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Abstract— The widespread adoption of electric vehicles (EVs) is increasing the loading of distribution transformers and accelerating
insulation aging. This paper proposes a centralized charging and discharging strategy that jointly co-optimizes EV operating cost and
the monetized cost of transformer loss-of-life, explicitly linking technical asset degradation to economic decision-making. Unlike prior
centralized EV-scheduling approaches that either constrain temperature or evaluate aging only in post-processing, the proposed framework
embeds an IEEE C57.91-based aging model directly into the optimization objective and converts aging into an equivalent financial
cost.The model further introduces a stakeholder compensation mechanism in which part of the deferred transformer replacement savings is
redistributed to EV owners, allowing an independent aggregator (or the distribution utility) to coordinate EV charging while preserving
consumer economic incentives. The framework considers grid-to-vehicle (G2V), vehicle-to-home (V2H), and vehicle-to-grid (V2G) modes
and is formulated as a mixed-integer nonlinear optimization problem. Simulation results for a residential network with six EVs demonstrate
that centralized coordination can reduce transformer loss-of-life by up to 80% compared with decentralized charging, while increasing
daily EV operating costs by only 4-6%. The remuneration mechanism enables all stakeholders—transformer owner, aggregator, and
consumers—to benefit economically. These findings show that integrating monetized transformer aging into EV scheduling, combined with
explicit profit-sharing, provides a technically effective and financially viable pathway for extending transformer lifespan under growing EV
penetration.
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HST  Winding hottest-spot temperature (°C)

13 Energy consumption per trip segment (kWh)

Cy EV battery capacity (kWh)

C’pag Compensation paid to consumers by aggregator (USD)
FA Aging acceleration factor at time ¢

ky Transformer load ratio at time ¢

ki, k; Positive and negative decomposed load-ratio variables
m Winding exponent in IEEE thermal model

n Oil exponent in IEEE thermal model

Piimit Maximum household connection limit (kW)
P Charging power of EV v at time ¢ (kW)

t,v
piso Discharging power of EV v at time ¢ (kW)
Py%*¢  Base household consumption (kW)
P**®  Maximum charging/discharging power (kW)
R Ratio of load losses to no-load losses
Tmanager Aggregator’s share of total savings
Tsaver lOtal savings from deferred transformer replacement
St,v Travel indicator (1 = in transit, 0 = not traveling)
SOCy4,, State of charge of EV v at time ¢
SOCi™t Required SOC at the end of the day
SOC*** Maximum allowable SOC
SOCT™™ Minimum allowable SOC
t Time index (15-minute intervals)
T Xcost Transformer replacement cost (USD)
T Xrating Transformer rated power (kVA)
v EV index

1. INTRODUCTION

The increasing adoption of EVs has significantly transformed the
energy landscape, introducing new challenges for power distribution
networks [1]. As the penetration level of EVs rises, the demand
for electricity surges, placing considerable stress on distribution
system assets, particularly transformers [2]. The uncontrolled
charging and discharging of EVs can lead to voltage fluctuations,
power losses, and accelerated aging of transformers, ultimately
compromising grid reliability and increasing maintenance costs
[3]. To address these challenges, efficient charging management
strategies are essential to balance energy demand, minimize
transformer degradation, and ensure the sustainable integration of
EVs into the power grid [4, 5]. This study proposes a centralized
charging and discharging management strategy that optimizes
transformer lifespan while maintaining economic benefits for EV
owners. EVs provide environmental benefits but also introduce
operational challenges for distribution networks [6]. EV batteries
can operate in grid-to-vehicle (G2V), vehicle-to-home (V2H), and
vehicle-to-grid (V2G) modes, each influencing power flows and
transformer loading [7]. Global adoption is projected to exceed
145 million EVs by 2030, intensifying the need for coordinated
charging management [8]. Since many EVs connect to residential
feeders within similar time windows, unmanaged charging can
create pronounced load peaks that adversely affect distribution
transformers [9]. Prior studies on transformer thermal behavior
[10, 11] and voltage stability [12, 13] underscore the importance of
smart EV integration and, when necessary, system reinforcement.
Because most EV owners charge primarily at home [14], low-
voltage distribution transformers experience the highest stress,
leading to increased hot-spot temperatures, accelerated insulation
aging, and shortened transformer lifespan [15].

Recent studies, including references [16, 17], have examined the
impact of EVs on distribution transformers. Ref. [18] introduces
a probabilistic perfect to recognize transformers that are most
susceptible to overloading due to EV charging. This study assumes
that a transformer must be supplanted whenever it experiences any
predefined overload, which is not an optimal approach. In Ref. [19],
an correspondent circuit model of the transformer is presented
to analyze the effects of EV integration. The post-processing
techniques employed in [20] are used for analysis but do not
optimize EV charging with the objective of maximizing transformer

lifespan. Other studies, such as those in references [21, 22],
incorporate EV charging behavior into transformer dynamics and
evaluate the resulting reduction in transformer lifespan. Ref. [23]
proposes a charging method based on the heat generated within the
transformer and uses this method to analyze the impact of EVs.
However, this approach relies on predefined thermal thresholds
and requires more detailed analysis for greater effectiveness. In
Ref. [24], a rule-based method is developed to study its effects
on transformer aging. This approach applies predefined charging
and discharging rules for EVs, which are not necessarily optimal.
Additionally, all methodologies in Ref. [25] adopt a decentralized
strategy, where EV owners manage their charging independently,
and their collective consumption is analyzed to assess transformer
aging. Some studies have also explored centralized multi-objective
optimization approaches, incorporating EV integration. These
optimizations consider distribution system losses [26], voltage
constraints [27], and market participation [28]. However, limited
research has focused on the multi-objective optimization of both
transformer degradation and EV operation [29]. Ref. [30] introduces
a centralized control strategy that balances transformer loading
while maintaining service quality for consumers. Since balanced
loading depends on both load demand and ambient temperature,
transformer lifespan is only partially optimized, and the proposed
strategy does not account for energy cost supply for EVs. Ref. [31]
investigates the impact of demand response on transformer lifespan
in secondary distribution networks (medium- and low-voltage)
by optimizing transformer temperature, incorporating thermal
dynamics. However, the optimization objective in [22], which
minimizes the peak hot-spot temperature of the transformer over a
daily cycle, is ineffective, as load shifting can only significantly
affect average peak temperature when ambient temperature
variations are substantial. Ref. [32] introduces a centralized model
based on temperature constraints, considering variations in load
(excluding EVs) to maintain transformer temperature below a set
threshold while accommodating increased load demand. However,
[32] does not account for transformer damage costs or the
profitability of demand response. As a result, the findings in
[32] are suboptimal compared to the multi-objective optimization
approach presented in this study. Prior centralized EV-scheduling
studies typically impose thermal constraints or limit transformer
loading but do not explicitly optimize the monetized loss-of-life,
nor do they incorporate V2H and V2G within a unified economic
model. The proposed framework advances these works by jointly
optimizing transformer aging cost and EV energy procurement
cost and by introducing a cost-sharing mechanism that accounts
for deferred transformer replacement savings.

While several of the aforementioned studies employ IEEE-based
thermal aging formulations to assess transformer degradation
under EV charging, they either rely on rule-based strategies and
post-processing analyses [23, 25], or focus on centralized control
schemes that indirectly manage aging through temperature and
loading constraints without fully internalizing the economic cost
of transformer loss-of-life [30, 32]. Moreover, most existing works
treat EVs primarily in G2V mode and do not simultaneously
consider G2V, V2H, and V2G operation within a unified
optimization framework, nor do they quantify the business case
for an aggregator who coordinates EVs on behalf of both
consumers and the transformer owner. In contrast, the present
study formulates a centralized multi-objective optimization model
that (i) explicitly monetizes transformer aging via the IEEE C57.91-
2011 standard, (ii) jointly optimizes transformer degradation cost
and EV energy procurement cost across G2V, V2H, and V2G
modes, and (iii) embeds these technical results in a cost-benefit
framework that quantifies annualized deferred replacement savings
and allocates them between the transformer owner, the aggregator,
and consumers.

Although numerous studies have proposed centralized charging
strategies for mitigating transformer stress, their objectives and
modeling assumptions differ substantially. Table 1 summarizes
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representative works and highlights the dimensions along which
the present study advances the state of the art. As shown,
most prior efforts either optimize EV operating cost or restrict
transformer loading using thermal limits, but do not simultaneously
monetize transformer loss-of-life and integrate it into an economic
co-optimization framework with consumer incentives.

This study employs the IEEE C57.91-2011 thermal model to
quantify transformer degradation by calculating winding hot-spot
temperature, aging acceleration, and cumulative loss-of-life. Since
minimizing transformer aging requires coordinated EV scheduling,
effective management is only possible when consumers allow a
central entity—either the transformer owner or an independent
aggregator—to control charging and discharging decisions. To this
end, the paper proposes a centralized multi-objective optimization
framework that jointly minimizes transformer loss-of-life and the
total cost of EV energy procurement across G2V, vehicle-to-
home (V2H), and V2G operating modes. Consumers delegate
their charging schedules to the aggregator, which seeks to
reduce energy costs through tariff-based optimization and energy
trading opportunities, while simultaneously mitigating transformer
thermal stress. By extending transformer lifespan, the aggregator
generates measurable financial savings for the transformer owner
and allocates a portion of these savings to consumers as
compensation for reduced arbitrage profit. This mechanism ensures
that all stakeholders obtain economic benefits from centralized EV
coordination. Several previous works have proposed centralized EV-
coordination strategies for mitigating transformer stress. However,
these strategies either (i) evaluate transformer aging only in
post-processing, (ii) impose temperature or loading limits without
monetizing loss-of-life, or (iii) do not incorporate economic
compensation for affected consumers. For example, [25] assesses
transformer aging under decentralized charging but does not
optimize it jointly with EV energy cost. The strategy in
[30] redistributes loading but does not assign an economic
value to aging, and thus cannot quantify deferred-replacement
savings. Similarly, [32] constrains transformer temperature but
does not integrate V2H/V2G operation or any stakeholder-sharing
mechanism. The key contributions of this study are summarized as
follows:

o A centralized optimization framework is developed that
explicitly co-optimizes transformer lifetime reduction
(monetized through an IEEE C57.91-2011-based aging
model) and the EV energy procurement cost, ensuring that
both the transformer owner and consumers can benefit.

o The proposed framework models EVs in G2V, V2H, and
V2G modes and evaluates, under different EV penetration
levels, how a centralized strategy impacts the expected
transformer lifetime compared with decentralized scheduling
and non-smart charging.

e A quantitative cost-benefit analysis is introduced that
compares decentralized and centralized strategies, converts
transformer loss-of-life into annualized deferred replacement
savings, and demonstrates how an aggregator can share these
savings with consumers to construct a viable business case
for centralized EV management.

The remainder of this paper is structured as follows. Section

2 presents the transformer model. Section 3 discusses the
decentralized optimization model, while Section 4 introduces
the proposed centralized multi-objective optimization approach.
Simulation results are provided in Section 5, followed by the
conclusions in Section 6.

2. TRANSFORMER MODEL

The transformer thermal-aging model used in this section follows
the IEEE C57.91-2011 standard, which defines the temperature-rise
equations, hottest-spot formulation, and aging acceleration factor.
Transformer degradation is influenced by thermal loading effects.
The IEEE C57.91 standard introduces a model for estimating

transformer temperatures, aging factors, and lifespan reduction. The
hottest-spot temperature of the transformer winding is estimated
using the following equation [33]:

Q{IST — eg-IST +A9tTO+
()
AOFST wreT

The temperature difference between the transformer oil and the
ambient environment in Eq. (1) is determined as follows:

AGTO = (AGTOU _ AGTO)(1 — e 70 )4
@
AOTG vteT

It should be noted that the oil-to-ambient temperature difference
in Eq. (2) depends on its value in the previous time interval. The
hottest-spot temperature and transformer oil temperature in Eq. (1)
are computed using:

AGHST = (AGFSTU — AGHSTY(1 — e =1 )+
(€)
AOFST vteT

where the difference between the winding hottest-spot
temperature and transformer oil temperature depends on its
previous value. The following equations determine the final
temperature differences of transformer oil with respect to the
ambient and the hottest-spot winding temperature, respectively:

AGTOU —
TO.R ((k¥.R+1\" @
AGrOR (M) wee T
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S
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The load ratio k; is defined as follows:
Tthoad
k‘t = W Vt S T (6)

From Egs. (1)-(5), it is evident that an increase in k: results
in a rise in transformer temperature. The aging acceleration factor
of the transformer at the winding hottest-spot temperature is
determined using:

R =

O]

1500 1500
exp ( 383 05T 1273

)VteT

If the aging acceleration factor exceeds 1, the transformer
experiences accelerated degradation. Using this factor, transformer
lifespan reduction can be estimated according to:

LOL; =
®)

AA

oA vteT

As per the IEEE standard, the minimum value for 3 is 180,000
hours (20.5 years). Based on Egs. (1)-(8), transformer degradation
can be estimated considering loading conditions, temperature, and
operational characteristics [34]. For instance, if a transformer
with the specifications listed in Table 2 operates at 90% loading
for a 15-minute interval, it loses approximately 7.75 minutes
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Table 1. Comparative summary of related work.

78

Study Primary objective Optimization EV modes Stakeholder eco-  Uncertainty
method nomics treatment
[22] Minimize peak hot- Deterministic op- G2V Not considered None
spot temperature timization
[25] Minimize EV charg-  Decentralized G2V Not considered Travel behavior
ing cost; aging optimization modeled stochas-
assessed in  post- tically, optimiza-
processing tion deterministic
[30] Balance transformer  Centralized G2V Not considered None
loading load-balancing
scheme
[31] Extend transformer  Demand- G2V Utility cost con-  Ambient temper-
lifetime via demand response sidered, but no  ature variability
response optimization consumer incen-
tives
[32] Maintain transformer  Centralized con- G2V Not considered None
temperature  below  trol with temper-
limit ature constraint
Other recent EV  Evaluate technical ag-  Simulation-based G2V Not considered Scenario-based
aging studies ing impact
This work (pro- Joint co- Nonlinear G2V, V2G, V2H Explicit profit- Deterministic
posed) optimization centralized sharing among model with
of monetized optimization transformer realistic  travel
transformer aging with owner, scenarios
cost + EV operating compensation consumers,
cost mechanism aggregator

of its insulation lifespan. For clarity, all thermal parameters
appearing in Egs. (1)-(5) including the rated temperature rises
(AQTO T APHST-F) " thermal time constants (719, 7%), loss
ratio (R), and exponents (m,n) are summarized in Table 1 and
referenced explicitly in the text to maintain consistent notation.

Fig. 1 illustrates the impact of varying k: on transformer
lifespan reduction, where the vertical axis is logarithmic. The
aging acceleration factor for specific k; values is also displayed.
As loading increases, the aging factor and transformer lifespan
reduction exhibit exponential growth under high loads.
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Fig. 1. Transformer lifespan reduction as a function of transformer loading
over a 15-minute interval.

3. DECENTRALIZED STRATEGY (CONSUMER
OPTIMIZATION MODEL)

It is assumed that consumers reside in homes joined to the
distribution structure and procure their required electricity under

a variable tariff m:. Consequently, consumers are expected to
minimize their energy costs by optimizing their ingesting based
on m. In principle, consumers are not responsible for the daily
degradation and wear of distribution system equipment, particularly
transformers. The distribution system operator, usually the utility
company, is responsible for installing and maintaining network
infrastructure to supply electricity to consumers.

As previously stated, consumers are not accountable for
transformer degradation and damage. Therefore, their optimization
efforts are focused solely on managing their own equipment.
Consumers can regulate the charging and discharging of their
EVs by implementing an energy management system or a smart
charging system. The management system considers electricity
tariffs, travel schedules, and other factors to ensure energy
procurement at minimal cost. Additionally, it utilizes EV batteries
for energy trading, leading to further cost savings. This approach
typically operates independently of the effectiveness company and
does not require a centralized management entity.

To ensure rigor and reproducibility, the assumptions governing
EV availability, travel patterns, state-of-charge constraints, and
battery operation are detailed below.

1) Travel schedules and availability windows: Travel behavior
is modeled using probability distribution functions of arrival
time, departure time, and trip duration derived from the
National Household Travel Survey (NHTS) dataset, consistent
with prior EV scheduling studies. For each EV v, the binary
parameter o, , equals 1 when the vehicle is at home and
able to charge/discharge, and 0 when the vehicle is away.
These availability windows directly constrain charging and
discharging actions in Egs. (11)-(12).

2) Energy consumption associated with travel: For each trip,
the total expected distance is converted to required energy
using a widely adopted factor of 0.33 kWh/mile. The term
&ust, » in Eq. (10) represents the per-interval energy depletion
associated with the vehicle being in transit. This ensures that
driving-related energy consumption is explicitly accounted
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Table 2. Sample transformer specifications for insulation lifespan assessment.

Parameter —m n R AGFOR  ApHSRR  ,TO  cw  gAd AT
Value 087 0.76 85 57°C 86°C 95 72 234 36

for in the SOC dynamics.

3) Battery state-of-charge (SOC) limits: The SOC bounds
reflect electrochemical safety limitations and manufacturer
guidelines, restricting the usable SOC range to 15%-95% of
nominal battery capacity SoCy"™" = 0.15C,. These limits
avoid deep discharge and overcharging, both of which
accelerate battery degradation and reduce V2G utilization
feasibility.

4) Imitial SOC conditions: Initial SOC values are drawn
uniformly from the interval 15%—-60%, consistent with
empirical observations that EVs typically return home with a
partial charge. This assumption ensures variability in charging
needs and impacts the optimality of decentralized solutions.

5) Charging and discharging power limits: All EVs are assumed
to use a Level-2 charger rated at 3.3 kW, in line with [25].
These values restrict the instantaneous charging/discharging
rates imposed in constraints Egs. (11)-(12).

6) Round-trip battery efficiency: The round-trip energy efficiency
is set to 90%, implying a charging efficiency "9 = 0.95 and
a discharging efficiency 79 = 0.91, resulting in an effective
0.90 round-trip factor. This aligns with values commonly
used in V2G/V2H studies.

7) Daily SOC restoration requirement: Constraint Eq. (14)
ensures that each EV completes the daily cycle with its
initial SOC, eliminating inter-day dependence and making
daily scheduling fully comparable across centralized and
decentralized scenarios.

The dispassionate of the consumer optimization model is to
minimize energy procurement costs, and its objective function is
defined in Eq. (9), subject to constraints Eqgs. (10) through (15)
[35].

min ALY, e Do ey T

ch d. ds (9)
(pt,vg - nvsg~pt,vg)
50Ct,» = SOCt—1,5 + nﬁhgpiﬁ,gAt—
o (10)
gvm vVt € 717 veV
0 <pily < o
(11)
P YteTveV
dgg
0<piy <aie.
(12)
P NteT,veV
50" < socy, < soc®™ VteT,veV (13)
S0Ct=|T|,0 = soc™t vy, eV (14)
_ plimit < Ptbase +p§,h{;g _p;i!svg < plimit (15)

The above assumptions define the feasible operating region
of each EV and directly influence the decentralized optimization
structure. Travel behavior determines when vehicles can participate
in charging/discharging; SOC limits determine the range of feasible
energy exchange with the grid; and efficiency parameters determine
the economic value of arbitrage and the magnitude of net load
imposed on the transformer. Stating these assumptions explicitly
ensures that the decentralized and centralized strategies can be
evaluated on a transparent and reproducible basis. Constraint Eq.
(10) models the EV’s state of charge as a function of its previous
state, charging efficiency, charging power, discharging power, total
energy required for travel, and the vehicle’s travel schedule. The
parameter v is determined based on the total expected travel
distance (in miles), which is then increased by a conversion factor
(kWh per mile) to compute the total required energy. If the vehicle
is in motion during time slot ¢, S:, equals 1; otherwise, it is
0. Additionally, the last term in Eq. (10) calculates the energy
required for movement during time interval t¢. For instance, if a
vehicle consumes 5 kWh during its journey across 5 time slots, its
energy consumption per interval ¢ is 1 kWh.

Single-objective extremes” (A = 0 vs. A = 1)

The proposed model behaves exactly as expected for a weighted
multi-objective problem:

A = 0 — optimizer minimizes EV cost only

Cheapest charging behavior; severe transformer aging (peaky
loading, high hottest-spot).

A =1 — optimizer minimizes transformer aging cost only; Very
conservative charging pattern; Higher EV cost, but transformer
aging strongly reduced.

The centralized case (0 < A < 1) lies between these extremes:
it sacrifices a small amount of EV cost to obtain large reductions
in transformer degradation — especially at medium and high EV
penetration levels.

Charging and discharging must remain within the maximum
allowable power limits. Moreover, the vehicle can only charge
when it is accessible to a charging station and connected to the
home grid, as specified in constraints Eqgs. (11) and (12). This
connection capability is represented by the parameter o, ,,, which
equals 1 before departure and after returning home, and 0 when
the vehicle is away. Furthermore, constraint Eq. (13) ensures that
the state of charge remains within its minimum and maximum
limits at all times. Constraint Eq. (14) separates daily optimization
periods and ensures that the final battery charge level at the end
of the optimization matches its initial value at the start of the day.
Lastly, constraint Eq. (15) guarantees that the total household load,
including base consumption, does not exceed the home’s power
capacity.

4. CENTRALIZED STRATEGY (MULTI-OBJECTIVE
OPTIMIZATION MODEL FOR THE AGGREGATOR)

To assess practical relevance, a threshold-based centralized
policy was evaluated as a benchmark. Under this policy, EV
charging is coordinated such that the transformer loading does not
exceed 90% of its rated capacity after 19:00, with surplus charging
deferred to later hours. This policy reflects widely adopted utility
practice where thermal headroom constraints are enforced without
explicit optimization.

Table 3 compares the benchmark policy with the proposed
multi-objective optimization. While the rule-based policy reduces
aging relative to decentralized charging, it does not account for EV
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energy cost or the temperature dynamics across deferred periods.
As a result, deferred charging often accumulates into secondary
peaks later in the night. The proposed optimization jointly
reshapes charging across the entire horizon, yielding 18-35% lower
transformer loss-of-life and 3-7% lower EV operating cost than the
threshold policy. These results indicate that explicit co-optimization
yields measurable benefits over simple heuristic control, especially
at medium and high EV penetration levels.

Consumer-based optimization for EV charging may inadvertently
increase the damage inflicted on the transformer to which
the vehicles are joined. The transformer owner (typically the
distribution system operator or utility company) bears these costs
in two ways: (1) through the premature loss of the currently
installed transformer, and (2) via the investment needed to install
a higher-capacity transformer to accommodate the increased load
from EVs. To mitigate these costs, the charging and discharging of
EVs can be centrally managed either by the transformer owner or
by an independent management entity (such as an aggregator). The
cash flow among the distribution system operator, the aggregator,
consumers, and the utility company is depicted in Fig. 2.

o &
o Nl —)
LI Market/Tariff

EV Owners Aggregator

I Consumer compenssan

0>
o—>
>

}_lll

Power exchange

Transformer
Owner (DSO)
A

1
: Transformer
rsesas 2 aging feedback
« = =« Consumer consenon

—> [g

State information

— Power exchange

EV Owners

Fig. 2. Receipts/payments of the aggregator from/to the consumer and the
distribution system operator.

If the aggregator is a discrete entity from transformer proprietor,
it must receive a share—denoted as r™*"*9°" of the savings
derived from avoiding repeated transformer replacements (denoted
as 7r°’“"), Conversely, if the transformer owner acts as the
aggregator, the savings and cost reductions directly accrue to the
owner. Additionally, consumers pay their electricity bills to the
utility company under the rate r"¢"9Y.

In this study, we develop a model for the aggregator that
focuses exclusively on consumers, EVs, and the transformer,
where consumers allow the aggregator to control the charging and
discharging of their EVs. The aggregator performs a multi-objective
optimization to minimize both the cost of transformer damage
and the energy procurement cost (including any energy trading
benefits), thereby deriving EV charging/discharging profiles that
achieve the lowest overall operational cost. In return, consumers
receive an amount CP*Y to compensate for the increased energy
cost (i.e., r°"®"9Y) relative to the decentralized strategy. All
parties benefit provided that the following condition holds. In
the aggregator multi-objective optimization model, the objective
function is definite as in Eq. (16), incorporating Egs. (1)-(5), (7),
and (8) from the transformer model and constraints Egs. (10)-(15)
from the consumer (EV) model [36].

min wT X °°s* > ier LOL+
. ., (16)
(1= w) Yrer Loy m- (pE17 +0ip?)

kf —k; =
an
TthaSEJ"E(ueV) pc,’?vgipd,svg
TXTat'M(Lgt ! ) Vt € T
07T < HST wyteT (18)

In Eq. (16), the transformer price is multiplied to compute the
cost of the damage incurred. The transformer price is determined
by:

TXcost _ TXrating.TXpm’ce (19)

For example, if a transformer with a capacity of 25 kVA
and a cost of 165.1$ per kVA is considered, its total price is
4251.5%. Under 90% loading and with the parameters specified
in the example in Section 2, the cost of damage incurred for
this transformer would be 0.30$. Note that the second term in
Eq. (16) is identical to the objective function of the decentralized
strategy (Eq. (9)), since the aggregator now assumes responsibility
for managing the EVs’ energy procurement cost, and this is
incorporated into the overall objective function. Consumers no
longer directly control their EVs’ charging and discharging because
they are assured of an adequate energy supply and additionally
receive compensation for assisting the grid.

The equations of the transformer model apply to the operator
objective function—Eqs. (1)-(5), (7), and (8)—and the EV
constraints from Eqgs. (10) through (15). In addition to these,
Constraint Eq. (17) is introduced to define the absolute transformer
load using the transformer price and the net EV consumption.
Note that the base load of consumers represents sum of the base
loads of all consumers in every time slot t. Because the total load
in Constraint Eq. (17) may be negative (resulting in a negative
k), two non-negative variables are introduced, and the following
condition is added:

ke =k + Kk (20)
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Fig. 3. Base load and nominal transformer capacity for non-smart charging
at 100% vehicle penetration (6 vehicles).

This construction effectively models the total cost of load ratio.
Finally, Constraint Eq. (18) limits the hottest-spot temperature to
its maximum allowable value to prevent gas formation in the solid
insulation and transformer oil. Since Eqs. (4), (5), and (7) of the
transformer model are non-linear, the aggregator’s optimization
model is also non-linear.
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Fig. 5. Probability distribution functions.

5. SIMULATION RESULTS

The centralized optimization problem is a mixed-integer
nonlinear programming (MINLP) model due to (i) the thermal-
aging equations from the IEEE C57.91-2011 standard, which
introduce exponential and load-dependent nonlinearities, and (ii)
binary EV availability variables. The model was implemented
in GAMS and solved using the BONMIN (Basic Open-source
Nonlinear Mixed Integer programming) solver. To ensure reliable
convergence, several measures were applied. BONMIN was
executed in the Branch-and-Bound with Outer Approximation
mode (BB-OA), which is appropriate for convex or mildly
non-convex structures. The following parameters were used:

« Relative optimality gap tolerance: 10~*

o Feasibility tolerance: 106

o Maximum iteration limit per NLP subproblem: 5000

o [POPT used as the NLP subsolver with exact Hessian
approximation

These settings were selected to balance computational speed and
solution reliability. Across all simulation runs, BONMIN terminated
with an “optimal solution” or “optimal within tolerance” status.
No infeasibility or numerical-instability issues were observed. The
nonlinearities introduced by exponential temperature calculations
are smooth and well-behaved, which helps maintain solver stability.
These computational results demonstrate that the MINLP structure
of the centralized scheduling problem is manageable for typical
residential transformer settings and that BONMIN provides reliable
solutions under the specified parameterization and initialization
strategy.

Although the proposed decentralized and centralized
optimization models are deterministic, probability distribution
functions (PDFs) of EV arrival time, departure time, and trip
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Fig. 6. Consumption factor and transformer loading in the G2V active
state, (a) Decentralized strategy and (b) Centralized strategy.

Table 3. Quantitative comparison of transformer loading under decentralized
and centralized G2V scheduling (100% EV penetration).

Metric Decentralized strategy  Centralized strategy
Peak transformer load- 22.8 kW 17.3 kW

ing (kW)

Maximum load ratio 1.52 (152% of rating) 1.15 (115% of rating)
(kt)

Peak-to-average ratio 241 1.37

(PAR)

Overload duration (in-
tervals with (k; > 1)

18 intervals (4.5 hours) 4 intervals (1 hour)

Maximum hottest-spot 133.8°C 118.4°C

temperature (°C')

duration are used in the data-generation process to create
realistic daily travel profiles. These PDFs, derived from the
NHTS dataset, do not enter the optimization formulation directly;
rather, they produce representative deterministic input scenarios
(one per EV) for a typical day. Once these travel schedules
and energy requirements are generated, the optimization model
proceeds deterministically. This approach is consistent with
prior EV-scheduling studies that incorporate behavioral variability
through scenario sampling while maintaining tractable deterministic
formulations for optimization.

The introduced strategy has been applied to an overhead
transformer with a nominal capacity of 25 kVA, which serves
six residential consumers with a power limit of 15 kW [38].
The consumption profiles of each consumer were gathered from
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Table 4. Quantitative comparison of V2G and V2H performance metrics (100% EV penetration).

Metric Decentralized V2G = Centralized V2G  Decentralized V2H  Centralized V2H
Total discharge energy (kWh) 342 18.6 11.4 7.8
Maximum negative transformer load (kW) -6.8 kW -2.3 kW -3.1 kW -1.2 kW
Duration of negative load (intervals) 22 (5.5 hours) 6 (1.5 hours) 10 (2.5 hours) 4 (1 hour)
Net consumer arbitrage profit (USD/day) 2.81 1.47 0.94 0.62
Peak-to-average ratio (PAR) 2.78 1.63 1.84 1.21
Maximum hottest-spot temperature (°C') 137.2 121.3 126.6 1154

Table 5. Disaggregated objective-term results.

EV penetration Objective term Decentralized scheduling Centralized scheduling Improvement
Low (2 EVs) Transformer life (years) 19.8 20.3 +2.5 %
EV operating cost ($/day) 6.40 6.65 -39 %
Medium (4 EVs) Transformer life (years) 16.2 19.0 +17.3 %
EV operating cost ($/day) 7.05 7.45 -5.7 %
High (6 EVs) Transformer life (years) 9.8 17.9 +82.7 %
EV operating cost ($/day) 7.92 8.35 -5.4 %

Table 6. Annualized economic benefits of transitioning from decentralized to centralized strategy (USD/year).

Operational state  Number of vehicles

Maximum potential Profit

Consumer trading profit = Deferred investment profit

1 0.8 -0.8 0.16
V2G 4 249.6 -21.4 271
6 6337 65 6402
1 7.6 -1.4 8.1
H2V 4 690 -114 804
6 53385 -632 54017
1 33 -6.5 9.8
G2V 4 978 -144 1119
6 72787 -664 73451

experimental data of areas in San Diego, California, and Austin,
Texas. The consumption profiles are scaled in a manner that
the peak loading (without considering the vehicles) is similar
to the loading profiles of a non-urban feeder. The NHTS from
2009 was used to determine the behavior of electric vehicles and
generate non-smart charging profiles. Using these datasets, sample
profiles were created using the k-means clustering method [39].
Fig. 3 displays the base load and non-smart charging for 100%
penetration of electric vehicles. Fig. 4 represents the instantaneous
energy tariff prices (the average price is 92.7 dollars per MWh
with a range from 30.6 to 198.3 dollars per MWh, and the average
price is 92 dollars per MWh) derived from Southern California
Edison tariffs. Using the NHTS dataset, the probability distribution
functions of the time of arrival and departure of vehicles from
home and their travel duration were created. These probability
distribution functions are shown in Fig. 5 and were used to
extract the vehicle features. Vehicles are available for charging
and discharging during the time slots before departure and after
re-entry into the home. According to Ref. [25], the charging and
discharging power rate is fixed to 3.3 kW, and battery capacity of
the vehicles is 24 kWh. Moreover, the vehicle’s charge level must
be kept between 15% and 95% of the battery capacity for safety
and electrochemical limitations [26].

The round-trip efficiency is 90% [37]. The initial charge level is
uniformly and randomly generated between 15% and 60% of the
maximum charge. To convert the total distance traveled, derived
from the NHTS dataset, to the total energy required for travel, a
conversion factor of 0.33 kWh per mile is used [27]. Historical
environmental temperature data from July 2014, collected from
San Diego, California, were also used. The temperature during
this period ranged from 18.9°C' to 23.6°C, with an average
temperature of 22.7°C'". The initial temperature of the transformer
was optimized, and the results from the end-of-day temperatures

were used to set it. The maximum hotspot temperature of the
transformer is 140°C.

Transformer component values from section 2 and Ref. [40] are
also used. The transformer replacement cost is 165 dollars per
kVA. According to Ref. [41], this cost includes both immovable
and variable costs in a combined per-unit kilovolt-ampere cost
component. The battery round-trip efficiency is set to 0.90,
reflecting converter and battery losses and falling within the
0.85-0.92 range reported in recent V2G studies. Finally, the
SOC bounds of 15%-95% represent a widely adopted operational
window recommended to mitigate lithium-ion degradation and
avoid over-charging and deep-discharging. These bounds have
been used in prior EV-coordination studies and are consistent
with manufacturer guidance. Section 5 includes a brief sensitivity
discussion showing that varying these parameters within realistic
limits does not materially change the qualitative findings. The
optimization problem introduced is a mixed-integer nonlinear
programming problem, implemented using GAMS software and
solved with the BONMIN solver.

5.1. Total load and transformer consumption in decentral-
ized and centralized strategies

This section executes the decentralized and centralized strategy
models for 100% vehicle penetration to obtain the consumption
factor and total load on the transformer (including vehicle loads).
The total load, transformer rated power, and consumption factor
in the G2V operational state are shown for the decentralized
strategy in Fig. 6-(a) and the centralized strategy in Fig. 6-
(b). By comparing Figs. 6-(a) and (b), it can be observed
that the transformer load has higher peaks in the decentralized
strategy because each consumer independently minimizes only
their own operational costs. This results in simultaneous electricity
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Fig. 7. Consumption factor and transformer loading in the V2G active
state, (a) Decentralized strategy and (b) Centralized strategy.

consumption during periods when energy prices are low (e.g.,
00:04). In contrast, in the centralized strategy, the aggregator
considers the transformer’s lifespan reduction and optimizes
vehicle charging. As a result, vehicle charging is spread over
time periods with lower energy prices. This helps reduce the
power consumption peaks during the night and lowers the overall
transformer consumption. However, although the transformer’s
lifespan increases, the energy procurement cost for consumers also
increases.

To complement the qualitative contrast shown in Fig. 6, several
quantitative indicators were computed to measure the effect of
decentralized and centralized scheduling on transformer loading.
Table 3 summarizes the peak-to-average ratio (PAR), maximum
loading level, and overload duration—defined as the number
of 15-minute intervals where the transformer loading exceeds
its rated capacity. The numerical indicators reinforce the visual
trends observed in Fig. 6. Under decentralized charging, vehicles
concentrate charging during low-price periods, creating sharp load
spikes that push the transformer above its rated capacity for
extended periods. In contrast, the centralized strategy distributes
charging across multiple intervals, reducing both peak loading
and overload duration. These improvements translate directly
into lower hottest-spot temperatures and significantly reduced
transformer loss-of-life, as demonstrated in Section 5.2.

As mentioned, some vehicles also have the ability to discharge.
These vehicles directly inject energy from their batteries into
the grid to meet the network’s energy demands. Total load and
consumption factor for the centralized method in (b) and the
decentralized strategy in (a) in the V2G mode are displayed in
Fig. 7. Vehicles that use the decentralized technique charge at
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Fig. 8. Consumption factor and transformer loading in the vehicle-to-home
active state, (a) Decentralized strategy, (b) Centralized strategies for
expected transformer lifespan in the vehicle-to-grid active state.

times when prices are low and discharge at times when prices are
high. Between 00:16 and 18:30, the discharge action makes the
overall transformer load negative as all cars inject energy into the
grid after compensating for the base loads. However, the overall
consumption factor rises significantly as a result of additional
charging carried out to achieve the V2G state.

Ultimately, this will reduce the transformer lifespan. In contrast,
as shown in Fig. 7-(b), the aggregator’s centralized management
keeps the transformer load relatively stable during nighttime
periods, which leads to a lower overall consumption factor. In this
case, to achieve a lower consumption factor, the aggregator must
reduce the consumer’s trading profit.

V2H is the last vehicle operating mode. Vehicles in this mode
do not add power to the grid; instead, they deplete their batteries
to offset consumer base loads. The overall load and consumption
factor for the centralized and decentralized solutions in (a) and
(b), respectively, are displayed in Fig. 8. With the exception of the
low total consumption factor in both centralized and decentralized
techniques, the V2H operation is comparable to the V2G operation.
Vehicles can trade energy more freely in the V2G state than in the
V2H stage, where they are only discharged enough to offset base
loads. Since the high-price periods (when the consumer wants to
discharge) might not coincide with the high-load periods (when
the consumption factor might be successfully reduced), the V2G
condition essentially does not lessen the damage to the transformer
in comparison to the V2H state. Regardless of the approach, the
V2H condition does not permit the highest energy trading gains
but has a smaller effect on transformer usage than V2G.

To provide a more rigorous comparison between V2G and
V2H behavior, several quantitative indicators were computed for
both decentralized and centralized strategies. Table 4 summarizes
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Fig. 9. Expected transformer lifespan in three different strategies for
various operational states, (a) Expected lifetime of the transformer for
grid-to-vehicle (G2V) mode, (b) Expected lifetime of the transformer for
vehicle-to-home (V2H) mode and (c) Expected lifetime of the transformer
for vehicle-to-grid (V2G) mode.

total discharge energy, maximum negative load, duration of
negative-load events, and net consumer arbitrage profit for the
100% penetration case. These metrics quantify the operational
distinctions between V2G and V2H. In decentralized V2G,
vehicles discharge aggressively during high-price periods, resulting

16000 T T I T
12000 |- -
2
Z
Q
8000 |- -
Optimum
4000 L L L L
10 20 30 40 50 60

Rated Power of Transformer

Fig. 10. Permanent transformer replacement cost in vehicle-to-grid, vehicle-
to-home, and grid-to-vehicle operational states (100% vehicle penetration -
6 vehicles).

in substantial negative transformer loading (up to -6.8 kW)
and extended intervals of reverse power flow. While this
maximizes arbitrage profit for consumers, it also increases charging
requirements later in the cycle, raising the peak-to-average ratio
and accelerating transformer aging. Under centralized V2G, the
aggregator moderates discharge levels to reduce negative loading,
shortening reverse-power intervals and significantly lowering
hottest-spot temperatures. In contrast, V2H exhibits more modest
discharge behavior since energy is used only to offset household
demand. As a result, V2H produces lower arbitrage profit but also
exerts less stress on the transformer. The centralized V2H strategy
further smooths load profiles, reduces negative-load magnitudes,
and minimizes thermal excursions. Together, these quantitative
indicators reinforce the conclusion that centralized scheduling
provides consistent thermal benefits across operational modes, with
the largest optimizable improvements occurring in V2G scenarios.

5.2. Impact of the proposed centralized model on the trans-
former expected lifespan

For vehicle penetrations ranging from 0 to 6 (i.e, 0% to
100%) over a 24-hour period, both decentralized and centralized
techniques are used to assess their effects on the transformer’s
lifespan and the corresponding damage cost. The following formula
is used to estimate the transformer’s lifespan in years, assuming
that damage to the transformer happens every day for the purposes
of the analysis:

TXlife —
(21

1
365. 5, LOL: vteT

Fig. 9 shows the expected transformer lifespan for the G2V
state in (a), the V2G state in (b), and the V2H state in (c). It
should be noted that the G2V state with non-smart charging is
shown in Fig. 3, where vehicles charge as soon as they arrive
home without any management. With 0% vehicle penetration, the
expected lifespan remains steady at 20.5 years according to the
IEEE C57.91 standard. This is observable in all subsets of Fig. 9
at 0% vehicle penetration. In Fig. 9-(a), it can be seen that with
increasing vehicle penetration, the expected transformer lifespan
in non-smart charging significantly decreases. As shown in red in
Fig. 3, vehicles add their charging power to the peak base load. In
the decentralized strategy for the G2V state, the expected lifespan
remains the same up to 50% vehicle penetration; however, as
penetration increases, the transformer lifespan drastically decreases
due to the large peak that forms during low-price periods. In
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contrast, in the centralized strategy with the G2V state (Fig. 9-(a)),
the expected lifespan remains close to 20.5 years even with high
vehicle penetration, and at maximum penetration, it only decreases
to 17.87 years. The expected lifespan for the V2H state is shown
in Fig. 9-(b). Since discharge in the V2H state compensates for
the base loads, the transformer expected lifespan is higher than its
typical lifespan at low vehicle penetration for both strategies. This
is beneficial because the transformer owner enjoys an extended
lifespan for their equipment at a non-recurring cost. However,
at higher vehicle penetration in the decentralized strategy, the
transformer’s lifespan drastically decreases due to the additional
vehicle charging during low-price periods (Fig. 9-(b)). In contrast,
in the centralized strategy with 100% vehicle penetration, the
transformer’s lifespan is 12.34 years. By comparing the V2G state
in Fig. 9-(c) with the V2H state in Fig. 9-(b), it can be seen that
the V2H state provides a greater increase in transformer lifespan.

Although both V2G and V2H provide the aggregator with
flexibility to offset peak demand, their impact on transformer
thermal loading differs fundamentally due to the energy replacement
effect associated with vehicle discharge. In V2G mode, vehicles
discharge energy directly into the grid and may inject power
exceeding the local base load. This reduces the transformer
loading temporarily, but it also requires the aggregator to schedule
additional charging energy later in the horizon to restore state-
of-charge for subsequent trips. Consequently, centralized V2G
results in a two-stage load pattern: moderate or negative loading
during discharge periods followed by higher charging intervals.
Even though the aggregator smooths these peaks, the required
energy recovery tends to elevate nighttime loading when ambient
temperatures are still high, leading to higher winding hottest-spot
temperatures and increased aging acceleration in the IEEE C57.91
thermal model. In contrast, V2H discharge is naturally self-limiting
because energy is used only to offset the household base load rather
than to export power. As a result, V2H yields smaller magnitudes
of discharge, shorter negative-load intervals, and reduced need
for compensatory late-night charging. The residual charging
requirement is therefore lower, enabling the centralized controller
to distribute charging across more thermally favorable intervals.
This produces a smoother load profile with fewer high-load
events and lower hot-spot temperature excursions. Consequently,
V2H consistently yields a longer expected transformer lifespan
than V2G under the same penetration level and optimization
framework. These results emphasize that although V2G offers
higher economic potential for consumers, it also introduces more
frequent energy-recovery cycles that elevate the transformer’s
thermal stress. Centralized coordination mitigates these effects
but cannot eliminate the inherent difference in energy-balance
dynamics between the two operational modes.

This is because automobiles are charged more frequently at
night in the V2G state than in the V2H state, which makes full
use of the price differential in energy prices. Compared to V2H,
the transformer lifespan in the centralized plan with 100% vehicle
penetration is 11.21 years, which is not cost-effective for avoiding
transformer damage. Nonetheless, the V2G state has the lowest
total operating costs and offers the largest energy trading profit to
customers. Fig. 9 shows that the transformer lifespan has more
than doubled at specific penetration levels. Given the transformer
electrical and thermal qualities, this is technically possible.

5.3. Disaggregated objective-function analysis

To improve transparency, Table 5 reports the objective-function
components separately. The first component quantifies transformer
aging using the IEEE C57.91-2011 thermal model and expresses
the result in equivalent years of remaining life. The second
component represents the EV operating cost associated with energy
procurement and arbitrage across G2V/V2G/V2H modes.

The results show that centralized coordination consistently
increases transformer lifetime, with gains ranging from 2.5 %

at low penetration to more than 80% at high penetration. This
improvement arises from the reshaping of charging demand
away from periods of elevated winding hottest-spot temperature.
A modest increase in EV operating cost is observed (x4-6%),
reflecting the reduced flexibility imposed to protect the transformer.
Importantly, the reductions in aging dominate at higher penetrations,
indicating that centralized scheduling yields significant deferred-
replacement benefits while maintaining acceptable consumer
cost levels. These results confirm that the overall performance
improvements in the aggregated objective arise from balanced
reductions across individual components rather than from a single
dominating term.

5.4. Determining the potential profit of transitioning from
decentralized to centralized strategy

The aggregator entity must determine the potential profit from
transitioning from a decentralized to a centralized strategy to
create a business case. As shown in Fig. 10, consumers gain
more trading profits in the decentralized strategy compared to the
centralized one. In contrast, the transformer owner experiences a
longer lifespan for the transformer in the centralized strategy. The
aggregator can negotiate receiving a portion of the profit derived
from the extended lifespan of the transformer and pay a share of
this profit as compensation for the reduced trading profit of the
consumer. The cost of the transformer with optimal capacity for
replacement, based on the 25 kVA transformer lifespan and a 5%
interest rate, is reduced as shown in Fig. 9.

Table 5 summarizes the annualized economic indicators
associated with transitioning from decentralized to centralized EV
coordination. The column “Consumer Trading Profit” represents
the difference between consumer arbitrage income in centralized
and decentralized modes. Thus, negative values indicate a loss
in consumer arbitrage profit, which must be compensated by the
aggregator to ensure economic participation. All monetary figures
are expressed in USD per year for consistency. For example, if a
24 kVA transformer reaches the end of its lifespan in 10 years,
an additional transformer must be connected, and its present cost
will be 61% of the future cost. The present cost in the centralized
strategy is lower than in the decentralized strategy, resulting in
the deferred investment profit for the transition to the centralized
strategy. This demonstrates the profit for the transformer owner. In
contrast, the aggregator entity must determine the profit (or cost)
for the consumers in order to transition to the centralized strategy.
This profit is calculated using the difference in annual trading
income between the centralized and decentralized strategies. In
the first two columns of Table 5, these profits for different
operational states and vehicle penetrations are shown. The last
column represents the maximum profit that the aggregator can
achieve, which is calculated from the sum of the transformer
owner’s profit and the consumer trading profit. Investment profit
is calculated annually by showing the replacement cost of the
previous transformer with an annual equivalent payment approach.
From Table 5, it can be seen that the transformer owner profit is
highest in the V2G state with 100% vehicle penetration. This is
because, in the decentralized strategy, consumers have maximum
usage capability for energy trading, which significantly damages
the transformer. In contrast, the centralized strategy avoids most
of this damage. Therefore, the aggregator is in a much better
position to negotiate with the transformer owner. However, at
lower vehicle penetration (1 to 4 vehicles), the annual profit from
deferred replacement is much smaller. In this case, considering
the costs of controlling and equipping these vehicles to implement
the centralized strategy, the aggregator may not have a strong
business case. Because consumers can make more money from
energy trading under the decentralized model, the consumer
trading profit is always negative. As a result, the aggregator must
reimburse customers for their diminished profit. The quantity of
funds available for the aggregator’s business case is shown by the



O. Mukhitdinov et al.: Designing a Centralized Charging and Discharging Management Strategy for Electric Vehicles to Enhance Transformer ...

86

Table 7. Comparative scenarios (low/medium/high penetration).

Parameter / Sce- Strategy Expected Daily EV | Relative Change in | Relative Change in
nario Transformer Operating Cost | Lifespan vs. Decen- | Cost vs. Decentral-
Lifespan (years) (USD/day) tralized (%) ized (%)
Baseline comparative results (from main study)

Low penetration | Decentralized | 19.8 6.40 _ _
(2 EVs)

Centralized 20.3 6.65 +2.5% +3.9%
Medium penetra- | Decentralized | 16.2 7.05 _ _
tion (4 EVs)

Centralized 19.0 7.45 +17.3% +5.7%
High penetration | Decentralized | 9.8 7.92 _ _
(6 EVs)

Centralized 17.9 8.35 +82.7% +5.4%

Electricity-price volatility (6 EVs; mean tariff unchanged)
Low  volatility Centralized 18.6 8.28 -6% vs. Dbaseline | +1.8%
(flat TOU) centralized
Baseline tariff Centralized 17.9 8.35 _ _
High  volatility Centralized 16.3 8.09 +14% -3.2%
(sharp peaks)
Ambient-temperature profile (6 EVs)
Winter (8-14 °C) Centralized 21.5 8.39 -28% +0.5%
Spring  (15-20 Centralized 19.3 8.38 -10% +0.9%
OC)
Summer (24-32 Centralized 13.1 8.46 +35% +1.3%
OC)
Transformer parameter R (load/no-load ratio)
R=4 Centralized 19.9 8.40 -11% +0.6%
R = 8.5 (base- Centralized 17.9 8.35 _ _
line)
R=12 Centralized 15.0 8.41 +19% +0.8%
m
m = 0.70 Centralized 18.6 8.38 -7% +0.4%
m = 0.87 (base- Centralized 17.9 8.35 _ _
line)
m = 1.00 Centralized 16.0 8.39 +12% +0.5%
n
n = 0.55 Centralized 19.5 8.38 -9% +0.4%
n = 0.76 (base- Centralized 17.9 8.35 _ _
line)
n = 0.90 Centralized 15.1 8.40 +16% +0.6%
EV-charger rating

3.3 kW (baseline) Centralized 17.9 8.35 _ _
5 kW Centralized 16.4 8.58 +9% +2.7%
7 kW Centralized 14.0 8.76 +22% +4.9%

maximum profit potential (last column). Customers must receive
a percentage of this sum in order to offer them ownership over
their cars and increase the aggregator’s profit. The owner of the
transformer will also wish to keep a portion of the earnings.
The aggregator can negotiate contracts with transformer equipment
owners and customers to guarantee profit for all parties by carrying
out an analysis similar to the example shown in Table 6.

The business-case results presented in Table 6 rely on an
assumed distribution of deferred transformer replacement savings
between the transformer owner, the aggregator, and consumers.
This allocation principle is consistent with incentive-based demand-
response programs and aggregator compensation models reported
in the literature, where end users receive a portion of system-

level savings to incentivize participation. In the context of
EV coordination, consumers must be compensated for their
reduced arbitrage profit, while the transformer owner benefits
from deferred capital expenditures. The aggregator’s revenue is
derived from coordinating these exchanges. It is important to
emphasize that the specific revenue-sharing ratios used in this
study (e.g., compensating consumers for 100% of their lost trading
profit) are not prescriptive, but rather provide a representative
and conservative baseline for evaluating economic feasibility.
Actual allocation mechanisms will vary depending on regulatory
requirements, distribution-tariff design, and bilateral contracts
between aggregators and distribution system operators. To assess
the robustness of the business case, a sensitivity analysis was
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conducted in which the transformer owner-consumer sharing ratio
was varied across three representative scenarios:

1) 80-20 allocation (80% of deferred replacement savings
retained by the transformer owner),

2) 50-50 allocation, and

3) 20-80 allocation (80% allocated to consumers).

Across all scenarios, the centralized strategy remained
economically beneficial for both the aggregator and the transformer
owner at moderate-to-high EV penetration levels. Even under the
consumer-favorable 20-80 split, deferred replacement savings at
100% penetration were sufficiently large for the aggregator to
compensate consumers fully while retaining a positive margin.
The magnitude of aggregator profit is sensitive to the assumed
sharing ratio, but the qualitative conclusion—that centralized
coordination yields a net-positive economic outcome for all
stakeholders—remains unchanged.

Although the improvement in transformer lifespan under
centralized scheduling follows directly from the inclusion of
transformer damage cost in the objective function of Eq. (16),
the magnitude of this improvement depends strongly on system
parameters. To provide a more complete comparison between the
two strategies, additional scenarios were evaluated across varying
EV penetration levels, operational modes, and tariff conditions.
Table 6 summarizes the expected transformer lifespan and daily
EV operating cost for representative low-, medium-, and high-
penetration cases under both decentralized and centralized control.
The results show that:

1) at low penetration, the improvement in transformer lifespan
is modest because EV charging contributes little to total
loading;

2) at medium penetration, decentralized charging produces
meaningful peaks that accelerate aging, while centralized
charging significantly reduces the aging rate; and

3) at high penetration, centralized coordination reduces loss-of-
life by more than one order of magnitude in G2V and V2G
modes, while decentralized control yields severe thermal
stress.

Furthermore, applying different weighting parameters (A = 0,
0.5, 1) in the normalized objective of Eq. (16) demonstrates
that transformer-life improvement remains consistent even as the
relative emphasis on economic versus thermal objectives changes.
These comparative results in Table 7, confirm that the observed
benefits of the centralized approach arise not only from the
structural inclusion of transformer aging cost but also from the
ability of the centralized model to reshape load patterns in a
thermally favorable manner.

To evaluate robustness, key parameters affecting transformer
aging and charging behavior were varied around the baseline
values reported in Table 7. Electricity price volatility was modified
while preserving the mean price; ambient temperature was varied
between winter and summer profiles; the IEEE C57.91 thermal
parameters (R, m, n) were perturbed within +20% of their
nominal values; and the EV charger rating was increased from 3.3
kW to 7 kW, representing common residential charger options.
Table 5 summarizes the ranges considered and the corresponding
impact on transformer aging and EV operating cost. The
extended sensitivity study shows that although absolute loss-of-life
varies with tariff structure, seasonal temperature, IEEE thermal
parameters, and charger size, the relative advantage of centralized
coordination remains robust. Benefits become larger under high-
volatility tariffs, summer conditions, and higher-power chargers,
where unmanaged charging concentrates loading into fewer hours.
Across all scenarios, centralized scheduling consistently reduces
transformer aging with only modest increases in EV operating
cost. While the present study adopts a deterministic formulation
for clarity and computational tractability, the use of stochastic or
robust optimization methods represents a promising direction for
future research, particularly for modeling uncertainty in EV arrival
times, charging behavior, and ambient temperature.

6. CONCLUSION

This paper developed a centralized charging and discharging
management strategy for electric vehicles that explicitly integrates
transformer thermal aging into the optimization objective.
The proposed framework co-optimizes EV operating cost and
monetized transformer loss-of-life, while also incorporating a
compensation mechanism that allows savings from deferred
transformer replacement to be shared among the transformer
owner, aggregator, and consumers. The model considers G2V,
V2H, and V2G operating modes and was evaluated using
realistic household loads, travel behavior, and temperature data.
Simulation results show that centralized coordination substantially
reduces transformer thermal stress and extends expected lifespan,
particularly at medium and high EV penetration levels. Compared
with decentralized charging, transformer loss-of-life was reduced
by up to 80%, while the resulting increase in EV operating cost
remained modest (approximately 4-6%). The economic analysis
indicates that deferred transformer replacement creates sufficient
value to compensate consumers for lost arbitrage profit while
still allowing a positive business case for an aggregator. These
results demonstrate that incorporating transformer aging directly
into EV scheduling decisions can simultaneously protect grid
assets and maintain consumer incentives. This work has several
limitations. The optimization model is deterministic and relies
on representative travel scenarios rather than full uncertainty
treatment. Battery aging is not explicitly modeled, and only one
distribution transformer topology was considered. In addition,
regulatory and contractual aspects of revenue sharing between
stakeholders were simplified. Future research will extend the
framework to stochastic or robust optimization, incorporate battery
degradation costs, evaluate different network configurations and
transformer ratings, and explore market-based mechanisms that
formalize aggregator participation. Overall, the findings indicate
that coordinated EV charging can meaningfully extend distribution-
transformer life while maintaining economic feasibility, providing
a practical pathway for utilities and aggregators facing increasing
EV adoption.
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