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Abstract

Electric vehicles have strengthened the coupling between transportation systems and power
distribution networks, giving rise to new challenges in the coordinated management of
traffic flow and charging demand. Monetary incentives, such as tariffs and subsidies, have
been widely adopted to influence drivers’ route and charging decisions and to improve
system-level performance. This paper proposes a user-centric incentive framework in
which a system operator allocates rewards to guide drivers’ behavior, thereby enabling
coordinated operation of power–traffic networks. A reward scheme is developed to provide
joint subscription-based and path-based incentives that account for drivers’ behavioral
responses through a logit choice model for scheme adoption embedded within a traffic
assignment model. The resulting interaction is formulated as a bilevel optimization prob-
lem, in which a coupled power–traffic system operator determines incentive schemes
to achieve system optimality within a given budget constraint, while individual drivers
respond by selecting routes and charging strategies to minimize their perceived travel
costs. A single-level Karush–Kuhn–Tucker (KKT) reformulation is developed, and lineariza-
tion techniques are employed to compute the resulting equilibrium, yielding a tractable
mixed-integer second-order cone program (MISOCP). Numerical experiments demonstrate
the effectiveness of the subscription-based and path-based reward schemes in improving
network performance and budget saving.

Keywords: bilevel optimization; electric vehicles; logit choice model; power–traffic
network; reward scheme; system optimality

1. Introduction
With the rapid growth of electric vehicles (EVs), the demand for EV charging has risen

and public charging is gaining popularity [1]. According to the International Energy Agency,
EV sales exceeded 17 million units in 2024, rising by more than 25% [2]. Meanwhile, recent
advances in EV energy management and control technologies have further promoted the
deployment of EVs, such as energy-oriented torque-vector control frameworks for electric
vehicles [3]. The large-scale integration of EVs has strengthened the coupling between
transportation networks (TNs) and power distribution networks (PDNs), where traffic
conditions and charging-related factors jointly influence EV routing, charging behavior,
and system operations [4–6]. In this context, the coordinated operation of transportation
and power distribution networks is increasingly important to address the operational
challenges and safety risks in PDNs induced by large-scale EV charging, and to mitigate
traffic congestion in TNs [7].
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Extensive research has investigated the interdependence between urban power networks
and transportation networks (TNs). These studies primarily focus on characterizing the stable
equilibrium states arising from such interactions. Such equilibrium formulations—including
static [8], semi-dynamic [9], and dynamic equilibria [10]—describe the resulting distribu-
tions of traffic flows and EV charging demand under the assumption that drivers act as
self-interested agents and select routes by minimizing their perceived travel costs.

Unlike the aforementioned equilibrium analysis of the power–transportation system,
which focuses on the strategic interactions among drivers, transportation operators, and
the power grid through locational marginal pricing (LMP) schemes and results in a user
equilibrium, the power–traffic coordinated optimization problem aims to jointly design
price signals to improve the operational performance of both transportation networks and
power distribution networks while accounting for drivers’ path choices [11–13], thereby
shifting the system from user equilibrium toward system optimality.

By modeling travelers as non-cooperative decision-makers who select travel plans
by minimizing individual costs, some studies primarily focus on EV charging prices at
charging stations (CSs), neglecting the role of road pricing in regulating user choices and
mitigating traffic congestion [14,15]. Road congestion tolls have been introduced as an
efficient traffic regulation policy solely from the perspective of transportation networks [16].
Collaborative pricing schemes generally coordinate nodal electricity prices with congestion
tolls to achieve system-wide performance optimization across the integrated network.
Although transportation and power systems are presently managed by independent op-
erators [17], coupled power–traffic network operators are often adopted as an analytical
framework to demonstrate the benefits of coordinated operation and to highlight the subop-
timality and potential reliability concerns associated with independently operated systems.

Many existing studies attempt to induce the system optimum (SO) from the user
equilibrium (UE) through price-based mechanisms. The SO can be interpreted as a modified
UE in which travelers respond to marginal costs. Under the tariff-based scheme, a marginal-
cost pricing approach based on first-best tolls and locational marginal prices [18] is designed
to minimize the total social cost, measured by the sum of travel time and energy generation
costs. The coupled power-transportation network is analyzed under the SO and UE
states, and the inverse optimization [19] is applied to the pricing paradigm for minimizing
additional user charges. A privacy-preserving cooperative pricing framework [20] is
developed for coupled power–traffic networks under a predefined privacy budget, which
avoids direct access to true demand data while ensuring feasibility and near-optimal
performance. Such high tariffs or increased travel times may undermine user acceptance,
thereby limiting the practical attainability of the SO state. However, traditional marginal
cost pricing often leads to excessive user charges, as travelers are required to account for
congestion externalities.

Under the subsidy-based scheme, reference [21] introduces subsidy-based incentives
on both the power and transportation sides using a Nash–Stackelberg–Nash game model,
improving the efficiency and flexibility of price-based incentive mechanisms. Reference [22]
investigates the collaborative interactions and profit allocation mechanisms between trav-
elers and network operators, aiming to improve the regulatory effectiveness of monetary
incentives and enhancing social welfare in coupled power–traffic networks. A path-based
reward credit mechanism [23] is developed to incentivize commuters, aiming to mitigate
carbon emissions while minimizing the overall system travel time. However, the power
network is not taken into account in this scheme.

The coupled power–traffic optimization problem aims to jointly design price signals
to minimize the combined operational costs of both networks or the overall social cost,
accounting for low-carbon [24,25] and economic objectives [26] as well as drivers’ individual
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costs. However, achieving these goals depends not only on monetary incentives but also
on the strategic interactions among multiple entities, including drivers, network operators,
and the power system. To account for these interactions and evaluate their impact on
system performance, coordinated modeling frameworks have been developed. Existing
studies on coupled power–traffic networks can be broadly grouped into several types.
Some works model the PDN operator and drivers as separate decision-making entities [27].
Others extend this setting by introducing additional participants, such as charging network
operators, under non-cooperative pricing schemes [15] or trilevel frameworks [28]. A
further stream of research considers cooperative interactions among network operators by
explicitly accounting for the role of the TN operator [29]. This paper focuses on a bilevel
framework in which power and transportation operators act collaboratively as leaders
by offering subscription-based and path-based incentives, while EV/GV drivers respond
by deciding whether to participate in the incentive scheme and by choosing routes and
charging strategies.

Table 1 provides a clear comparison between this study and the existing literature.
Most existing studies fail to account for drivers’ endogenous participation behavior in
response to incentive schemes, as well as the need for differentiated incentive design across
heterogeneous vehicle energy types. For example, some studies, such as [22], assume
a fixed proportion of collaborative and independent travelers. To address this research
gap, this paper presents a reward-based method for the coordinated operation of coupled
power–traffic networks aimed at improving system-level performance. Specifically, a
subscription-based and path-based reward scheme is introduced to incentivize drivers
to select paths that enhance social welfare within a given budget constraint. A logit
choice model based on drivers’ utility functions is developed to capture their decisions on
whether to participate in the incentive scheme. The resulting bilevel problem is transformed
into a single-level optimization problem through the application of Karush–Kuhn–Tucker
(KKT) conditions, along with linearization techniques. Specifically, this paper makes the
following contributions:

(1) A bilevel framework is developed to model the interactions among the transportation
network (TN) operator, power distribution network (PDN) operator, and electric vehi-
cle (EV)/gasoline vehicle (GV) drivers. The leader problem corresponds to the reward
allocation by cooperative TN and PDN operators to guide drivers’ behavior under a
given budget constraint. The follower problem captures drivers’ endogenous deci-
sions on whether to subscribe to the reward scheme, as well as their collective route
and charging choices, which are modeled as a Wardrop user equilibrium accounting
for generalized costs.

(2) A logit choice model is designed to represent drivers’ decisions on whether to partici-
pate in the reward program. In practice, drivers have the flexibility to voluntarily join
or opt out of the scheme at the beginning of each operating period.

(3) Karush–Kuhn–Tucker (KKT) reformulation, together with linearization techniques,
is applied to solve the coupled power–traffic optimization problem. Simulations
conducted on a test system demonstrate the effectiveness of the proposed approach.

The remainder of this paper is organized as follows. Section 2 introduces the overall
framework, the drivers’ logit choice model, and the operational models for each entity.
Section 3 details the solution methodology for the proposed bilevel problem. Section 4
presents the experimental results. Section 5 analyzes the experimental results while
Section 6 concludes the paper.
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Table 1. Comparison of the existing literature and this paper.

Ref. Scheme
Incentive

Solution Methodology
PDN TN

[15] Noncooperative Tariff (charging pricing) - Fixed point theory

[18] Cooperative Tariff (LMP) Tariff (road toll) Optimality condition
decomposition

[19] Inverse
optimization-based Tariff (charging pricing) - Decentralized bilevel

decomposition

[20] Cooperative Tariff (charging pricing) - Privacy-preserving cooperative
optimization

[21] Noncooperative Subsidy (charging pricing) Subsidy (link-based) KKT-based bilevel reformulation
with Gauss–Seidel iteration

[22] Cooperative Subsidy Subsidy (path-based) Asymmetric Nash bargaining

[23] Cooperative - Subsidy (subscription and
path-based)

KKT-based bilevel reformulation
with B&B algorithm

This paper Cooperative Subsidy Subsidy (subscription and
path-based)

KKT-based bilevel reformulation
with linearization techniques

2. Model Formulation
In this section, a bilevel framework is first introduced in Section 2.1. The operational

models for drivers and the TN/PDN operators are then presented in Sections 2.2 and 2.3,
respectively. Finally, the bilevel optimization formulation is summarized in Section 2.4.

2.1. Overall Framework

Figure 1 depicts the bilevel structure for power–traffic network coordination, where
an operational center is introduced to maximize social welfare. At the upper level, both
network operators aim to improve the performance of the coupled networks within a
given budget constraint by offering rewards to drivers who subscribe to the incentive
program. The proposed reward scheme consists of two components: a subscription-based
reward, in which drivers receive a fixed amount of rewards upon joining the program, and
a path-based reward for choosing system-optimal routes with lower generalized travel
costs. At the lower level, drivers have the flexibility to voluntarily participate in or opt out
of the scheme at the beginning of each operating period. Each electric vehicle/gasoline
vehicle (EV/GV) driver independently makes route and charging choices according to
the generalized cost. The resulting traffic flow distribution reaches a user equilibrium
(UE) state, in which no driver can reduce their generalized travel cost by unilaterally
changing their route or charging choices under the reward scheme. Accordingly, the
interactions between TN/PDN operators and EV/GV drivers can be formulated as a
bilevel optimization problem.

 

Figure 1. System framework.

https://doi.org/10.3390/en19040981

https://doi.org/10.3390/en19040981


Energies 2026, 19, 981 5 of 21

2.2. Operation Model of EV/GV Drivers (Follower Problem)

Given that GVs still account for a large portion of the vehicle fleet, both GVs and EVs
are explicitly considered in the proposed modeling framework. To maintain consistency in
traffic flow representation, EVs that do not require charging are treated as GVs in the model.

Since drivers have the flexibility to voluntarily participate or opt out of the reward
at the beginning of every operating period, we denote the variable demand of GVs and
EVs who choose to participate for OD pair r-s by qg,I

rs and qe,I
rs , respectively. Similarly, the

variable demand of GVs and EVs who choose not to participate is denoted by qg,N
rs and qe,N

rs

for the same OD pair. Accordingly, the path flow variables f g,N
k,rs , f g,I

k,rs, f e,N
k,rs and f e,I

k,rs on path
k for OD pair r-s must be nonnegative and satisfy the corresponding demand constraints:

∑
k∈Krs

f g,I
k,rs = qg,I

rs , ∀r ∈ R, s ∈ S (1)

∑
k∈Krs

f g,N
k,rs = qg,N

rs , ∀r ∈ R, s ∈ S (2)

∑
k∈Krs

f e,I
k,rs = qe,I

rs , ∀r ∈ R, s ∈ S (3)

∑
k∈Krs

f e,N
k,rs = qe,N

rs , ∀r ∈ R, s ∈ S (4)

qg,N
rs + qg,I

rs = qg
rs, ∀r ∈ R, s ∈ S (5)

qe,N
rs + qe,I

rs = qe
rs, ∀r ∈ R, s ∈ S (6)

f g,I
k,rs ≥ 0, f g,N

k,rs ≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (7)

f e,I
k,rs ≥ 0, f e,N

k,rs ≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (8)

where qg
rs and qe

rs are assumed to be fixed, denoting the fixed demand of GVs and EVs on
OD pair r-s.

We use a logit choice model to capture the stochasticity in the proportions of GV and
EV drivers who choose to participate in the reward scheme. The utilities of GV and EV
drivers, for both participating and non-participating cases, denoted by Ug,I

rs , Ug,N
rs , Ue,I

rs and
Ue,N

rs , are defined as follows:

Ug,I
rs = −θug,I

rs + θhg
rs, ∀r ∈ R, s ∈ S (9)

Ug,N
rs = −θug,N

rs , ∀r ∈ R, s ∈ S (10)

Ue,I
rs = −θue,I

rs + θhe
rs, ∀r ∈ R, s ∈ S (11)

Ue,N
rs = −θue,N

rs , ∀r ∈ R, s ∈ S (12)

where θ is an empirical parameter representing drivers’ sensitivity to the utility difference
between subscribing and not subscribing, capturing their responsiveness to monetary
incentives and travel cost variations. ug,I

rs and ug,N
rs denote the minimum generalized travel

costs of s subscribing and non-subscribing GVs for OD pair r-s, respectively, while ue,I
rs and

ue,N
rs denote the corresponding costs for EVs. hg

rs and he
rs denote the subscription-based

reward of GVs and EVs, respectively.
The utility of subscribing GV drivers is based on their path travel time cost and the

subscription-based reward, whereas the utility of non-subscribing GV drivers depends only
on their perceived travel time cost. Similarly, the utility of subscribing EV drivers accounts
for path travel time cost, charging price, and the subscription-based reward, while the
utility of non-subscribing EV drivers is determined solely by travel time cost and charging
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price. Accordingly, the minimum generalized costs for subscribing and non-subscribing
GV/EV drivers, denoted by ug,I

rs , ug,N
rs , ue,I

rs and ue,N
rs are defined as below:

ug,I
rs = min

k∈Krs

 ∑
a∈Arg

ηtaδ
g
ak,rs − mg

k,rs

 (13)

ug,N
rs = min

k∈Krs

 ∑
a∈Arg

ηtaδ
g
ak,rs

 (14)

ue,I
rs = min

k∈Krs

 ∑
a∈Arg

ηtaδe
ak,rs + ∑

a∈Ach

(ηta + λaEe)δe
ak,rs − me

k,rs

 (15)

ue,N
rs = min

k∈Krs

 ∑
a∈Arg

ηtaδe
ak,rs + ∑

a∈Ach

(ηta + λaEe)δe
ak,rs

 (16)

where mg
k,rs and me

k,rs denote the path-based reward on path k for OD pair r-s. Krs denotes
the feasible path set for OD pair r-s. η denotes the monetary cost associated with traveling
time and ta denotes the link travel time on link a. The indicator δ

g,rs
ak and δe,rs

ak equals 1 if
path k between origin–destination (O–D) pair r-s contains link a and 0 otherwise. λa is
the charging price at charging stations (CSs) located on link a and Ee denotes the energy
demand of each EV.

Accordingly, the traffic demand of drivers subscribing to the reward scheme for OD
pair r-s is given by:

qg,I
rs = qg

rs
exp(−θug,I

rs + θhg
rs)

exp(−θug,N
rs ) + exp(−θug,I

rs + θhg
rs)

, ∀r ∈ R, s ∈ S (17)

qe,I
rs = qe

rs
exp(−θue,I

rs + θhe
rs)

exp(−θue,N
rs ) + exp(−θue,I

rs + θhe
rs)

, ∀r ∈ R, s ∈ S (18)

Travel time on each link is mainly affected by the associated traffic flow. To represent
both GVs and EVs consistently, the traffic network is modeled with three types of links:
regular, charging, and bypass links, as shown in Figure 2. Regular links correspond to
physical road segments, while charging and bypass links are virtual links representing
charging/queuing and bypassing behaviors at charging stations (CSs), respectively. For
example, a route traversing a charging station may follow the sequence T1→I→O→T2 via
a charging link to represent EV charging, or follow the same sequence via a bypass link to
indicate that GVs skip charging at the station. Based on this, the detailed model for GVs
and EVs is described as follows:

Figure 2. Unified topology of transportation network.

https://doi.org/10.3390/en19040981

https://doi.org/10.3390/en19040981


Energies 2026, 19, 981 7 of 21

Cons-Flow:

xrg
a = ∑

r∈R
∑
s∈S

∑
k∈Krs

(
f g,N
k,rs + f g,I

k,rs

)
δ

g
ak,rs +

(
f e,N
k,rs + f e,I

k,rs

)
δe

ak,rs, ∀a ∈ Arg (19)

xch
a = ∑

r∈R
∑
s∈S

∑
k∈Krs

(
f e,N
k,rs + f e,I

k,rs

)
δe

ak.rs, ∀a ∈ Ach (20)

Cons-Time:

ta(xrg
a ) = t0

a

1 + 0.15

(
xrg

a

Crg
a

)4
, ∀a ∈ Arg (21)

ta(xch
a ) =

Ee

pe + tch,max
a

(
xch

a
Cch

a

)3

, ∀a ∈ Ach (22)

where xrg
a and xch

a denote aggregated flow on link a. The parameter t0
a denotes the free-flow

travel time on a regular link a ∈ Arg and Crg
a denotes the capacity of the corresponding

road segment. For charging stations (CSs), pe denotes average service rate, tch,max
a denotes

maximum waiting time and Cch
a denotes the station capacity. Finally, Arg and Ach denote

the set of regular links and charging links in the traffic network, respectively.
The constraint set Cons-Flow enforces flow conservation in the TN. Specifically, con-

straints (19)–(20) describe the relationship between path flows and link flows. The constraint
set Cons-Time specifies the travel time formulations for different link types. For a regular
link a ∈ Arg, constraint (21) models the link travel time using the Bureau of Public Roads
(BPR) function as a function of xrg

a . For a charging link a ∈ Ach, constraint (22) captures the
queuing behavior at the charging station based on an M/M/c/K queueing model, which
is commonly used to represent systems with c servers and a maximum system capacity of
K customers. In constraint (22), the first term corresponds to the charging time, while the
second term represents the expected queuing delay.

The above-mentioned UE model, which accounts for the proportion of users adopting
subscription-based and path-based rewards, is formulated as follows:

minCUE = ∑
a∈Arg

∫ xrg
a

0 ηta(ω)dω + ∑
a∈Ach

∫ xch
a

0 [ηta(ω) + λaEe]dω

+
1
θ

∑
r∈R

∑
s∈S

(qg,I
rs ln qg,I

rs + qg,N
rs ln qg,N

rs + qe,I
rs ln qe,I

rs + qe,N
rs ln qe,N

rs )

− ∑
r∈R

∑
s∈S

∑
k∈Krs

( f g,I
k,rsmg

k,rs + f e,I
k,rsme

k,rs)− ∑
r∈R

∑
s∈S

(qg,I
rs hg

rs + qe,I
rs he

rs)

(23)

subject to: (1)–(8), (13)–(22)

2.3. Operation Model for Power–Traffic Operator (Leader Problem)

The coupled network operators aim to promote social welfare, which comprises the
travel time cost in the TN as given in (30) and the total economic cost in the PDN as given
in (31). The travel time cost includes the time spent on regular links, as well as the waiting
and charging times at CSs, which are converted into monetary cost using η.

C = CTN + CPDN (24)

To prevent drivers from engaging in socially inefficient behaviors, such as making
unnecessary detours or cyclic trips solely to obtain rewards, the model imposes that
the utility gained from rewards on any path does not exceed the minimum generalized
travel cost.

ug,I
rs ≥ 0, ue,I

rs ≥ 0, ∀r ∈ R, s ∈ S (25)
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mg
k,rs ≥ 0, me

k,rs ≥ 0, ∀r ∈ R, s ∈ S (26)

In the subscription-based reward scheme, h
g
rs and h

e
rs are defined as upper bounds

denoting the maximum reward granted to subscribers on OD pair r-s.

0 ≤ hg
rs ≤ h

g
rs (27)

0 ≤ he
rs ≤ h

e
rs (28)

Let B denote the total reward budget. Accordingly, the budget constraint is imposed
to ensure that the total reward does not exceed budget.

Cre = ∑
r∈R

∑
s∈S

∑
k∈Krs

( f g,I
k,rsmg

k,rs + f e,I
k,rsme

k,rs) + ∑
r∈R

∑
s∈S

(qg,I
rs hg

rs + qe,I
rs he

rs) ≤ B (29)

The total traffic delay cost can be expressed as follows:

CTN = η

 ∑
a∈Arg

ta(xrg
a )·xrg

a + ∑
a∈Ach

ta(xch
a )·xch

a

 (30)

Consider a radial distribution network consisting of a set of buses and branches. The
slack bus is indexed by 0, and each branch is denoted by the pair (i, j), indicating a directed
connection from buses i to bus j. The ACOPF problem aims to minimize the total operating
cost of the PDN, which includes local generation costs and the cost of electricity procured
from the main grid, and is formulated as follows:

CPDN = ∑
j
[am(Pg

j )
2
+ bmPg

j ] + λ0∑
k

P0k (31)

where the first term denotes the generation cost of local distributed generators, and the
second term denotes the cost of electricity purchased from the main grid. am and bm denote
the quadratic and linear cost coefficients of generator m. P0k denotes the active power
purchased from the main grid and λ0 is the electricity price from the main grid.

The relationship between line flows and bus voltages in the PDN is given as follows:

Pg
j + Pij − rij Iij = ∑

k∈Ω(j)
Pjk + PL,j + PFCS,j, ∀j ∈ N+ (32)

Qg
j + Qij − xij Iij = ∑

k∈Ω(j)
Qjk + QL,j, ∀j ∈ N+ (33)

Ui − U j = 2(rijPij + xijQij)− (r2
ij + x2

ij)Iij, ∀(i, j) ∈ L (34)

Ui Iij ≥
(

Pij
)2

+
(
Qij
)2, ∀(i, j) ∈ L (35)

0 ≤ Pg
j ≤ Pmax

j , ∀j ∈ N+ (36)

Qmin
j ≤ Qg

j ≤ Qmax
j , ∀j ∈ N+ (37)

U2
min ≤ Ui ≤ U2

max, ∀j ∈ N+ (38)

0 ≤ Iij ≤ I2
max, ∀(i, j) ∈ L (39)

Pmin
ij ≤ Pij ≤ Pmax

ij , ∀(i, j) ∈ L (40)

Qmin
ij ≤ Qij ≤ Qmax

ij , ∀(i, j) ∈ L (41)
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where Pg
j and Qg

j denote active and reactive power outputs of distributed generators (DGs),
respectively. Pij and Qij denote the active and reactive power flows on branch ij. rij and xij

denote the resistance and reactance of branch ij, respectively. Iij and Ui denote the squared
current amplitude on branch ij and the squared voltage amplitude at bus i, respectively.
PL,j and QL,j denote the regular active and reactive load demand at bus j. PFCS,j denote the
charging load demand of the fast-charging station supplied by bus j, which is determined
through its interaction with the transportation network. Pmax

j and Qmax
j are the upper

limits of the active and reactive power outputs of DGs, respectively, while Qmin
j denotes

the lower limit of the reactive power output. Umax and Umin denote the upper and lower
voltage limits, respectively, and Imax denotes upper limits of the branch current. Pmax

ij , Pmin
ij ,

Qmax
ij and Qmin

ij denote the upper and lower limits of the active and reactive power flows
on branch ij. N+ denotes the set of buses, and L denotes the set of branches. If t a branch is
directed from bus k to bus j, k ∈ Ω(j) denotes the set of all child buses of bus j.

The apparent power constraint for each line in its original form is given by:

Ui Iij =
(

Pij
)2

+
(
Qij
)2, ∀(i, j) ∈ L (42)

here the inequality in (35) is used in place of (42), and its SOC form is given as follows:∥∥∥∥∥∥∥
2Pij

2Qij

Iij − Ui

∥∥∥∥∥∥∥
2

≤ Iij + Ui, ∀(i, j) ∈ L (43)

This relaxation has been shown to be exact, and a detailed proof of the equivalence
between (35) and (42) is provided in [30].

2.4. Summary

The bilevel optimization formulation is presented as follows:

min
hg ,he ,mg ,me ,fg,I ,fg,N ,fe,I ,fe,N ,qg,I ,qe,I

C (44)

subject to: (24)–(34), (36)–(41), (43).(
fg,I , fg,N , fe,I , fe,N , qg,I , qe,I

)
∈ argminCUE (45)

subject to: (1)–(8), (13)–(22).
Where variables in bold denote vectors. The leader’s main decisions are the

subscription-based and path-based reward vectors hg, he, mg and me for GVs and EVs,
respectively. The follower problem solves a UE parameterized by mg and me, incorporating
a discrete choice model with parameters hg and he. Anticipating the followers’ optimal
responses, the leader can then select the strategy that best aligns with its own objective.

3. Solution Methodology
We first derive a single-level reformulation of the problem in Section 3.1 based on the

Karush–Kuhn–Tucker (KKT) conditions. To enable tractable computation, the nonlinear
and bilinear terms in the reformulated model are then linearized in Section 3.2, resulting in
a tractable mixed-integer second-order cone (SOC) programming (MISOCP) problem.

3.1. Single-Level KKT Reformulation

As shown in Figure 3, at the upper level, the operational center designs a budget-
constrained incentive scheme, including subscription-based and path-based rewards, to
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improve social welfare. At the lower level, drivers voluntarily decide whether to participate
in the scheme and choose their routes and charging behaviors to minimize individual
generalized travel costs under the given incentives. Since the lower-level problem is
convex, it can be equivalently reformulated using its KKT conditions.

Figure 3. Architecture for the interaction mechanism between drivers and operators.

The Lagrangian multipliers associated with the flow conservation constraints (1)–(4)
are denoted by λ

g,I
rs , λ

g,N
rs , λe,I

rs and λe,N
rs , with bold face symbols indicating vector-valued

multipliers. The Lagrangian function of the follower problem is then given by:

L
(

fg,I , fg,N , fe,I , fe,N , qg,I , qe,I ,λg,I ,λg,N ,λe,I ,λe,N
)
=

CUE − ∑
r∈R

∑
s∈S

λ
g,I
rs ( ∑

k∈Krs

f g,I
k,rs − qg,I

rs )− ∑
r∈R

∑
s∈S

λ
g,N
rs ( ∑

k∈Krs

f g,N
k,rs − qg

rs + qg,I
rs )

− ∑
r∈R

∑
s∈S

λe,I
rs ( ∑

k∈Krs

f e,I
k,rs − qe,I

rs )− ∑
r∈R

∑
s∈S

λe,N
rs ( ∑

k∈Krs

f e,N
k,rs − qe

rs + qe,I
rs )

(46)

The convex follower problem can be replaced by its KKT conditions, thereby reducing
the bilevel model to a single-level problem. The following conditions must then hold:

f g,I
k,rs

∂L

∂ f g,I
k,rs

= 0,
∂L

∂ f g,I
k,rs

≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (47)

f g,N
k,rs

∂L

∂ f g,N
k,rs

= 0,
∂L

∂ f g,N
k,rs

≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (48)

f e,I
k,rs

∂L
∂ f e,I

k,rs

= 0,
∂L

∂ f e,I
k,rs

≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (49)

f e,N
k,rs

∂L
∂ f e,N

k,rs

= 0,
∂L

∂ f e,N
k,rs

≥ 0, ∀r ∈ R, s ∈ S, k ∈ Krs (50)

qg,I
rs

∂L

∂qg,I
rs

= 0,
∂L

∂qg,I
rs

≥ 0, ∀r ∈ R, s ∈ S (51)

qe,I
rs

∂L
∂qe,I

rs
= 0,

∂L
∂qe,I

rs
≥ 0, ∀r ∈ R, s ∈ S (52)

∂L

∂λ
g,I
rs

= 0,
∂L

∂λ
g,N
rs

= 0, ∀r ∈ R, s ∈ S (53)

∂L
∂λe,I

rs
= 0,

∂L
∂λe,N

rs
= 0, ∀r ∈ R, s ∈ S (54)
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The partial derivative of the Lagrangian function with respect to f g,N
k,rs is given by:

∂L
∂ f g,I

k,rs

= ∂CUE
∂xa

∂xa

∂ f g,I
k,rs

− λ
g,I
rs =

(
∑

a∈Arg

ηta(xa)

)
δrs

ak − mg
k,rs − λ

g,I
rs

= cg
k,rs − mg

k,rs − λ
g,I
rs , ∀r ∈ R, s ∈ S, k ∈ Krs

(55)

Following a similar derivation, the following expressions can be obtained:

∂L

∂ f g,N
k,rs

= cg
k,rs − λ

g,N
rs , ∀r ∈ R, s ∈ S, k ∈ Krs (56)

∂L
∂ f e,I

k,rs

= ce
k,rs − me

k,rs − λe,I
rs , ∀r ∈ R, s ∈ S, k ∈ Krs (57)

∂L
∂ f e,N

k,rs

= ce
k,rs − λe,N

rs , ∀r ∈ R, s ∈ S, k ∈ Krs (58)

∂L

∂qg,I
rs

=
1
θ

ln
qg,I

rs

qg
rs − qg,I

rs
− hg

rs + λ
g,I
rs − λ

g,N
rs , ∀r ∈ R, s ∈ S (59)

∂L
∂qe,I

rs
=

1
θ

ln
qe,I

rs

qe
rs − qe,I

rs
− he

rs + λe,I
rs − λe,N

rs , ∀r ∈ R, s ∈ S (60)

where cg
k,rs and ce

k,rs denote the travel costs of GVs and EVs on path k for OD pair r-s,
respectively.

Given that qg,I
rs and qe,I

rs are nonzero, (51)–(52)can be rewritten as:

∂L

∂qg,I
rs

= 0, ∀r ∈ R, s ∈ S (61)

∂L
∂qe,I

rs
= 0, ∀r ∈ R, s ∈ S (62)

The single-level KKT reformulation of bilevel optimization formulation is summarized
as follows:

min
hg ,he ,mg ,me ,fg,I ,fg,N ,fe,I ,fe,N ,qg,I ,qe,I

C (63)

subject to:
(1)–(8), (13)–(16)

(24)–(34), (36)–(41), (43)
(47)–(50), (61)–(62)

3.2. Model Linearization Techniques

CTN contains nonlinearities arising from the BPR function on regular links and from
the queuing model used to characterize charging and waiting times. To handle these
nonlinearities, a piecewise linear approximation based on a special ordered set of type 2
(SOS2) is employed. This approach has been widely adopted in traffic assignment studies
and is consistent with the methodologies in [31,32]. Another type of nonlinearity in
(61)–(62) involves logarithmic functions, which can be linearized using the same approach.
The number of segments is determined offline by numerical optimization to achieve a
trade-off between computational efficiency and approximation accuracy.
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The complementarity conditions in constraints (47)–(50) and (7)–(8) can be converted
into an equivalent mixed-integer linear formulation via the Big-M method, with the inclu-
sion of binary variables:

0 ≤ f g,I
k,rs ≤ M1(1 − vg,I

k,rs), ∀r ∈ R, s ∈ S, k ∈ Krs (64)

0 ≤ cg
k,rs − mg

k,rs − λ
g,I
rs ≤ M2vg,I

k,rs, ∀r ∈ R, s ∈ S, k ∈ Krs (65)

where a binary variable vg,I
k,rs is introduced to indicate whether a given path is selected.

The Big-M constants M1 and M2 are chosen to be sufficiently large, corresponding to the
OD demand and the maximum perceived path cost, respectively. The remaining cases,
including subscription-based GV drivers and non-subscription GV and EV drivers, can be
handled in an analogous manner.

The bilinear terms in (29) are linearized using a binary expansion approach, where
the reward variables are discretized into multiple equal intervals represented by binary
variables, mitigating the relaxation errors associated with the McCormick envelope method.
As an illustrative example, consider the bilinear term xy:

x = xmin +
N

∑
n=1

2N−nun∆τ, un ∈ {0, 1} (66)

where ∆τ = (τmax − τmin)/(2N − 1) denotes the minimum interval. The bilinear term can
then be formulated as:

xy = xminy +
N

∑
n=1

2N−nuny∆τ = xminy +
N

∑
n=1

2N−nvn∆τ (67)

where auxiliary variables vn = uny are introduced and linearized as follows:{
yminun ≤ vn ≤ ymaxun

ymin(1 − un) ≤ y − vn ≤ ymax(1 − un)
(68)

With the above transformations, the original bilevel program is reformulated as a
mixed-integer second-order cone program (MISOCP), which can be efficiently solved using
off-the-shelf solvers such as Gurobi [33].

4. Case Studies
4.1. Example System

In this section, system consisting of a 20-link traffic network [34] and a modified IEEE
33-bus power distribution network [35] is employed to validate the effectiveness of the
proposed scheme, as illustrated in Figure 4. The base values of traffic flow in the TN and
power demand in the PDN are set to 10 vehicles/hour and 10 MVA, respectively. The lower
and upper voltage limits are 0.9 p.u. and 1.1 p.u. The cost coefficients am and bm associated
with local distributed generators are set to 0.3 $/(MW)2 and 200 $/MW, respectively. The
average charging rate per EV is assumed to be pe = 50 kW. The electricity price from
the main grid is set to 200 $/MW. The parameters Pmax

j , Qmax
j and Qmin

j are set to 5 MW,
2.5 MVar and −2.5 MVar, respectively. The charging price at charging stations is set to
220 $/MW. In the TN, 11 O–D pairs are considered, all departing from the northwest and
traveling toward the southeast, with the corresponding traffic demands listed in Table 2.
Eight CSs are connected to buses 4, 7, 10, 16, 19, 25, 27 and 31 in the PDN. The monetary
cost of travel time is set to 10 $/h.
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Figure 4. Topology of the coupled power–traffic system.

Table 2. Traffic demands (P.U.).

OD Pair EV Demand GV Demand

1–6 10 30
1–10 5 60
1–11 10 40
1–12 5 40
4–9 10 50

4–12 10 40
3–6 10 30

3–10 5 50
3–11 10 40
3–12 5 50
4–10 10 40

The optimization problem is solved using Gurobi 12.0 via Yalmip platform [36] in
MATLAB 2022b, running on a computer equipped with an Intel i9-13900H CPU (2.6 GHz)
and 32 GB memory.

4.2. Result Analyses

Figures 5 and 6 illustrate the path flows and the corresponding travel costs for the
selected OD pair 4–12 of gasoline vehicles (GVs) and electric vehicles (EVs). The figures
compare the actual travel costs and the perceived generalized travel costs using line plots.
Specifically, the red curves represent the path travel costs, while the blue bars denote the
actual path flows and the corresponding travel cost budgets. The simulation results show
that, for all paths with nonzero flows, the generalized travel cost reaches the minimum
among all feasible paths.
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(a) (b) 

Figure 5. Path flows and travel costs of GVs for OD pair 4–12. (a) Incentivized gasoline vehicles on
OD pair 4–12; (b) Non-incentivized gasoline vehicles on OD pair 4–12.

  
(a) (b) 

Figure 6. Path flows and travel costs of EVs for OD pair 4–12. (a) Incentivized electric vehicles on OD
pair 4–12; (b) Non-incentivized electric vehicles on OD pair 4–12.

Drivers first decide whether to participate in the incentive scheme and then select
routes based on the resulting generalized travel costs. According to the logit choice model,
approximately 64% of GV drivers on OD pair 4–12 are incentivized. These drivers receive
a fixed subscription reward of $0.12 and path-based rewards of $0.46 and $0.48 on paths
167 and 168, respectively. Similarly, about 64% of EV drivers are incentivized on path 236,
receiving a subscription reward of $0.08 and a path-based reward of $0.59.

After the subscription-based rewards are provided, drivers may either retain their
original routes or switch to alternative routes based on the updated generalized travel
costs. For example, before the rewards are offered, drivers predominantly choose the
path 4→8→11→12 due to its lowest travel cost. After the subscription reward of $0.12 is
introduced, approximately 64% of drivers voluntarily participate in the incentive scheme,
reflecting an endogenous participation decision under the logit model. Among the partici-
pating drivers, around 30% continue to select the path 4→8→11→12 and receive a path
reward of $0.46, while the remaining 70% switch to the path 4→8→9→12 and obtain a
higher reward of $0.48.

5. Discussions
In this section, the operational results are compared with the user equilibrium in

Section 5.1. A sensitivity analysis is performed in Section 5.2, and the feasibility and
effectiveness of the proposed model are demonstrated through four incentive scheme
models in Section 5.3.

5.1. Comparison of Operational Results Against the Baseline UE

We first compare the network conditions under uncoordinated and coordinated oper-
ations. In the uncoordinated scenario, drivers independently determine their routes and
charging decisions by minimizing individual travel costs, without any intervention from
the coupled power–traffic network operator, which results in a user equilibrium (UE) flow.
Under coordinated operation, the coupled operator provides incentive rewards to drivers
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with the objective of maximizing social welfare. Figure 7 illustrates the unregulated UE
flow and the traffic flow patterns under the proposed coordinated reward scheme in the TN.
By offering rewards, the operator encourages drivers to divert from congested inner links
to peripheral routes, thereby alleviating congestion on links in the central district while
maintaining the secure and economic operation of the coupled networks. The standard
deviation of charging flows in the TN is reduced from 1.89 p.u. to 1.35 p.u., indicating that
the charging demand among different charging stations is more evenly distributed with
the incorporation of the incentive scheme.

Figure 7. Distribution of traffic flow under different coordination schemes.

By comparing the flow distributions in the UE and coordinated operation scenarios,
it is evident that the coordinated operation allocates rewards to influence route choice.
This mechanism encourages users to distribute traffic over a larger set of routes, thereby
mitigating congestion. As a result, the flow distribution under the coordinated operation is
more balanced than in the UE scenario, where traffic is concentrated on a limited number
of paths. Specifically, the total number of paths utilized by EVs increases from 16 in the UE
scenario to 21 under the coordinated operation. Figure 8 presents the congestions levels on
each link under the mixed-equilibrium scenario and the corresponding congestion levels
in the TN. The congestion level is quantified as the link flow that causes the travel time to
reach 1.5 times the free-flow travel time, representing a threshold for severe congestion. As
shown, four links are congested under the initial UE state, and congestion is alleviated on
three of these links after incorporating incentive scheme.

Figure 8. Congestion levels on each link in the TN.

To ensure the operational security of the PDN, the voltage magnitude at each bus
is analyzed, as illustrated in Figure 9. This figure presents the voltage magnitudes of all
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33 buses both before and after implementing the incentivization scheme, with distributed
generators installed at buses 18 and 33. As expected, the voltages at buses 18 and 33 are
higher than those at the other buses, primarily due to the local energy injection from the
distributed generators in combination with the continuous energy support from the main
grid. Despite these variations, all bus voltages remain within the acceptable operating
range of 0.95–1.01 p.u., reflecting satisfactory voltage regulation throughout the network.
Furthermore, the coordinated operation reduces voltage fluctuations across all buses,
resulting in a more stable and uniform voltage profile, which highlights the effectiveness
and potential benefits of the coordinated reward-based approach for maintaining PDN
operational stability.

Figure 9. Bus voltage in different scenarios in PDN.

To illustrate the distribution of benefits across OD pairs, Figure 10 compares the travel
costs of GVs and EVs under different scenarios. As shown in the figure, all participating
gasoline and electric vehicle users experience cost reductions after the implementation of
the incentivization scheme, although the magnitude of the benefits varies across OD pairs.
For non-participating gasoline and electric vehicle users, travel costs on a few OD pairs
(32%) increase slightly due to traffic reallocation effects; however, the majority of OD pairs
still exhibit cost decreases. Overall, these results indicate that the proposed incentiviza-
tion scheme generates positive user-level impacts and distributes benefits broadly across
the network.

 
(a) (b) 

Figure 10. Comparison of travel costs across OD pairs under different scenarios. (a) Gasoline vehicles
(GVs); (b) Electric vehicles (EVs).

5.2. Sensitivity Analysis

The objective of this section is to evaluate the effects of the utility sensitivity parameter
θ in the logit choice model and the drivers’ value of time η on model performance. In the
utility and travel cost formulations adopted in this study, these parameters characterize
drivers’ willingness to participate in the reward scheme and the sensitivity of travel cost,
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respectively. The sensitivity coefficient θ is set to a value around 1, which is commonly
adopted in the literature to represent a moderate level of user rationality in subscription
decisions, consistent with [23]. The parameter η converts time units into monetary units.
A relatively low value is adopted in this study, consistent with empirically observed
estimates of travel time [37]. To investigate their impacts on the model outcomes, a series of
simulations are conducted under different parameter settings by solving the mixed-integer
second-order cone programming (MISOCP) model.

Figure 11 illustrates the variation in the proportion of incentivized drivers under
different parameter settings. The results indicate that a higher utility sensitivity coefficient
(θ) and a lower value of time (η) lead to an increased proportion of incentivized drivers,
with the proportion being more sensitive to θ. Specifically, within the range of θ = 0.8–1.1,
the proportion of incentivized drivers increases approximately linearly with θ. When
θ exceeds 1.1, the growth rate gradually slows, because although drivers become more
responsive to rewards, the path-based subsidies are constrained by the available budget,
limiting further increases in the proportion of incentivized drivers.

Figure 11. Proportion of incentivized drivers under different parameter settings.

In contrast, the proportion of incentivized drivers is less sensitive to variations in η.
Within the range of θ = 0.8–1.4, the proportion decreases as η increases. This behavior
can be explained as follows: as η rises, drivers’ perceived travel costs increase, leading to
larger cost differentials across alternative paths. Consequently, the leader must offer higher
path-based subsidies to induce route shifts. However, under a limited budget, the subsidies
cannot be sufficiently increased, which reduces their effectiveness in motivating drivers to
change paths.

5.3. Comparison of Different Incentive Scheme Models

Four different incentive scheme models are presented to illustrate the feasibility and
effectiveness of the proposed model.

Case 1: The choice model is relaxed, allowing the coupled power–traffic operator to
fully control the proportion of incentivized drivers.

Case 2: The link-based incentive strategy, consistent with reference [21] is adopted as
a benchmark to represent existing incentive schemes.

Case 3: Only path-based rewards are provided to regulate the network and guide
drivers, while the subscription-based rewards are set to zero.

Case 4: Both subscription-based rewards and path-based rewards are considered in
this paper.

The travel and charging/waiting time in the TN and the operating cost in the PDN
together with the total subscription-based cost, total path-based cost, and overall cost to
maximize social welfare are presented in Table 3.
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Table 3. Experiment results for the four models.

Cases Travel Time in TN
(Min)

Operating Cost in
PDN ($)

Total Path-Based
Costs ($)

Total Subscription-Based
Costs ($) Total Costs ($)

Case 1 15,476.00 1682.43 246.0 0 246.0
Case 2 15,477.08 1682.11 523.3 0 523.3
Case 3 15,475.83 1682.50 270.9 0 270.9
Case 4 15,476.08 1682.48 136.3 88.4 224.7

Case 1 represents the scenario in which drivers are insensitive to their choices, and
the coupled power–traffic system operator is assumed to directly control the proportion of
incentivized drivers. Such an assumption may be less realistic in practice, as it neglects the
endogenous decision-making process of drivers regarding whether to participate in the
incentive scheme.

From a global perspective, the network performance improvement achieved in Case 2
is inferior to that obtained in Case 4. This is mainly because Case 2 adopts a link-based
incentive strategy, which restricts reward allocation to individual links rather than entire
paths. As a result, Case 2 lacks the flexibility to guide drivers’ route and charging decisions
in a differentiated manner across alternative paths. Instead, driver behavior is influenced in
a relatively coarse and generalized way at the link level. This structural limitation reduces
the variability of reward allocation, thereby leading to suboptimal network performance
and higher incentive costs compared with the path-based strategies. The comparison
between Case 4 and Case 2 further confirms that path-based incentive schemes are generally
more effective in achieving better budget efficiency.

Case 3 demonstrates the effectiveness of path-based rewards and shows that the
discrete choice model constraints can be satisfied even in the absence of subscription-based
rewards. However, this advantage comes at the expense of a relatively high incentive cost.
Although subscription-based rewards are not required in Case 3, the reliance on path-based
rewards alone necessitates higher reward levels to induce the desired behavioral responses,
which significantly increases the overall incentive expenditure. In contrast, Case 4 exhibits
superior performance relative to Case 3. While the introduction of subscription-based
rewards incurs additional costs, it effectively reduces the dependence on high path-based
rewards, leading to a lower total reward cost. This result highlights the benefits of jointly
implementing subscription-based and path-based incentive mechanisms, which enables a
more balanced trade-off between system performance improvement and budget efficiency.

5.4. Computational Performance

For larger networks, the enumeration of all possible alternative paths is computation-
ally infeasible. Therefore, a representative path set is generated offline, where each path
contains a maximum of 12 links based on the corresponding OD pair. During path set
generation, repeated node visits are avoided as a data preprocessing step. It is assumed
that electric vehicles must pass through at least one charging-related link based on their re-
maining energy, while gasoline vehicles have no charging-related links along their paths. In
this study, 306 paths are generated for gasoline vehicles and 496 paths for electric vehicles.

The resulting optimization problem contains 1868 continuous decision variables,
1392 binary variables, and 3024 constraints, including SOC and SOS2 constraints for power
network and traffic-flow modeling. To solve this MISOCP problem efficiently, the Gurobi
solver was employed with the following settings: MIPFocus = 1 to balance optimality and
feasible solution search, Cuts = 2 to enhance cut generation, Heuristics = 0.3 to enable
moderate heuristic search, Presolve = 2 for preprocessing, and NumericFocus = 1 to improve
numerical stability. With these settings, the computational time for solving the full-scale
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problem is 929 s. Since the traffic assignment model is static in this paper, the computation
time is acceptable for practical purposes.

6. Conclusions
This paper designed reward schemes to guide drivers from the perspective of a

coupled power–traffic operator, aiming to maximize social welfare for the coordinated
operation of coupled power–traffic networks. By designing subscription-based and path-
based reward schemes and explicitly modeling travelers’ behavioral responses through a
logit-based adoption model embedded within a traffic assignment framework, the complex
interactions between system operators and individual drivers were captured. Numerical
results demonstrate that the proposed joint subscription-based and path-based incentive
schemes significantly improve the operational efficiency of coupled power and transporta-
tion networks, outperforming traditional price-based mechanisms. By accounting for
drivers’ responses and budget constraints, the proposed bilevel framework provides a
practical and scalable approach for system operators to achieve coordinated system op-
timality and economic dispatch. The proposed framework also offers valuable insights
into the design of incentive-based coordination mechanisms in integrated energy and
transportation systems.

This study provides a basis for multiple future extensions. With the emergence of
coupled power–traffic network operators and platforms, practical implementation becomes
increasingly feasible, enabling system operators to deploy the proposed reward mech-
anisms for coordinated operation of power–traffic networks. In this paper, the reward
mechanisms are implemented under the assumption of voluntary driver participation,
in which drivers report their chosen paths. As a path-dependent road management ap-
proach, the practical implementation of such mechanisms presents operational challenges,
including monitoring users’ path selections while protecting privacy. Future studies should
include the analysis of driver heterogeneity, applications to large-scale networks with
empirical behavioral data to improve more realistic power–traffic systems, and focus on
additional operational objectives, such as reducing peak–valley differences in PDN-TN
demands and carbon emissions. In addition, the modeling framework can be further
extended to a multi-period setting to capture both spatial and temporal benefits of the
proposed reward schemes.

Author Contributions: Conceptualization, Y.S.; methodology, Y.S.; software, Y.S.; validation, Y.Y.;
formal analysis, Y.Y.; investigation, Q.X.; resources, Q.X.; data curation, Y.S.; writing—original draft
preparation, Y.S.; writing—review and editing, Y.Y.; visualization, Y.S.; supervision, Y.Y.; project
administration, Q.X. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The research conclusions presented in this article were indepen-
dently completed by the authors. All research data can be provided to relevant researchers upon
reasonable request.

Acknowledgments: The authors would like to thank all individuals and institutions that provided
support and assistance during the course of this research.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Yuvaraj, T.; Devabalaji, K.R.; Kumar, J.A.; Thanikanti, S.B.; Nwulu, N.I. A comprehensive review and analysis of the allocation of

electric vehicle charging stations in distribution networks. IEEE Access 2024, 12, 5404–5461. [CrossRef]
2. IEA. Global EV Outlook 2025: Expanding Sales in Diverse Markets; International Energy Agency: Paris, France, 2025. Available

online: https://www.iea.org/reports/global-ev-outlook-2025 (accessed on 1 January 2026).

https://doi.org/10.3390/en19040981

https://doi.org/10.1109/ACCESS.2023.3349274
https://www.iea.org/reports/global-ev-outlook-2025
https://doi.org/10.3390/en19040981


Energies 2026, 19, 981 20 of 21

3. Liang, J.; Feng, J.; Fang, Z.; Lu, Y.; Yin, G.; Mao, X. An energy-oriented torque-vector control framework for distributed drive
electric vehicles. IEEE Trans. Transp. Electrif. 2023, 9, 4014–4031. [CrossRef]

4. Wei, W.; Mei, S.; Wu, L.; Shahidehpour, M.; Fang, Y. Optimal traffic-power Flow in urban electrified transportation networks.
IEEE Trans. Smart Grid 2017, 8, 84–95. [CrossRef]

5. Ran, L.; Qin, J.; Wan, Y.; Fu, W.; Yu, W.; Xiao, F. Fast charging navigation strategy of EVs in power-transportation networks: A
coupled network weighted pricing perspective. IEEE Trans. Smart Grid 2024, 15, 3864–3875. [CrossRef]

6. Liu, K.; Liu, Y. Stochastic user equilibrium based spatial-temporal distribution prediction of electric vehicle charging load. Appl.
Energy 2023, 339, 120943. [CrossRef]

7. Qiao, W.; Han, Y.; Si, F.; Li, K.; Wang, J.; Zhao, Q. Optimal economic-emission scheduling of coupled transportation and power
distribution networks with multi-objective optimization. IEEE Trans. Ind. Appl. 2023, 59, 4808–4820. [CrossRef]

8. Shao, C.; Li, K.; Qian, T.; Shahidehpour, M.; Wang, X. Generalized user equilibrium for coordination of coupled power-
transportation network. IEEE Trans. Smart Grid 2023, 14, 2140–2151. [CrossRef]

9. Lv, S.; Wei, Z.; Sun, G.; Chen, S.; Zang, H. Optimal power and semi-dynamic traffic flow in urban electrified transportation
networks. IEEE Trans. Smart Grid 2020, 11, 1854–1865. [CrossRef]

10. Zhou, Z.; Zhang, X.; Guo, Q.; Sun, H. Analyzing power and dynamic traffic flows in coupled power and transportation networks.
Renew. Sustain. Energy Rev. 2021, 135, 110083. [CrossRef]

11. Li, K.; Shao, C.; Li, X.; Hu, Z.; Shahidehpour, M.; Wang, X. An inverse optimization method for electric vehicle charging and
road toll pricing in coupled urban transportation and power distribution systems. IEEE Trans. Smart Grid 2024, 15, 1849–1869.
[CrossRef]

12. Qiao, W.; Han, Y.; Si, F.; Wang, J.; Zhao, Q. A carbon-tax-based pricing scheme for vehicle scheduling in coupled power-traffic
networks. IEEE Trans. Transp. Electrif. 2024, 10, 4029–4041. [CrossRef]

13. Sheng, Y.; Guo, Q.; Chen, F.; Xu, L.; Zhang, Y. Coordinated pricing of coupled urban power-traffic networks: The value of
information sharing. Appl. Energy 2021, 301, 117428. [CrossRef]

14. Xie, S.; Xu, Y.; Zheng, X. On dynamic network equilibrium of a coupled power and transportation network. IEEE Trans. Smart
Grid 2022, 13, 1398–1411. [CrossRef]

15. Cui, Y.; Hu, Z.; Duan, X. Optimal pricing of public electric vehicle charging stations considering operations of coupled transporta-
tion and power systems. IEEE Trans. Smart Grid 2021, 12, 3278–3288. [CrossRef]

16. Lv, S.; Wei, Z.N.; Chen, S.; Sun, G.Q.; Wang, D. Integrated demand response for congestion alleviation in coupled power and
transportation networks. Appl. Energy 2021, 283, 116206. [CrossRef]

17. Oladigbolu, J.; Bakare, M.S.; Motlagh, S.G.; Mujeeb, A.; Li, L. A review on transport and power systems planning-operation
integrating electric vehicles, energy storage, and other distributed energy resources. J. Energy Storage 2025, 135, 118419. [CrossRef]

18. Zhou, Z.; Zhang, X.; Guo, Q.; Sun, H. Integrated pricing framework for optimal power and semi-dynamic traffic flow problem.
IET Renew. Power Gener. 2021, 14, 3636–3643. [CrossRef]

19. Shao, C.; Li, K.; Li, X.; Hu, Z.; Shahidehpour, M.; Wang, X. A decentralized bi-level decomposition method for optimal operation
of electric vehicles in coupled urban transportation and power distribution systems. IEEE Trans. Transp. Electrif. 2024, 10,
2235–2246. [CrossRef]

20. Yuan, Q.; Sun, M.; Sheng, Y.; Guo, Q. PrivCPM: Privacy-preserving cooperative pricing mechanism in coupled power-traffic
networks. IEEE Trans. Smart Grid 2025, 16, 612–626. [CrossRef]

21. Lv, S.; Chen, S.; Wei, Z. Coordinating urban power-traffic networks: A subsidy-based Nash-Stackelberg-Nash game model. IEEE
Trans. Ind. Inform. 2023, 19, 1778–1790. [CrossRef]

22. Lv, S.; Chen, S.; Wei, Z.; Sun, G.; Chen, Z. Incentivizing the collaboration between travelers and power-traffic network operators:
An asymmetric Nash bargaining approach. IEEE Trans. Sustain. Energy 2024, 15, 1328–1340. [CrossRef]

23. Luan, M.; Rashidi, T.H.; Waller, S.T.; Rey, D. Choice-driven bilevel optimization for multiclass traffic congestion management via
eco-routing incentives. Transp. Res. B Methodol. 2025, 200, 103289. [CrossRef]

24. Yuan, Q.; Ye, Y.; Tang, Y.; Liu, X.; Tian, Q. Low Carbon Electric Vehicle Charging Coordination in Coupled Transportation and
Power Networks. IEEE Trans. Ind. Appl. 2023, 59, 2162–2172. [CrossRef]

25. Cheng, H.; Chen, S.; Lv, S.; Ye, Y.; Wei, Z. Promoting low-carbon power-traffic network operations via a carbon subsidy mechanism.
CSEE J. Power Energy Syst. 2024. [CrossRef]

26. Xie, S.; Wu, Q.; Hatziargyriou, N.D.; Zhang, M.; Zhang, Y.; Xu, Y. Collaborative pricing in a power-transportation coupled
network: A variational inequality approach. IEEE Trans. Power Syst. 2023, 38, 783–795. [CrossRef]

27. Wei, W.; Wu, L.; Wang, J.; Mei, S. Network equilibrium of coupled transportation and power distribution systems. IEEE Trans.
Smart Grid 2018, 9, 6764–6779. [CrossRef]

28. Huang, L.; Jia, Y.; Han, X.; Wang, P. Tri-Level dynamic pricing for charging network operator in coupled power-transportation
networks. IEEE Trans. Smart Grid 2025, 16, 816–828. [CrossRef]

https://doi.org/10.3390/en19040981

https://doi.org/10.1109/TTE.2022.3231933
https://doi.org/10.1109/TSG.2016.2612239
https://doi.org/10.1109/TSG.2024.3354300
https://doi.org/10.1016/j.apenergy.2023.120943
https://doi.org/10.1109/TIA.2023.3261864
https://doi.org/10.1109/TSG.2022.3206511
https://doi.org/10.1109/TSG.2019.2943912
https://doi.org/10.1016/j.rser.2020.110083
https://doi.org/10.1109/TSG.2023.3292801
https://doi.org/10.1109/TTE.2023.3313125
https://doi.org/10.1016/j.apenergy.2021.117428
https://doi.org/10.1109/TSG.2021.3130384
https://doi.org/10.1109/TSG.2021.3053026
https://doi.org/10.1016/j.apenergy.2020.116206
https://doi.org/10.1016/j.est.2025.118419
https://doi.org/10.1049/iet-rpg.2020.0150
https://doi.org/10.1109/TTE.2023.3284783
https://doi.org/10.1109/TSG.2024.3406572
https://doi.org/10.1109/TII.2022.3182124
https://doi.org/10.1109/TSTE.2023.3343723
https://doi.org/10.1016/j.trb.2025.103289
https://doi.org/10.1109/TIA.2022.3230014
https://doi.org/10.17775/CSEEJPES.2023.06380
https://doi.org/10.1109/TPWRS.2022.3162861
https://doi.org/10.1109/TSG.2017.2723016
https://doi.org/10.1109/TSG.2024.3403897
https://doi.org/10.3390/en19040981


Energies 2026, 19, 981 21 of 21

29. Lv, S.; Chen, S.; Wei, Z.; Zhang, H. Power–transportation coordination: Toward a hybrid economic-emission dispatch model.
IEEE Trans. Power Syst. 2022, 37, 3969–3981. [CrossRef]

30. Farivar, M.; Low, S.H. Branch flow model: Relaxations and convexification—Part I. IEEE Trans. Power Syst. 2013, 28, 2554–2564.
[CrossRef]

31. Yuan, Q.; Ye, Y.; Tang, Y.; Liu, Y.; Strbac, G. A novel deep-learning based surrogate modeling of stochastic electric vehicle traffic
user equilibrium in low-carbon electricity-transportation nexus. Appl. Energy 2022, 315, 118961. [CrossRef]

32. Sheng, Y.; Zeng, H.; Guo, Q.; Yu, Y.; Li, Q. Impact of customer portrait information superiority on competitive pricing of EV
fast-charging stations. Appl. Energy 2023, 348, 121412. [CrossRef]

33. Gurobi Optimization, LLC. Gurobi Optimizer Reference Manual. 2024. Available online: https://www.gurobi.com (accessed on
4 January 2026).

34. Xie, L.; Xie, S.; Chen, K.; Zhang, Y.; Chen, Z. Pricing strategy of charging station in power-transportation coupling network
considering user travel cost budget. Autom. Electr. Power Syst. 2024, 48, 201–209. [CrossRef]

35. Baran, M.E.; Wu, F.F. Network reconfiguration in distribution systems for loss reduction and load balancing. IEEE Trans. Power
Deliv. 1989, 4, 1401–1407. [CrossRef]

36. Lofberg, J. YALMIP: A Toolbox for modeling and optimization in MATLAB. In Proceedings of the 2004 IEEE International
Conference on Robotics and Automation (IEEE Cat. No.04CH37508), New Orleans, LA, USA, 26 April–1 May 2004; pp. 284–289.
[CrossRef]

37. Small, K.A. Valuation of travel time. Econ. Transp. 2012, 1, 2–14. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/en19040981

https://doi.org/10.1109/TPWRS.2021.3131306
https://doi.org/10.1109/TPWRS.2013.2255317
https://doi.org/10.1016/j.apenergy.2022.118961
https://doi.org/10.1016/j.apenergy.2023.121412
https://www.gurobi.com
https://doi.org/10.7500/AEPS20230628010
https://doi.org/10.1109/61.25627
https://doi.org/10.1109/CACSD.2004.1393890
https://doi.org/10.1016/j.ecotra.2012.09.002
https://doi.org/10.3390/en19040981

	Introduction 
	Model Formulation 
	Overall Framework 
	Operation Model of EV/GV Drivers (Follower Problem) 
	Operation Model for Power–Traffic Operator (Leader Problem) 
	Summary 

	Solution Methodology 
	Single-Level KKT Reformulation 
	Model Linearization Techniques 

	Case Studies 
	Example System 
	Result Analyses 

	Discussions 
	Comparison of Operational Results Against the Baseline UE 
	Sensitivity Analysis 
	Comparison of Different Incentive Scheme Models 
	Computational Performance 

	Conclusions 
	References

