it has been widely used in early
EV demand-response studies [8]. However, fixed and time-
segmented tariffs have limited ability to reflect real-time
station congestion, charger availability, travel inconvenience,
and local feeder conditions. User response to charging
price can influence not only the total charging demand,
but also the spatial distribution of charging loads among
different stations [9], [10]. From the power-system per-
spective, the same total EV charging demand may lead to
different voltage impacts depending on how it is allocated
to feeder buses [11], [12]. Charging-service operation and
distribution-network operation should therefore be coordi-
nated rather than optimized as separate tasks.

A large body of research has investigated charging price
design and demand-response strategies for EV charging
systems. Dynamic pricing has been used to guide charging
demand and improve station-level operating performance
[9], [13]. Game-theoretic models, especially Stackelberg
frameworks, have been adopted to describe the interaction
between charging operators and EV users [10]. Reinforce-
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ment learning methods have also been introduced to learn
pricing or scheduling policies under uncertain charging
demand [13], [14]. Model predictive control has been ap-
plied to rolling charging management because it can update
decisions as new system information becomes available
[15]. Multi-agent optimization and distributed coordination
methods have further been used when multiple stations, ag-
gregators, or operators are involved [16], [17]. Pricing-based
coordination methods have therefore become an important
tool for improving charging-service operation at the service
layer.

User behavior has also been introduced into charging-
management studies. Utility-based models can represent
the influence of charging cost, travel distance, charging
duration, and station accessibility on user decisions [18].
Logit models and other probabilistic choice methods are
widely used to describe heterogeneous station-selection be-
havior [19]. Queue-aware charging models consider the fact
that users may avoid congested stations even when their
prices are low [20]. Charging-service simulation has also
been used to describe charger occupancy, service delay,
and queue carryover between adjacent time intervals [21].
Behavioral charging models improve the realism of demand
characterization and help explain why users may migrate
from one station to another under price and queue signals.

However, most service-oriented pricing studies still focus
mainly on charging operators or users. The feeder-side
electrical constraints are often simplified, treated implicitly,
or evaluated only after the charging strategy has been
obtained. Some studies use aggregate EV load profiles to
represent the effect of charging demand on the grid [22],
[23], while others focus on price response without explicitly
checking voltage feasibility at the distribution-network level
[9], [18]. In such formulations, a price vector that reduces
waiting time or increases operator profit may still move
charging demand toward buses with limited voltage margin.
Therefore, service-oriented charging strategies can improve
operational efficiency, but their electrical feasibility under
high charging penetration is not always guaranteed.

Distribution-network operation has been studied from a
different perspective. Optimal power flow has been widely
used to determine secure and economic operating points in
active distribution networks [24]. Volt/Var optimization pro-
vides an effective way to regulate voltage profiles through
reactive-power resources [25], [26]. For radial distribution
systems, branch-flow formulations and second-order-cone
programming relaxations have been developed to improve
computational tractability while preserving the main struc-
ture of distribution power flow [27], [28]. SOCP-based
feeder models are especially useful for rolling operation
because feeder constraints need to be evaluated repeatedly
under changing load and generation conditions. Grid-side
optimization therefore provides the physical basis for secure
operation.

Distributed inverter-based resources provide another im-
portant means for improving feeder security. Photovoltaic
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inverters can provide reactive power support when suffi-
cient apparent-power margin is available [29], [30]. Flexible
inverter control and PV-STATCOM operation have been
studied for voltage regulation and hosting-capacity improve-
ment in distribution networks [31]. Local reactive support
can reduce voltage deviation and improve the ability of
feeders to accommodate renewable generation and flexible
loads [32]. In EV charging scenarios, inverter-based voltage
support is particularly valuable because fast-charging sta-
tions may introduce large active-power demand during peak
periods. Physical voltage support is therefore an important
complement to demand-side charging coordination.

Although feeder-side optimization methods are effective
for maintaining voltage security, they usually take the load
profile as an input. EV charging demand is often assumed
to be known before the feeder optimization is solved [33].
Such an assumption is convenient, but it misses an important
feature of charging systems: station-level demand is not
fixed. It is formed by user choices, queue conditions, charger
availability, and price signals. If the feeder model does not
describe how charging loads are formed, it cannot capture
how a change in price may move demand from one station to
another. Feeder-side control can determine whether a given
load pattern is feasible, but it does not explain how that load
pattern emerges from charging-service behavior.

Recent studies have started to combine transportation net-
works and distribution networks to better describe EV charg-
ing demand. Transportation—distribution coupling models
can map travel demand, route choice, and charging-station
locations to electrical loads [34], [35]. Agent-based sim-
ulation has been used to represent individual travel and
charging behaviors [36]. Some studies further include station
accessibility, detour time, and charging demand uncertainty
in coupled traffic-power models [37]. Queue dynamics
and waiting-time estimation have also been introduced to
improve the realism of charging-load allocation. Existing
transportation—distribution studies show that traffic-side in-
formation is important for understanding where and when
EV charging loads appear.

Nevertheless, many transportation—distribution coupling
models remain mostly one-directional. User trips and station
choices are mapped to charging loads, and the loads are
then imposed on the distribution network. Some studies
consider traffic assignment and power-flow evaluation in the
same framework [38], [39], while others combine station
planning with distribution-network constraints [40], [41].
However, the feedback from feeder security to charging-
service operation is still less developed. In particular, the
closed-loop process from charging price to user response,
from user response to load migration, and from load migra-
tion to voltage feasibility is not fully characterized. Such a
process is central to high-penetration EV charging operation
because price-guided load migration is useful only when the
resulting feeder operating point remains secure.

The missing feedback between price-induced charging
migration and feeder security motivates a coordinated for-
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mulation in which charging prices are not optimized only for
service-side performance, and feeder operation is not evalu-
ated with fixed EV charging profiles. In such a formulation,
the charging-load pattern produced by user response should
be tested against the voltage-feasible region of the feeder.
At the same time, the role of pricing should be distinguished
from that of physical voltage support. Pricing reshapes the
spatial distribution of charging demand, whereas reactive
support provides the electrical capability required to accom-
modate the resulting load pattern. A coordinated framework
is therefore needed to connect user response, queue evolu-
tion, charging-load migration, and feeder-security evaluation
within a rolling operation process.

This paper develops a coordinated rolling optimization
framework for EV charging prices and distributed reac-
tive support in a high-penetration source—load distribution
network. The model connects utility-based station choice,
queue-aware charging-service simulation, and SOCP-based
feeder-security evaluation with station-oriented photovoltaic
inverter reactive support. Charging payment, travel time,
charging duration, and anticipated waiting time determine
user station-choice probabilities, while charger availability is
updated across rolling intervals to capture queue carryover.
The resulting station-level charging demand is mapped to
the feeder and tested against voltage-security constraints.
In this formulation, inverter reactive support is not treated
as a new device-level control method. It is used as the
physical mechanism that restores the voltage-feasible op-
erating region under stressed charging conditions. Dynamic
pricing then reshapes charging demand within that recovered
region to improve service quality and operator benefit. By
distinguishing behavioral demand shaping from physical
voltage support, the proposed model evaluates whether a
price-induced charging-load pattern is profitable, service-
efficient, and electrically secure.

The main contributions of this paper are summarized as
follows.

1) A closed-loop source-load coordination framework is
developed for high-penetration EV charging operation.
Unlike conventional pricing models that evaluate feeder
constraints after load allocation, the proposed framework
connects station-wise price decisions, user response,
charging-load migration, and feeder voltage feasibility
within a rolling optimization process.

2) An endogenous station-load formation model is estab-
lished by integrating utility-based station choice and
queue-aware charging-service simulation. In this model,
station-level charging demand is determined by charging
payment, travel burden, charging duration, expected
waiting time, and charger-state carryover, rather than
being prescribed as a fixed exogenous load.

3) A feeder-security evaluation model based on second-
order-cone branch-flow optimization is incorporated into
the pricing decision process. The model uses distributed
photovoltaic inverter reactive support to characterize the
voltage-feasible operating region and penalizes price-
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induced load patterns that violate the 0.95-1.05 p.u.
voltage-security requirement.

4) The different roles of dynamic pricing and distributed
reactive support are explicitly distinguished. Reactive
support is used to restore the physical voltage-feasible
region under stressed charging conditions, while dy-
namic pricing reshapes charging demand within the
recovered secure region to improve service quality,
operator profit, and feeder-side performance.

The remainder of this paper is organized as follows.
Section II presents the coupled transportation—charging—
feeder structure. Section III formulates the user-behavior and
queue-aware charging-service model. Section IV introduces
the distribution-network operation model with distributed
reactive support. Section V describes the coordinated op-
timization problem and rolling solution procedure. Section
VI reports the case-study results and comparative analysis.
Section VII concludes the paper.

Il. SOURCE-LOAD COUPLING IN HIGH-PENETRATION
DISTRIBUTION NETWORKS

This section presents the source—load coupling structure
of the studied system. In a distribution network with high
EV charging penetration and distributed PV resources, the
charging demand is not a fixed passive load. It is af-
fected by user mobility, station accessibility, station-wise
prices, queue conditions, and feeder-side security con-
straints. Therefore, the transportation network, charging-
service process, and distribution feeder are modeled as a
coupled operating system.

A. COUPLED TRANSPORTATION-CHARGING-FEEDER
STRUCTURE

The studied system contains three interacting subsystems:
a transportation network, a charging-service system, and
a radial distribution feeder. The transportation network is

represented by
Gtr — (NtT7AtT) (1)

where N' is the set of traffic nodes and A*" is the set of
road links. The charging-service system contains a set of
charging stations.

S={1,2,...,Ns} 2)
The distribution feeder is denoted by
GI" = (NI EI") 3)

where N97 is the set of feeder buses and E9" is the set
of radial branches. Each charging station s € S is mapped
to a feeder bus n(s) € N9". The mapping relationship is
described by

A""“”—{l’ nE =0 N ses @)

7200, n(s) # 4,
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The EV charging load injected into bus j is then

D S ®
ses
where pij is the charging load at station s during hour t.
This equation is the physical interface between the charging-
service layer and the feeder-operation layer. It shows how
station-level charging demand is converted into bus-level
electrical load.

Although the mapping is deterministic, the station load is
endogenous. It is determined by the charging-price vector,
user accessibility, expected waiting time, and charger avail-
ability. Therefore, the feeder does not receive a fixed EV
load profile. Instead, it receives the result of a behavioral
and service-side allocation process.

The total active demand at bus j is

Py =05+l (6)

where pb‘”e is the baseline active load. In this study,
EV chargmg is represented as active-power demand, while
reactive-power regulation is provided by distributed PV
inverters in the feeder layer.

B. SOURCE-LOAD INTERACTION AND FEEDER
FEEDBACK

At each hour £, the operator publishes a station-wise charg-
ing price vector

Nt T (7)

The price vector affects users’ perceived charging utilities
and station-choice probabilities. The selected stations then
determine station-level charging loads, which are further
mapped to feeder buses. The source—load interaction can
be expressed as

Ty = [Trl,ta T2 tynns

™ = Pr(u—s|t) _>pst _>P]t = {Vie, L, Q o
(8)
This chain indicates that the charging price does not regulate
feeder voltage directly. Instead, it reshapes user-side station
selection and changes the spatial distribution of charging
demand. The resulting bus-level load is then evaluated by
the feeder-side operation model. Therefore, dynamic pricing
is a demand-shaping tool, while distributed reactive support
is the physical voltage-support resource.
The coupled process can be written compactly as

{Vie, L%, Q0 } = HIG(my, Q)] 9)

where G(-) denotes the user-response and charging-service
process, H(-) denotes the feeder-side SOCP operation
model, and €); is the system state. This equation also
clarifies the division of functions between the two control
layers. The upper layer changes the spatial distribution of
charging demand by adjusting station prices, while the lower
layer determines whether the resulting load distribution
can be supported by the feeder. If the lower-layer OPF
is infeasible, the corresponding price vector is not a valid

10888

operating decision, even if it improves waiting time or
operator profit. Therefore, feeder feasibility acts as a hard
boundary for the charging-price search.

The electrically admissible price set is defined as

;% = {m, | 35, 0.95 < V;, < 1.05, Vi e N9} (10)

where =; is the set of feeder-side decision variables. A price
vector outside TI;*/“ is not acceptable because it leads to
an infeasible or voltage-insecure feeder operating point.

C. ROLLING STATE TRANSITION
The coordinated operation is performed on an hourly rolling
horizon. The system state at hour ¢ is defined as

Q = {SOCu 4, 10Cu 1, bs ot P50, PR (1)

where SOC,, ; and loc,, ; describe the mobility state of EV
user u; bs 1 ¢ s the next available time of charger k at station
s; phase and q5%°¢ are baseline feeder loads, and P’ is the
PV active output.

The station charging load depends on both the current
price and the inherited service state

pEY = Gy(my, ) (12)

After user response, queue update, and feeder evaluation,
the system state evolves as

Qt+1 = F(Qt,ﬂ't,Dt) (13)

where D, denotes the exogenous information during hour
t, including trip arrivals, baseline load, and PV output.
The rolling state transition is essential because charging-
service states are path-dependent. A station that is heavily
selected in the current hour may leave several chargers
occupied in the next hour, even if the next-hour price
becomes less attractive. As a result, the effect of a price
decision is not limited to the current period. It can propagate
through queue carryover and change both service quality
and feeder stress in later intervals. The rolling source—load
coordination process is illustrated in Figure 1.

lll. USER BEHAVIOR AND CHARGING-SERVICE MODEL
This section formulates how EV users select charging sta-
tions and how station-level charging loads are formed. The
proposed model includes charging-candidate identification,
utility-based station choice, and queue-aware service up-
date. These components are required because EV charging
demand depends on both behavioral response and station
service states.

The purpose of the user-behavior model is not to predict
every individual decision exactly, but to generate a realistic
station-level charging allocation under price and queue sig-
nals. This is sufficient for the coordinated operation problem
because the feeder is affected by aggregate station loads
rather than by the identity of individual users. The model
therefore focuses on the probability of station selection, the
resulting queue state, and the charging load formed at each
station.
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Queue evolution and charger carryover
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Distribution feeder layer
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SOCP feeder OPF
PV inverter reactive support
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Source-load coupling chain

Price vector Station choice Station load Bus load Network state
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: . =
Rt S it e Feeder—security feedback _______________________ :
Rolling state transition
Q, User response Station-load SOCP security Q44
Current state and queue update formation evaluation Next state
: | : : >
t-1 t t+1 eee 24 h

FIGURE 1. Rolling source—load coordination and state-transition process over the daily operation horizon.

A. CHARGING CANDIDATE AND FEASIBLE STATION
SET

For user u, the charging decision is evaluated after the
completion of a trip. The user becomes a charging candidate
if the arrival SOC is lower than the charging threshold:

SOCYT < SOC™ (14)

u,t

For a candidate user, the required charging energy at station
s is

E" , = E™T[SOC™" — SOCT T (15)

where E™%® is the battery capacity, SOC®" is the target
SOC, and [z]" = max(x,0).
The corresponding charging duration is

Ezhs t
st = o (16)

where P¢" is the charging power of station s.

Not every station is feasible for every user. A feasible
station must satisfy reachability and dwell-time constraints.
Therefore, the feasible station set is defined as

tr
arr u,s,t min
S’I{etas = se S 50 w,t Emaz 2 soc ’
’ dwell tr ch est
Tu,t Z Tu,s,t + Tu,s,t + Wu,s,t

The first condition ensures that the user can physically reach
the station, while the second condition ensures that the user
can finish charging before the next trip. This feasibility filter
prevents unrealistic charging assignments.

The feasible station set plays a screening role before
the utility comparison is made. Without this screening,
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the model may assign users to stations that are attractive
in price but infeasible in mobility. By combining SOC
reachability and dwell-time constraints, the model ensures
that the station-choice process remains consistent with the
travel requirements of EV users.

B. GENERALIZED UTILITY AND PROBABILISTIC
STATION CHOICE

For each feasible station, the user compares dimensionless
charging burdens rather than directly mixing variables with

different physical units. The normalized burden terms are
defined as

tr
é o Cu,s,t Str _ Tu,sgt
u,s,t = Cref ? u,s,t T Tref ? 18
ch est ( )
Tich st Tirest _ lu,st
u,st T ref ? u,s,t Wref

where C7¢f, TreS r7ef and W"eS are positive reference
quantities used to non-dimensionalize charging payment,
travel time, charging duration, and expected waiting time,
respectively.

The dimensionless generalized charging utility is then
written as

Uu,s,t = - (apau,s,t + a,,_fiig7t + aej—\‘zi,}g,t + awwji:,t)
19)
Therefore, a higher charging payment, longer detour time,
longer charging duration, or larger expected waiting burden
decreases the perceived attractiveness of a charging station.
The charging payment is
Ech

u,s,t

Ou,s,t = Ts,t (20)
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The expected waiting time is estimated according to the
current charger availability:
+

+ 75v¢ (21)

est __ .
Weo, = | min bg gy — Qu,st
s keK,

where a,, s ¢ is the arrival time of user u at station s; by j ¢ is
the next available time of charger k; 7°V¢ is a fixed service
buffer.

The normalized representation in (19) is fully equivalent
to the signed linear form used in the implementation. The
coefficient correspondence is

__ W _ 4
Bp - C’Tef7 ﬁ‘r - Tref I
e Gy (22)
ﬁe:—TTTfa 5w:_7ﬂrmf

Therefore, the dimensionless utility model preserves the
same behavioral logic as the simulation code while avoiding
direct mixing of quantities with different units.

The station-choice probability is modeled using a logit
rule:

eXp(Uu,sJ)

Pr(u—s|t)= , sesies
( ?) Zresﬁas exp(Uy,rt) it
(23)
The probabilities satisfy
Y Pru—s|t)=1 (24)

seste

The logit formulation allows users with the same feasible
station set to make different choices. This avoids the un-
realistic outcome that all users select the same seemingly
cheapest station. In addition, the utility includes expected
waiting time, so congestion can reduce station attractiveness
even when the charging price is relatively low. This feature
is necessary for capturing the interaction between price
guidance and queue pressure.

C. QUEUE-AWARE SERVICE UPDATE AND LOAD
FORMATION

After a station is selected, the user is assigned to the earliest
available charger:

k* = arg min b, 1 ¢+ (25)
kEK,
The actual charging start time is
z74\u,s,t = max(au,s,ta bs,k*,t) (26)
The realized waiting time is
cal _ -~ sve
Wit = Qust = Guse +7°%° @27)
The charger release time is updated as

B = A+ T+ 8)

The queue update converts user arrivals into charger
occupancy states. This process is important because waiting
time is not prescribed externally. It is generated by the inter-
action between user arrivals and finite charging resources.
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Therefore, the model can capture both immediate congestion
and delayed congestion caused by charging sessions that
extend into later periods.

If b3%Y + > t + At, the occupied charger state is carried
into the next hour. This queue carryover creates temporal
coupling between adjacent operating intervals.

Let z, s+ denote the realized station-selection variable:

1, user u selects station s,
Loy,s,t = . (29)
0, otherwise
Then the station-level charging energy is
EZ = ) wuseBil, (30)

ueUgh

The corresponding station-level charging load is

EV
pEY = Eg; 31)
The average waiting time is
real
W, = Zuell;};v;z/ut 32)
The station-load peak—valley disparity is
A} = maxp() —minp.7y 33)
The operator profit is
0, =Y e BEY — " " EEY (34)

seS seS

These service-side indicators are later used to evaluate
different price strategies. Average waiting time reflects user
convenience, station-load disparity reflects spatial concen-
tration of charging demand, and operator profit reflects the
economic viability of the pricing decision. Together, they
describe whether a price vector improves charging-service
operation before the feeder-side security check is consid-
ered. The complete user-choice and queue-aware service
process is shown in Figure 2.

IV. DISTRIBUTION-NETWORK OPERATION MODEL

This section formulates the feeder-side secure-operation
model. The station-level EV load is mapped to feeder buses,
and the lower layer determines whether voltage security can
be maintained with distributed PV inverter reactive support.
The model is based on the branch-flow formulation and
SOCEP relaxation for radial distribution networks.

The feeder-side model is introduced to ensure that the
charging-load distribution produced by the upper layer is
electrically feasible. In the studied high-penetration setting,
voltage security cannot be guaranteed by price guidance
alone. Local reactive support from distributed PV inverters
is therefore embedded into the OPF model to recover the
secure operating region under stressed charging conditions.
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FIGURE 2. Utility-based station choice and queue-aware charging-service process for EV users.

A. NET LOAD AND PV INVERTER REACTIVE SUPPORT
The bus-level EV charging load is obtained as

pi =) ATpEY (35)
seS

The net active load at bus j is

t b EV
P = - Y PR (6
meM:m=j
The net reactive load is
b
G =4y - ot (37
meM:m=j

where M is the set of PV inverter support buses; P? vt is the
active PV output; Q% is the inverter reactive output. The
active PV output is treated as an exogenous profile, while
the reactive output is optimized for voltage support.

The inverter apparent-power constraint is

(Prod)® + (@) < (S)2,

The feasible reactive-power range is
Yo
- (P 7n,t)2

_\/ e (39)

The inverter capability constraint links active PV output and
available reactive support. When active PV generation is
high, less inverter capacity remains for reactive regulation.
When active PV generation is low, more capacity can be
used for reactive support. This relationship is particularly
relevant in evening charging periods, when EV demand
remains high but PV active output may decrease.

meM  (38)

— (PRI)2 < @iy < (St
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B. SOCP BRANCH-FLOW FORMULATION
For branch (4, j) € E97, the active and reactive branch-flow
equations are

Pje= Y Pimetp) +riliye  (40)

m:(j,m)EEI"
Qijt = Z Qjm,t + q;'lft + 2ijlijt 41
m:(j,m)eEIT
The squared-voltage equation is
—2(rij Pija + 245Quja) + (v} + 23)liju (42)
The original nonlinear current-power relation is
z] ¢ T Q’Lj t— 'Ui,tgij,t (43)

To obtain a convex lower-layer problem, this relation is
relaxed as

Vit = Vit

2Qij ¢ < liji+ vig (44)
lije —vit] ||y
The branch-current limit is
0</lij < Tizj (45)

The SOCP relaxation keeps the branch-flow structure while
making the lower-layer problem computationally tractable.
This is important for the rolling framework because the
feeder model must be solved repeatedly for different price
candidates. The objective is not to develop a new power-
flow relaxation method, but to provide a reliable and effi-
cient feeder-security check within the coordinated operation
model.
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C. VOLTAGE SECURITY AND FEEDER-SIDE
EVALUATION

The feeder voltage must remain within the secure operating
range:

095 <V,; <1.05, Vie NI (46)

In squared-voltage form, this becomes

0.95% < v;;, < 1.05° 47)
The feeder loss is
L= > rijli (48)
(i,5)eE9"

The voltage-deviation severity is

V;dev — Z (‘/i,t _ 1)2 (49)

i€ENIT

The lower-layer OPF is formulated as

min oL + a, VI +ag Y (Q5)7 (50)
- meM
Subject to the net-load equations, branch-flow equa-
tions, SOCP constraints, inverter-capability constraints, and
voltage-security constraints.
The lower-layer decision-variable set is

Bt = {Pyjt, Qijits Lij,ts Vits Qg 1} (51)
The feeder feasibility flag is defined as

1, SOCP OPF is feasible,
Xt = . . (52)
0, SOCP OPF is infeasible

If the OPF is infeasible, the corresponding upper-layer price
candidate is penalized:

JP =T+ M(1— xt) (53)

where M is a large penalty coefficient.

The feasibility penalty prevents the upper layer from
selecting price vectors that perform well in service-side
indicators but violate feeder security. This is the key link
between the behavioral layer and the electrical layer. The
final charging-price decision must therefore satisfy both
service-side objectives and feeder-side voltage constraints.
The distribution-network operation model is shown in Fig-
ure 3.

V. COORDINATED OPTIMIZATION AND SOLUTION
PROCEDURE

This section formulates the coordinated rolling optimization
problem. The upper layer determines station-wise charg-
ing prices, whereas the lower layer evaluates whether the
resulting charging-load pattern can be securely operated
with feeder-side support. The overall problem is simulation-
coupled and nonconvex because user choice and queue
evolution are embedded in the objective, while the lower-
layer feeder problem is convex after SOCP relaxation.
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The coordinated optimization structure is shown in Fig-
ure 4. The upper layer generates station-wise price candi-
dates, while the lower layer evaluates whether the resulting
charging-load pattern can be securely operated with PV
inverter reactive support.

A. UPPER-LAYER DYNAMIC PRICING MODEL
The upper layer minimizes a normalized objective function
that combines service-side, economic, and feeder-side per-
formance indicators. The objective is written as

min J; = wy Wi — wll; + wAﬁf”
e R R (54)
+ wLLiOSS + wvv;dev + M(l _ Xt)

where wyy, wr, wa, wr, and wy are the weights assigned
to the expected waiting burden, operator profit, station-load
peak—valley disparity, feeder loss, and voltage-deviation
severity, respectively. The term M (1 — x;) is a feasibility-
penalty term, where M is a sufficiently large positive
coefficient. When the lower-layer OPF is feasible, x; = 1,
and the penalty term is inactive. When the lower-layer OPF
is infeasible, x; = 0, and the candidate price vector is
strongly penalized.
The normalized performance indicators are given by

e Wt 7 Ht N A]tjv
Wo= e W= qpep 80 % Areg

Eloss — Lioss {rdev _ ‘/tdev
t Lre f’ t Vre f
The profit term is assigned a negative sign because the
problem is formulated as a minimization problem, whereas a
higher operator profit is desirable. The waiting-burden term
reflects service quality from the user side. The station-load
disparity term discourages excessive concentration of charg-
ing demand at a small number of stations. The feeder-loss
and voltage-deviation terms encourage price-induced load
distributions that are more favorable to feeder operation.
The station-wise price bounds are imposed as

ses 57

(55)

(56)

min max
ﬂ-s S ﬂ's,t S ﬂ-s )

When tariff smoothness between adjacent rolling intervals
is required, the following ramping constraint can be added:

|Ts,t — Tsp—1] < Am*e® (58)

This ramping constraint is optional and can be removed
when the focus is on hourly operational feasibility and
performance rather than on tariff continuity.

B. LOWER-LAYER FEEDER-SECURITY EVALUATION

For each candidate price vector generated by the upper
layer, the lower layer evaluates whether the corresponding
charging-load pattern can be operated securely in the distri-
bution network. The lower layer receives the bus-level EV
charging loads after station-to-bus mapping, together with
the baseline load and PV active output. It then solves the
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FIGURE 3. Distribution-network operation model with mapped EV charging loads and PV inverter reactive support.
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FIGURE 4. Two-layer coordinated optimization structure linking dynamic charging-price decisions and feeder-secure operation.

SOCP-based feeder OPF with PV inverter reactive-power
support.

The lower layer serves two functions. First, it determines
the feasibility of the price-induced charging-load pattern
under the strict voltage-security requirement. Second, when
the operating point is feasible, it provides feeder-side per-
formance indicators, including feeder loss, voltage-deviation

VOL. 15, NO. 3, AUGUST 2026

severity, and reactive-power dispatch. These indicators are
returned to the upper layer and incorporated into the objec-
tive function.

This design avoids the weakness of an ex-post feasibility
check. If feeder constraints were evaluated only after the
pricing decision was obtained, the optimized price might
shift charging demand toward electrically weak buses and
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cause voltage violations. In the proposed procedure, infea-
sible load patterns are identified during the search process.
Therefore, the final selected price vector is shaped by both
charging-service performance and feeder-security admissi-
bility.

The penalized objective value used for candidate compar-
ison can be written as

JP =T+ M(1— xt) (59)

where J;, is the normalized objective value before the
feasibility penalty is applied. A feasible candidate satisfies
Xt = 1, so that J’“" = J;. An infeasible candidate satisfies
x¢+ = 0, and its objective value is increased by M. This
penalty mechanism allows the derivative-free upper-layer
search to treat feeder infeasibility as part of the candidate
evaluation.

C. ROLLING SOLUTION PROCEDURE

The proposed rolling procedure is summarized in Algorithm
1. The algorithm is executed sequentially over the daily
operating horizon. At each hour, the current system state
is observed, candidate price vectors are generated, and
each candidate is evaluated through the coupled service-
grid model. The selected price is then implemented, and
the system state is updated for the next rolling interval.

VI. CASE STUDY

The test system consists of a 29-node transportation net-
work, 11 charging stations, and an IEEE 33-bus radial
distribution feeder, as shown in Figure 5. The transportation-
side dataset contains 25,527 trip records. EV battery ca-
pacity is set to 60 kWh, and the target SOC is set to
0.9. The behavioral coefficients used in the station-choice
model are 3, = —-1.2, 3, = —0.7, 8. = —0.2, and
Bw = —0.5. These coefficients describe the relative effects
of charging payment, travel time, charging duration, and
expected waiting burden on station-selection utility.

The distribution feeder is constrained by the voltage-
security range of 0.95-1.05 p.u. Six PV units are connected
at buses 18, 22, 24, 29, 30, and 32. The rated active power
of each PV unit is 1500 kW, and the inverter rating is
2250 kVA. The inverter reactive-power capability is used as
the distributed voltage-support resource. Night-time reactive
support is enabled in the studied setting. The main system
parameters are summarized in Table 1.

A. FEASIBILITY RESTORATION BY DISTRIBUTED
REACTIVE SUPPORT

To distinguish the roles of charging pricing and reactive
support, four benchmark cases are constructed. The first
two cases do not include reactive support, while the last
two cases include PV inverter reactive-power dispatch. This
design allows the feasibility-restoration role of reactive sup-
port and the performance-improvement role of coordinated
pricing to be evaluated separately.
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C1 uses fixed charging prices without reactive support. C2
uses optimized station-wise charging prices without reactive
support. C3 uses fixed charging prices with PV inverter
reactive support. C4 uses optimized station-wise charging
prices with PV inverter reactive support. The four-case
comparison shows that both no-support cases are infeasible
in the representative evening hours under the 0.95-1.05 p.u.
voltage constraint. This result is important because it shows
that pricing alone cannot guarantee feeder security in the
studied high-penetration scenario. Although optimized pric-
ing can reshape the spatial allocation of charging demand,
the feeder still lacks sufficient voltage-support capability
when no reactive resource is available.

By contrast, both support cases obtain feasible solutions
in the representative evening hours. This indicates that
distributed PV inverter reactive support restores the voltage-
feasible operating region. Therefore, the primary function
of reactive support is feasibility restoration rather than
service optimization. Dynamic pricing can improve service
and economic performance only after the physical voltage-
security boundary has been recovered.

To further compare the two feasible support cases, the
voltage profiles under fixed pricing with support and coor-
dinated pricing with support are shown separately. The two
supported cases both satisfy the voltage-security require-
ment, but coordinated pricing modifies the load distribution
and slightly changes the voltage profile within the feasible
operating region.

B. COORDINATED PRICING PERFORMANCE WITHIN
THE FEASIBLE REGION

After feeder feasibility is restored by reactive support, co-
ordinated pricing further improves operational performance.
Relative to fixed pricing with support, the proposed coor-
dinated strategy increases operator profit and reduces the
average expected waiting burden in all three representative
evening hours. The aggregate variations of charging load,
expected waiting burden, minimum voltage, and profit are
shown in Figure 8.

The representative-hour numerical comparison is given in
Table II. At 17:00, the charging load increases by 6.79%,
the average expected waiting burden decreases by 19.91%,
feeder loss decreases by 21.75%, and operator profit in-
creases by 41.36%. At 18:00, the charging load increases
by 0.86%, the waiting burden decreases by 34.62%, feeder
loss decreases by 37.40%, and operator profit increases by
37.90%. At 19:00, the charging load decreases by 2.26%, the
waiting burden decreases by 23.18%, feeder loss decreases
by 12.23%, and operator profit increases by 35.93%.

These results show that coordinated pricing does not
simply increase or decrease total charging demand. Instead,
it reallocates charging demand across stations in a way
that improves service efficiency and operator-side benefit
while preserving feeder feasibility. The minimum voltage
remains within the admissible range, which indicates that
the performance improvement is achieved inside the restored
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Algorithm 1 Rolling coordinated pricing and reactive-support optimization
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Initialize EV mobility states, SOC states, charger-availability states, and feeder states.

for each operating hour t =1,...,7T do

Observe the current system state {2, including EV states, charger states, baseline load, and PV output.
Generate candidate station-wise price vectors within the admissible price bounds.

for each candidate price vector 7 do

Identify charging candidates according to the SOC threshold.

Construct the feasible station set for each charging candidate based on reachability and dwell-time constraints.
Calculate the generalized utility of each feasible station.

Determine station-choice probabilities using the logit model.

: Simulate station selection, charger assignment, queue evolution, and charger-state carryover.
: Aggregate station-level charging energy and calculate station-level charging loads.

: Map station-level charging loads to the corresponding feeder buses.

: Solve the SOCP-based feeder OPF with PV inverter reactive support.

:if the SOCP OPF is feasible then

:Set x¢ = 1, and record feeder loss, voltage-deviation severity, and reactive-power dispatch.
: Calculate the normalized objective value of the candidate.

:else

: Set x; = 0, and add the infeasibility penalty to the candidate objective value.

rend if

:end for

: Select the candidate price vector with the minimum penalized objective value.

: Implement the selected price vector and the corresponding reactive-support dispatch.

: Update the charging-service state and obtain 2 1.

:end for

TABLE 1. System configuration of the case study

Parameter Value
Road network nodes 29
Charging stations 11

Trip records 25,527
Distribution nodes 33
Branch count 32
Battery capacity 60kWh
Target SOC 0.9
Equivalent implementation coefficient 3 -1.2
Equivalent implementation coefficient B¢ -0.7
Equivalent implementation coefficient (3¢ -0.2
Equivalent implementation coefficient S, -0.5
Voltage safety range 0.95-1.05 p.u.
PV buses 18, 22, 24, 29, 30, 32
PV rated power per bus 1500 kW
Inverter rating per bus 2250 kVA
Night-time reactive support Enabled

TABLE 2. Representative-hour comparison relative to fixed pricing with support

Hour  Users Load chg. (%)  Waiting-burden chg. (%) Loss chg. (%)  Profit chg. (%)

17:00 235 6.79 -19.91 -21.75 41.36
18:00 264 0.86 -34.62 -37.40 37.90
19:00 243 -2.26 -23.18 -12.23 35.93

secure operating region rather than at the expense of voltage C. STATION-LEVEL PRICE DIFFERENTIATION AND
security. LOAD MIGRATION

The station-level results reveal how dynamic pricing re-
shapes charging-load allocation. The optimized prices differ
across stations and hours, which indicates that the proposed
method does not perform uniform tariff adjustment. Instead,
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FIGURE 7. Voltage profile at 18:00 under fixed pricing with support and

FIGURE 6. Voltage profile at 18:00 under four pricing-support cases. coordinated pricing with support.

it uses station-wise price differentiation to change the rela- fixed pricing, while negative values indicate that part of the
tive attractiveness of charging stations. demand is shifted away from the station.

. T},le corresp On(,h,ng statlon-hoqr load changes. are sh9wn The station-level numerical results are listed in Table III.
in Figure 10. Positive values indicate that a station receives These results show that the induced load migration is

more charging demand under coordinated pricing than under
VOL. 15, NO. 3, AUGUST 2026
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FIGURE 8. Aggregate performance comparison under fixed and coordinated pricing with reactive support.
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FIGURE 9. Station-wise optimized charging prices for the representative
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FIGURE 10. Station-hour charging-load changes under optimized pricing
relative to fixed pricing.

not determined by price alone. Instead, users respond to
the generalized burden that combines charging payment,

VOL. 15, NO. 3, AUGUST 2026

travel time, charging duration, and expected waiting time.
For example, at 17:00, the price of S10 increases from
2.00 CNY/kWh to 2.11 CNY/kWh, while its charging load
increases from 206.08 kWh to 420.54 kWh. This result does
not contradict the price-response logic, because the station-
choice model is not based only on charging payment. If a
station provides a lower expected waiting burden or better
service accessibility, users may still select it even when the
price is higher.

At the same hour, the charging load of S11 decreases
from 369.94 kWh to 96.19 kWh, and its waiting burden de-
creases from 19.37 min to 5.00 min. This indicates that the
coordinated strategy relieves local congestion by redirecting
part of the demand away from overloaded service points.
At 18:00 and 19:00, additional charging demand is shifted
to S2 and S11. These station-level changes demonstrate
that the proposed method performs spatial load migration
rather than uniform price adjustment. The optimized price
vector modifies the relative attractiveness of stations, while
queue dynamics determine how the service burden evolves
after users are reassigned. Therefore, the observed load
redistribution is a joint outcome of price differentiation,
waiting-time anticipation, and charger-state carryover.

D. ABLATION STUDY AND ALTERNATIVE STRATEGY
COMPARISON

The ablation and alternative-strategy comparison is used to
verify whether the proposed method provides a balanced op-
erational compromise. Several simplified strategies improve
one metric more strongly than the proposed method, but they
often degrade other indicators. The results are summarized
in Table IV. For example, queue-only pricing can reduce
waiting burden significantly, but it increases feeder loss
and worsens the station-load peak—valley gap. Without grid
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TABLE 3. Representative station-level mechanism under coordinated pricing

Hour Station (bus) Price base Price optimized Load base (kWh) Load optimized (kWh) Waiting base (min) Waiting optimized (min)
17:00 S10(32) 2.00 2.11 206.08 420.54 5.00 5.00
17:00 S11(12) 150 1.76 369.94 96.19 19.37 5.00
18:00 S2(22) 120 1.84 0.00 82.78 45.54 5.62
18:00 S11(12) 150 1.77 181.43 465.26 20.18 5.93
19:00 S2(22) 1.20 1.94 0.00 185.18 44.13 18.25
19:00 S11(12) 150 1.96 74.86 534.19 22.15 11.48
151 gWo Therefore, the proposed method should not be described as
uniformly beneficial to all stakeholders. A more appropriate
= - interpretation is that coordinated pricing improves system-
X @ . . . . .
P level operation while introducing measurable user-side cost
= S
g changes.
g, o o U The sens1t1v'1ty analy51.s is summarized in Table V 'T'he
5 . tested factors include price upper bound, price-sensitivity
el
8 ] coefficient, waiting-time sensitivity coefficient, charger
number, and grid weight. The sensitivity results show that
— GO . . . . . .
" o roposed wwa |® the main directional conclusions remain consistent under the
@
" p o T p tested parameter variations. Changes in price bounds, price-

Waiting-time change (%)

FIGURE 11. Trade-off between waiting-burden reduction and feeder-loss
variation for alternative pricing strategies.

indicators, the operator profit and waiting-burden reduction
are improved, but feeder loss increases by 14.15% and
the peak—valley gap increases by 20.34%. These results
show that optimizing only service-side indicators can move
charging demand toward electrically unfavorable regions of
the feeder.

The proposed method improves operator profit by
37.74%, reduces average expected waiting burden by
28.18%, decreases feeder loss by 9.03%, narrows the peak—
valley gap by 24.46%, slightly reduces voltage-deviation
severity by 0.52%, and increases served charging energy
by 6.23%. These results indicate that the proposed strategy
does not maximize a single indicator. Instead, it balances
service quality, economic benefit, load distribution, and
feeder operation.

The trade-off between waiting-burden reduction and
feeder-loss variation is shown in Figure 11. Strategies that
focus strongly on waiting-time reduction may lead to less fa-
vorable feeder-side performance. By contrast, the proposed
method achieves a more balanced location in the trade-off
space because feeder indicators are explicitly included in
the objective function.

E. USER-SIDE TRADE-OFF AND SENSITIVITY
ANALYSIS

The coordinated strategy also introduces a user-side trade-
off. The average charging payment increases by 16.58%, the
95th-percentile payment increases by 9.49%, and the aver-
age generalized burden increases by 11.23%. These results
should be reported explicitly because coordinated pricing
improves operator-side and feeder-side indicators partly
by changing user payment and station-selection incentives.
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sensitivity coefficients, waiting-time sensitivity coefficients,
charger numbers, and grid weights affect the numerical
magnitude of the improvements, but the coordinated strat-
egy generally maintains positive effects on profit, waiting
burden, and feeder-side indicators. This suggests that the
proposed framework is not tied to a single parameter setting.

Nevertheless, the sensitivity results also show that the
trade-off among profit, waiting time, feeder loss, and served
energy can shift under different behavioral and infrastructure
assumptions. Therefore, the weighting coefficients and pric-
ing bounds should be calibrated according to the operational
priorities of the charging operator and distribution-network
operator.
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TABLE 4. Alternative-strategy and ablation comparison relative to fixed pricing with support

Profit Waiting-burden  Feeder-loss ~ Peak—valley-gap  Voltage-deviation ~ Served-energy
Strategy change (%) change (%) change (%) change (%) change (%) change (%)
Fixed price 0.00 0.00 0.00 0.00 0.00 0.00
Time-of-use price 10.00 0.83 0.33 0.16 0.22 -1.17
Uniform dynamic price 22.20 -41.36 -0.14 38.20 3.37 31.47
Revenue-oriented heuristic 12.69 -16.53 -0.87 -4.87 -0.72 4.94
Queue-only pricing 11.20 -47.28 7.85 2272 1.83 23.44
Grid-only pricing 37.92 -8.91 -8.71 -7.09 -0.30 4.46
Without queue carryover 14.54 -39.91 -0.39 2.61 -4.04 15.53
Without waiting anticipation 15.92 -15.53 -10.16 -24.02 -1.16 1.51
Without grid indicators 40.73 -47.46 14.15 20.34 -1.26 2427
Proposed method 37.74 -28.18 -9.03 -24.46 -0.52 6.23

TABLE 5. Sensitivity analysis within the audited experiment scope

Profit Waiting-time Feeder-loss. Peak-gap Voltage-deviation Served-energy
Factor Setting change (%) change (%) change (%)  change (%) change (%) change (%)
Price upper bound 1.5x baseline 42.81 -28.49 -5.81 -11.68 -3.60 5.59
Price sensitivity Bp = —0.8 34.84 -37.30 427 -13.11 2.88 11.41
Price sensitivity Bp = —1.2 49.38 -29.77 -7.44 -20.30 0.18 3.59
Price sensitivity Bp = —1.6 26.68 -23.00 -8.97 -17.82 -0.95 215
Waiting-time sensitivity Bw = —0.3 15.92 -22.56 -12.69 -29.39 1.27 -0.18
Waiting-time sensitivity Bw = —0.5 14.88 -31.40 -5.99 -16.91 -3.80 4.50
Waiting-time sensitivity Bw = —0.8 16.95 -34.51 -8.50 -16.47 -2.18 771
Charger number -20% 52.06 -5.62 -9.87 -6.10 -0.95 -3.22
Charger number Baseline 24.57 -21.29 -9.46 -7.09 -1.85 3.36
Charger number +20% 26.94 -33.10 -5.32 -19.46 -3.59 8.48
Grid weight 0.5x 19.32 -28.64 -7.81 -25.63 -0.19 3.74
Grid weight 1.0x 10.95 -15.55 -5.99 -19.52 -1.28 3.96
Grid weight 2.0x 17.65 -19.13 -4.19 -14.52 -2.47 3.77

VIl. CONCLUSION

This paper develops a coordinated rolling optimization
framework for EV charging pricing and distributed photo-
voltaic inverter reactive support in high-penetration source—
load distribution networks. The proposed framework links
utility-based station choice, queue-aware charging-service
simulation, station-to-bus load mapping, and SOCP-based
feeder-security evaluation. Different from conventional for-
mulations that treat EV charging demand as an exogenous
load profile, the proposed model describes station-level
charging demand as an endogenous result of user response,
price signals, charger availability, and queue carryover.

The case studies show that dynamic pricing and dis-
tributed reactive support play different but complementary
roles. Pricing alone cannot recover feeder security un-
der representative evening peak conditions, because price-
guided load migration may still lead to voltage-infeasible
operating points. Distributed photovoltaic inverter reactive
support restores the voltage-feasible operating region un-
der the 0.95-1.05 p.u. security requirement. Within this
recovered secure region, dynamic pricing further reshapes
station-level charging demand to improve service quality
and operator-side benefit. Compared with fixed pricing with
reactive support, the proposed strategy increases full-day
operator profit by 37.74%, reduces average expected waiting
burden by 28.18%, decreases feeder loss by 9.03%, narrows
the station-load peak—valley gap by 24.46%, slightly reduces
voltage-deviation severity by 0.52%, and increases served
charging energy by 6.23%.

The results also reveal an important user-side trade-
off. Although the coordinated strategy improves system-
level operation, it increases average charging payment,
the 95th-percentile payment, and the average generalized
user burden. Therefore, the proposed method should not
be interpreted as a uniformly beneficial pricing rule for
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all stakeholders. A more appropriate interpretation is that
distributed reactive support provides the physical feasibility
margin, while dynamic pricing reallocates charging demand
within this margin to balance operator profit, service effi-
ciency, load distribution, and feeder operation.
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