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ABSTRACT: To address the impact of electric vehicle (EV) aggregation services on distribution network operation,
this paper proposes a look-ahead vehicle-to-grid (V2G)-aware distribution optimal power flow (DOPF) approach that
explicitly incorporates the time-varying V2G control errors arising from EV battery dispatch into real-time DOPF
decisions. The V2G dispatch model is reformulated into a decomposable structure comprising one master problem and
multiple subproblems, where the master problem updates the Lagrange multipliers and each subproblem optimizes
the charging and discharging schedule of an individual EV. An enhanced consensus alternating direction method of
multipliers algorithm is further developed by incorporating a tailored warm-start strategy to improve computational
efficiency. Numerical simulations are performed on distribution networks with a fleet of EVs managed by a real-world
EV aggregator. The results demonstrate that the proposed method can effectively account for time-varying V2G control
errors and improve the performance of real-time DOPF operation.

KEYWORDS: Vehicle-to-grid; electric vehicle; distribution optimal power flow; alternating direction method of
multipliers

1 Introduction
With the continuous development of vehicle-to-grid (V2G) and fast charging technologies [1], the

aggregated scheduling of numerous electric vehicles (EVs) effectively creates large-scale, virtual energy
storage within urban load centers, enabling participation in grid dispatch [2]. Consequently, EVs can supply
power back to the grid during peak hours, providing load response regulation and offering sufficient capacity
to accommodate the ongoing integration of renewable energy. From a technical and economic perspective,
an EV aggregation control system that coordinates with distribution optimal power flow (DOPF) provides
essential regulation resources for flexible distribution network (DN) operation [3,4], and can be deployed
in load centers without occupying additional land, offering long-term benefits. The EV aggregator, as an
intermediary operator, interfaces between the DN and end users—including distributed generation, flexible
loads, battery storage, and EVs—to support reliable and efficient DN operation [5–7]. For simplicity, we
assume an aggregator coordinates only EVs with V2G contracts and performs day-ahead battery dispatch
optimization (BDO) to schedule charging and discharging power following an aggregate signal prescribed
by the distribution system operator (DSO) [8]. In most cases, the V2G control error is inherent from
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the uncertainty of EVs’ availability for an aggregator [9]. However, the traditional DOPF approaches did
not consider the V2G control error inherent in practical V2G services, which may lead to inefficient
DOPF solutions.

For a DSO, the DOPF approaches have considered the integration of EV aggregation services in
distribution systems. Early centralized frameworks treated EV aggregators as controllable nodal injections
using second-order cone relaxation for efficient computation [10]. To address computational challenges for
the DOPF and V2G scheduling together, decentralized optimization using the alternating direction method
of multipliers (ADMM) has emerged as a particularly promising approach [11]. With multi-layer ADMM
frameworks, decentralized V2G optimization can enable autonomous EV coordination for ancillary services,
while maintaining voltage regulation across distribution buses [12]. Market-based coordination mechanisms
have also been developed, including a two-stage optimization mechanism for managing energy and ancillary
service markets at the transmission-distribution interface, where EV and demand response aggregators
provide regulation capacity alongside conventional resources, reducing system costs by approximately
10% [13]. Game-theoretic approaches have further extended this literature, where DSOs request flexibility
from EV aggregators based on DOPF solutions, and aggregators recruit EVs through non-cooperative game-
based price coordination that explicitly accounts for transportation system constraints [14]. Recent work has
conceptualized EV-centric technical virtual power plants that synthesize physical-economic bidirectional
mapping incorporating nonlinear power flow constraints and node voltage limits, multi-market coupling
mechanisms evolving from unilateral energy bidding to coordinated participation in carbon trading and
ancillary services, and real-time control strategies evaluating trade-offs between optimization and artificial
intelligence approaches [15]. However, from the perspective of the DSO, these works fail to consider the
impact of V2G control errors on DOPF for efficient distribution system operation.

For an EV aggregator, the optimal control problem of clustered EV battery charging and discharging
is performed in the battery dispatch optimization problems. Most existing literature adopts battery charg-
ing/discharging models based on mixed-integer linear programming (MILP) to satisfy the mutual exclusivity
constraint that batteries cannot charge and discharge simultaneously [8]. However, EV aggregators typically
need to manage hundreds of EV batteries, which inevitably introduces a large number of integer variables
in the clustered battery scheduling model. Moreover, the clustered EV battery scheduling model adopts
a quadratic function [16]. These two aspects make the clustered battery scheduling model essentially a
mixed-integer quadratic programming (MIQP) problem [17], posing significant computational challenges
for fast solution. Currently, two main approaches are adopted to accelerate the solution: (1) relaxing the
integer variables to transform the clustered EV battery optimization scheduling problem into a continu-
ous quadratic programming problem [18]; (2) adopting decentralized optimization methods to solve the
clustered EV battery optimization scheduling problem using decentralized algorithms [17]. For modelling
approaches using integer variable relaxation, existing studies usually adopt approximate solution methods
with relaxed integer variables to solve the clustered EV battery optimization scheduling problem. In [19],
the H-representation convex hull-linear programming (HCH-LP) method is used to establish approximate
linear constraints that avoid simultaneous charging and discharging results, allowing all integer variables
to be relaxed. Reference [18] proposed a physically realizable battery optimization scheduling model with
relaxed integer variables, which can obtain an approximately global optimal solution. Apart from optimal
dispatch calculations from computing perspective, reference [20] proposed an optimal energy dispatch
model for grid-connected EV that incorporates a lithium battery electrochemical model to improve the
accuracy of state estimation and scheduling decisions in smart grid operations. In reference [21], Porras
et al. develop a computationally efficient robust optimization approach for the day-ahead operation of
an EV aggregator, enabling reliable bidding strategies under uncertainty in electricity prices and driving
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behavior. This indicates that the uncertainty via robust optimization can be well aligned with optimal V2G
frameworks for EV aggregators. However, the approximation methods adopted in the existing literature
suffer from two major shortcomings: first, they lack rigorous theoretical justification for replacing the
charging–discharging complementary constraints; second, they fail to incorporate uncertainties, thereby
restricting their practical applicability.

In terms of decentralized optimization solutions for the V2G dispatch problem, the EV aggregator
can distribute the scheduling power target to each EV charging pile at the system level, and then each
EV charging pile independently completes the battery optimization scheduling task. In reference [8], the
disjunctive convex hull relaxation (DCHR) approach is developed for solving the BDO problem with the
high scalability of EV scheduling. By dividing the feasibility space of the BDO problem, the search space
without resorting to binary variable relaxation can be reduced, thereby reducing the dimension of integer
variables and total computation time. Ref. [22] proposed a decentralized iterative algorithm to manage
the battery charging/discharging scheduling of EV aggregators. Ref. [23] used Benders decomposition to
design the decomposition of the distribution system optimization model for EV aggregators. However, the
battery charging/discharging models adopted in these references are all linear models, which may lead to
simultaneous charging and discharging solutions. The Lagrangian relaxation method used in reference [24]
can distribute the charging power target signals of different EVs but fails to consider the V2G discharging
function of batteries; therefore, the corresponding battery scheduling model is oversimplified and cannot
be directly used for clustered EV battery optimization scheduling problems. In addition, some heuristic
distributed algorithms, such as the water-filling algorithm [25] and the whale optimization algorithm [26],
have also been reported for solving clustered EV battery optimization scheduling problems. However, the
whale optimization algorithm is a heuristic method whose optimality depends on how the hyperparameters
are set. For the water-filling algorithm, the optimal charging/discharging power targets of different EVs must
be determined in advance, but such prior information may not be available to the EV aggregator. Therefore,
unlike existing decentralized optimization methods mentioned above, this paper proposes a more robust
decentralized algorithm that significantly reduces both the total computational burden and computation
time, thereby better supporting look-ahead DOPF solutions.

To address this gap, this paper proposes a look-ahead V2G-aware DOPF approach that explicitly
considers minimizing time-varying V2G control errors of EV aggregators in real-time DOPF control,
enabling large-scale mobile EV batteries to function as flexible and large-capacity energy storage devices
in DOPF dispatch through efficient V2G aggregation services. Our main contributions are summarized as
follows:

(1) We develop a look-ahead V2G-aware DOPF approach that considers the time-varying V2G control
error of EV battery dispatch optimization in the real-time DOPF control. This proposed DOPF
approach interacts with the optimal V2G dispatch model using the V2G control signal as the intermedi-
ate variable for efficient DOPF solutions. This intermediate variable bridges the gap between the DOPF
and the aggregator-level distributed control in the look-ahead time window, ensuring that the final
dispatch solution is both economically optimal for the distribution system and physically realizable by
the heterogeneous EV fleet.

(2) For optimal V2G dispatch model of aggregators, we reformulate the optimal V2G dispatch model in
the decomposable form, which can be solved with one master problem and multiple sub-problems
for higher computational efficiency. In this decomposable model, the master problem updates the
Lagrange multipliers and each sub-problem corresponds to the charging/discharging optimization of
an individual EV. Subsequently, the enhanced consensus alternating direction method of multipliers
(C-ADMM) algorithm is developed with the designed warm-start strategy. Compared with existing
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algorithms, our proposed enhanced C-ADMM algorithm guarantees global optimality, reduces com-
putational time from exponential to linear growth with respect to the number of EVs, and minimizes
communication overhead between the aggregator and individual EVs.

The remainder of this paper is organized as follows (see summary in Fig. 1). Section 2 presents the look-
ahead V2G-aware DOPF model. Section 3 develops the C-ADMM-based battery dispatch optimization of
an EV Aggregator. Section 4 presents case studies. Finally, Section 5 draws the paper’s conclusions.

Figure 1: Paper organization with main contributions in look-ahead V2G-aware DOPF approach.

2 Look-Ahead V2G-Aware DOPF Model
Large-scale mobile EV batteries can function as flexible, large-capacity energy storage devices in

DOPF dispatch through efficient V2G aggregation services. However, the power control target is set by
the distribution network dispatch control center based on a day-ahead assumption of EV battery capacity,
which may become infeasible if the actual battery capacity is insufficient on the next day. In other words,
the traditional DOPF approach did not consider the control error from prescribed reference power vectors
from EV aggregation services, which may lead to the inefficient DOPF solutions. Thus, this paper proposes
a V2G-aware DOPF approach that accounts for EV aggregation scheduling in the real-time control.

For a DSO, if the dispatched power reference from the V2G aggregation service cannot be fully
delivered due to insufficient real-time battery power support, the distribution network may experience
voltage violations, line overloads, or increased power losses. Consequently, the DSO cannot rely solely on
day-ahead assumptions when designing optimal power flow strategies but instead requires a more robust and
adaptive framework that integrates real-time feedback from EV aggregators, accounting for actual battery
availability and response capabilities. Due to the multiple-time-step dispatch horizon, the EV aggregator first
solves its own optimization problem based on the signals received from the DSO within a dispatch period
ΔTA. The DSO subsequently solves the DOPF to obtain network reference signals for a dispatch period ΔTD,
where ΔTA > ΔTD, and these signals are then sent back to the aggregator. By embedding V2G awareness into
the look-ahead DOPF approach, the DSO can enhance grid reliability, reduce control errors, and ensure that
dispatch solutions remain feasible under practical operating conditions, as illustrated in Fig. 2. In this figure,
the look-ahead DOPF model operates with a dispatch period ΔTD, whereas the V2G-based battery dispatch
optimization model uses a dispatch period ΔTA, while the V2G control signals Pt ref are updated within the
look-ahead time window t ∈ T.
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Figure 2: Look-ahead V2G-aware DOPF dispatch framework.

In the look-ahead V2G-aware DOPF model, the second-order cone relaxation-based branch flow model
is adopted below. The optimization variables vector for this DOPF includes the V2G control target Pt ref ,
vectors of sending-end active and reactive power flows P l and Q l, nodal active and reactive power injections
Pg , Qg , vector of squared current on branches l l, and vector of squared voltage profiles v. Define αt and βt

denote the cost coefficients for the generation cost and EV aggregation cost, and Pre f denotes the maximum
power control target. Pt*,ch i and Pt*,dis i are optimal charge and discharge power solutions obtained from
EV aggregation services for the look-ahead time periods t ∈ T with the number of time periods NT . Then,
the objective function can be expressed as f (Pt g) which represents the purchase cost from the transmission
networks or generation cost. The following DOPF model consideringV2G-based EV aggregation scheduling
is established as:

min G = αt
NT

∑
t=1

f (Pt
g) + βt

NT

∑
t=1
∥

NE

∑
i=1
(Pt∗ ,ch

i + Pt∗ ,d is
i ) − P t

re f ∥
2

2
(1a)

−P g + Pd + P t
re f = AT P l − Dr l l (1b)

−Q g −Q cr +Qd = AT Q l − Dx l l (1c)

−Av − 2Dr P l − 2Dx Q l + ∣zl ∣2 l l = 0 (1d)

∥2Pl
mn , 2Q l

mn , vm − l l
mn∥2 ≤ vm + l l

mn , ∀m, n ∈ N (1e)

v ≤ v ≤ v , 0 ≤ l l ≤ l
l
, Pt

re f ≤ Pt
re f ≤ Pt

re f (1f)

where ∣∣ ∣∣2 refers to the Euclidean norm. P l and Q l refer to the vectors of sending-end active and reactive
power flows with the moduli equal to ∣P l∣ and ∣Q l∣. Pg , Qg , P>d and Qd indicate the vectors of given nodal
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active and reactive power injections and active and reactive loads at nodes. Qcr is the vector of nodal reactive
power compensation. l l is the vector of squared current on branches. Dr and Dx indicate the diagonal
matrices whose diagonal elements are the resistance vector and the reactance vector, respectively. ∣zl∣ is a
diagonal matrix subject to ∣zl∣2 = ∣Dr∣2 + ∣Dx∣2. v and v refer to the vectors of lower and upper bounds of v
and l

l
indicates the vectors of upper bounds of ll.

3 C-ADMM-Based Battery Dispatch Optimization of an EV Aggregator

3.1 Optimal EV Aggregation Scheduling Model
As shown in Fig. 3 for an EV aggregator framework, the EV aggregator acts as an intermediary operator

between the distribution system and EVs. It integrates distributed generation, responsive loads, and energy
storage devices through aggregation control, and then participates in the optimal operation and market
trading of distribution networks.

Figure 3: Decentralized dispatch framework for an EV aggregator.

For the j-th EV aggregator, we examine the charging and discharging scheduling of EV battery i ∈ Ej in
time period t ∈T, where Ej represents the j-th EV aggregator’s set of EVs. The charging power and discharging
power are denoted respectively by Pt,ch j,i and Pt,dis j,i, using the mixed-integer linear programming battery
model in (2b)–(2e). With the initial energy level e0 j,i [p.u.] of EV i and a given V2G control signal Pt j,ref for
the j-th EV aggregator, the battery dispatch optimization model is expressed as follows:

min Fj =
NT

∑
t=1

�����������

NE , j

∑
i=1

Pt ,ch
j ,t + Pt ,d is

j ,t − Pt
j ,re f

�����������

2

2
(2a)

s.t.et
j , i = et−1

j , i + ηch Pt ,ch
j ,t ΔTA −

Pt ,d is
j ,t

ηd is
ΔTA (2b)

0 ≤ Pt ,ch
j ,t ≤ ut ,ch

j ,t P, 0 ≤ Pt ,d is
j ,t ≤ ut ,d is

j ,t P (2c)

et
j , i = e j , i , if t = NT (2d)

ut ,ch
j ,t + ut ,d is

j ,t ≤ 1, ∀i ∈ E j , t ∈ T (2e)

where ΔTA [h] denotes a single scheduling period; Ej represents the j-th aggregator’s set of EVs; e j , i denotes
the desired charging energy of the i-th EV after the V2G scheduling ends; ηch and ηdis denote the charging
and discharging efficiencies, respectively; P [h] denote the maximum charging and discharging power limit;
and ut,ch j,t and ut,dis j,t ∈ {0, 1} are binary variables indicating the charging and discharging states.
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Observing the battery dispatch optimization model (2a)–(2e), if the objective function (2a) can be
decomposed, then the battery optimization scheduling model can be rewritten in a separable form, providing
a prerequisite for subsequently using C-ADMM to decompose the centralized optimization model (2a)–(2e)
into master and subproblems. For convenience, we denote cT xj,i = Pt,ch j,t + Pt,dis j,t for the j-th EV aggregator,
where c is a constant vector, and the optimization variable is xj,i = [Pt,ch j,i; Pt,dis j,i; et j,i], i.e., xj,i ∈Rn with n = 3
× ∣Ej∣ × ∣T∣. Moreover, we introduce a new variable pt sig,j,i to represent the power control sub-target of the i-th
EV in time period t, and all EVs’ power control targets satisfy the equality constraint ∑NE , j

i=1 pt
si g , j , i = pt

j ,re f .
Therefore, the distributed optimization scheduling model for EV battery aggregation can be expressed as:

min Fj =
NT

∑
t=1

�����������

NE , j

∑
i=1
(cT x j ,t − pt

si g , j , i)
�����������

2

2
(3a)

s.t. (2b) − (2e),
NE

∑
i=1

pt
si g , j , i = Pt

j ,re f (3b)

Suppose the optimal power control target of each EV is pt∗
s i g , j , i , subject to ∑NE , j

i=1 pt
si g , j , i = pt

j ,re f . Then,
the objective function Fj also reaches its minimum. Based on this characteristic, Eq. (3a) can be rewritten

as min∑NT
t=1∑

NE , j
i=1 ∥cT x j , i − pt

si g , j , i∥
2

2
, and thus both the objective function and constraints of the distributed

optimization scheduling model (3a) and (3b) for EV battery aggregation become completely separable. Next,
we introduce the Lagrange multiplier vector, and then the augmented Lagrangian function L can then be
expressed as follows:

L =
NT

∑
t=1

NE , j

∑
i=1
∥cT xi , j − pt

si g , j , i∥
2
2
+ (μt

j)
T ⎛
⎝

NE , j

∑
i=1

pt∗
s i g , j , i − Pt

j ,re f
⎞
⎠
+ ρ

2

�����������

NE , j

∑
i=1

pt∗
s i g , j , i − Pt

j ,re f

�����������

2

2
(4)

where ρ is given a specified penalty parameter.
According to the C-ADMM algorithm, when the Lagrange multiplier vector is fixed, the augmented

Lagrangian function L can be decomposed into NE subproblems and one master problem. In other words,
each subproblem corresponds to the optimal scheduling task of a single EV battery, and the NE EV
battery scheduling tasks can be executed simultaneously. In the master problem, the Lagrange multiplier
vector is updatedsolelybasedontheoptimalresultsobtainedfromeachEVbatteryschedulingtask. Basedonthis
principle, a distributed optimal scheduling model using ADMM is proposed below. At the k-th iteration, the
subproblem corresponding to the i-th EV can be expressed as:

Subproblem∶

min Fj ,t =
NT

∑
t=1
∥cT xi , j − pt

si g , j , i∥
2
2
+ (μt ,k

j )
T ⎛
⎝

NE , j

∑
s=1,s≠i

pt ,k
si g , j ,s + pt

si g , j , i − Pt
j ,re f
⎞
⎠

+ ρ
2

�����������

NE , j

∑
s=1,s≠i

pt
s i g , j ,s + pt

si g , j , i − Pt
j ,re f

�����������

2

2

s.t. (2b) − (2e) (5)

where pt ,k
si g , j ,s denotes the optimal power control sub-targets solved from other EV sub-models at the k-th

iteration, and μt ,k
j denotes the Lagrange multiplier vector sent from the master problem to each subproblem

at the k-th iteration.
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At the k-th iteration, after all subproblems have completed the irrespective optimization tasks, we
(xt ,k

j , i , pt ,k
si g , j , i) → (x

t ,k+1
j , i , pt ,k+1

s i g , j , i) obtain Then, the Lagrange multiplier vector can be updated in the master
server as:

Master problem∶
μt ,k+1

j = μt ,k
j + ρ (∑NE , j

i=1 pt ,k+1
s i g , j ,t − Pt

j ,re f ) ,∀t ∈ T (6)

According to the above C-ADMM algorithm, the NE,j subproblems are solved simultaneously, and
the update of the Lagrange multiplier vector in the master problem involves only a simple calculation.
The complexity of controlling all batteries after aggregating large-scale EVs is significantly reduced, the
computational efficiency is greatly improved, and the computation time is substantially decreased. Based on
this computational advantage, the convergence condition for the proposed C-ADMM algorithm for the j-th
EV aggregator is given as:

∥F t ,k+1
j − F t ,k

j ∥
2

2
≤ ε1 , ∥μt ,k+1

j − μt ,k
j ∥

2

2
≤ ε2 (7)

where ε1 and ε2 are prescribed thresholds.

3.2 Enhanced C-ADMM Algorithm with Warm-Start Strategy
The enhanced C-ADMMis a key algorithm for decomposable convex optimization, particularly effective

for large-scale EV aggregation problems. For an individual EV aggregator, the battery dispatch optimization
model (2a)–(2e) decomposes the original objective function into several parallel solvable subproblems,
then coordinates their solutions to obtain the global optimum. The application of C-ADMM algorithm has
extended from convex to non-convex optimization, especially for distributed computation of mixed-integer
models. Considering that the enhanced C-ADMM algorithm requires a given initial search point, a better
initial value will accelerate the convergence of the enhanced C-ADMM algorithm. Therefore, a warm-start
strategy for the proposed algorithm mispresented below. After relaxing the charging and discharging integer
variables ut,ch j,t and ut,dis j,t, the battery dispatch optimization (2a)–(2e) is transformed into a quadratic
programming problem. Since it is a convex optimization model, a commercial solver can quickly obtain
a solution, although the optimal result may involve simultaneous charging and discharging. To this end,
this optimal solution is used as the warm-start initial solution for the C-ADMM algorithm. For the j-th EV
aggregator, the integer-relaxed optimal aggregation scheduling model (8a)–(8d) is formulated as follows:

min Fj =
NT

∑
t=1

�����������

NE , j

∑
i=1

Pt ,ch
j , i + Pt ,d is

j , i − Pt
j ,re f

�����������

2

2
(8a)

s.t. et
j , i = et−1

j , i + ηch Pt ,ch
j ,t Δt −

Pt ,d is
j ,t

ηd is
Δt (8b)

0 ≤ Pt ,ch
j , i ≤ P, 0 ≤ Pt ,d is

j , i ≤ P, ∀t ∈ T (8c)

et
j , i = e j , i , if t = NT (8d)

Assume that the optimal solution of this integer-relaxed optimal scheduling model is xt j and its objective
function value is Fj. Suppose xt* j is the global optimal solution obtained from the optimal scheduling
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model (2a)–(2e), and F* j is its optimal objective function value. Clearly, Fj ≤ F* j must hold, and xt j may equal
xt* j, or may be another optimal solution, or maybe an infeasible solution.

Two conclusions can be drawn: the battery dispatch optimization model (2a)–(2e) has multiple global
optimal solutions xt* j, and the objective function values F* j of all global optimal solutions are equal.
Furthermore, the integer-relaxed EV battery aggregation optimal scheduling model (8a)–(8d) can obtain a
reasonable xt+ j as an initial solution, which accelerates the convergence of the C-ADMM algorithm. The
reason is that the solution xt+ j obtained from the integer-relaxed model may exhibit simultaneous charging
and discharging, in which case F+ j is close to the optimal solution xt* j. Therefore, this information can be
fully utilized, and the C-ADMM algorithm can be used to correct xt+ j, thereby obtaining the exact global
optimal solution xt* j. To this end, assuming the maximum number of iterations is kmax, the pseudo-code
framework of the C-ADMM-based battery dispatch optimization algorithm for the j-th EV aggregator is
presented below (Algorithm 1).

Algorithm 1: Enhanced C-ADMM with warm-start strategy

1: Initialization with input ej,0, ηch, ηdis, e j , i , and P over NE,j units of EV batteries and input
parameters μt,0 j, ρ, ε1 and ε2;

2: Obtain warm-start point pt,0 sig,j,i by solving (8a)–(8d);
3: while k ≤ kmax do
4: Each sub-problem distributively updates (xt,k+1 j,i, pt,k+1 sig,j,i)← (xt,k j,i, pt,k sig,j,i) by

solving (5a)–(5b);
5: Each sub-problem distributively sends pt,k+1 sig,j,i to the master-problem;
6: Master-problem updates μt,k+1 j ← μt,k j by (6) and returns μt,k+1 j to all sub-problems;
7: if stopping condition (7) is satisfied then
8: return optimal solution (xt* j,i, pt* sig, j,i) for all EV batteries;
9: else
10: k← k + 1
11: end if
12: end while

We discuss our enhanced C-ADMM in Algorithm 1 and compare it with conventional ADMM and
consensus ADMM algorithms. For the optimal V2G problems, conventional ADMM or consensus ADMM
algorithms may yield multiple optimal solutions that share the same objective function value F* j. Since
the MIQP-based V2G battery dispatch optimization model (2a)–(2e) differs from the upper-boundary
V2G-based battery dispatch optimization model (4) only in the objective function, the MIQP-based model
may also admit multiple optimal solutions. Moreover, the integer-relaxed battery dispatch optimization
model (8a)–(8d) provides an optimal point pt,+ sig,j,i, which can be used to initialize pt,0 sig,j,i. A near-optimal
initial point pt,0 sig,j,i enables the proposed Algorithm 1 to converge quickly. Moreover, the warm start leads
to fewer switches between charging and discharging actions. This is because {pt,0 sig,j,i} ≥ 0 allows all EVs
to operate in charging mode as long as Pt j,ref ≥ 0, while {pt,0 sig,j,i} ≤ 0 directs all EVs to discharging mode
when Pt j,ref ≤ 0. Consequently, Pt,0 j,ref enables all EVs to either charge or discharge simultaneously, thereby
resulting in fewer switching actions.

In summary, the look-ahead V2G-aware DOPF approach has two time scales, i.e., the DOPF model for
ΔTD, and the V2G-based battery dispatch optimization model for ΔTA, with ΔTD ≥ ΔTA. For instance, ΔTD
= 1 h and ΔTA = 0.25 h. With efficient C-ADMM-based computation forV2Gservices, the look-ahead DOPF
model can deliver more accurate and robust optimal DOPF solutions within the look-ahead time window
t ∈ T.
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4 Case Study
We show case the computational performance of the proposed look-ahead DOPF solutions with 4 EV

292 aggregators in the large-scale distribution network. Fig. 4 shows a schematic diagram of the IEEE 123-bus
293 test system, where the EV aggregators are connected at bus 118, bus 122, bus 22 and bus 61. Micro diesel
294 generators are connected at buses 50, 59, and 95. Bus 1 is the slack bus (substation). The time-of-use 295
cost coefficient for the generation cost αt is $0.25/p.u. from 00:00 to 08:00 and $0.5/p.u. for the remaining
periods. The cost coefficient for the EV aggregation cost βt is $0.1/p.u. The look-ahead time window T is 4 h,
and ΔTD = 1 h, ΔTA = 0.25 h.

Figure 4: Schematic diagram of the IEEE 123-bus test system.

To verify the computational performance of the proposed enhanced C-ADMM with warm-start
strategy, all simulations were conducted on a workstation equipped with an Intel Corei7-12700Kprocessor
(2.5 GHz) and 32 GB of RAM, running the Windows 11 operating system. The optimization models were
implemented in MATLAB R2024a using the YALMIP toolbox as the modeling interface, with Gurobi 11.0
employed as the core solver to handle all mixed-integer linear programming problems; the relative 303
optimality gap was set to 1% to balance computational efficiency and solution accuracy, and the maximum
304 iteration limit was capped at 100 for large-scale cases. A hierarchical communication framework was
305 adopted in which the aggregator exchanges dispatch signals and state information with individual EVs
306 under the idealizing assumptions of zero latency and no data loss. The initial state of charge e1,0 of the
EV aggregator for the first EV is randomly defined, and the 24-h power control target curve of the EV load
aggregator is given. The battery parameters of each EV are assumed to be ηch = 0.9, ηdis = 0.95, P = 0.2 p.u.
and Emax = 0.2. The C-ADMM algorithm parameters are set as ρ = 10, and the primal and dual residuals
thresholds ε1 = ε2 = 0.01.
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4.1 V2G-Aware DOPF Vs. Traditional DOPF Solutions
The traditional DOPF approach is performed on the IEEE 123-bus system with the fixed V2G signal

vector. For 24 h, Fig. 5 displays the error curve between the V2G-aware V2G signal vector Pt* ref by
the proposed V2G-aware DOPF approach and the fixed V2G signal vector Pt ref used by the traditional
DOPF approach.

Figure 5: Error curve between Pt* ref and Pt ref.

As shown in Fig. 5, the V2G-aware signal vector Pt* ref exhibits significant variations during the period
from 14:00 to 07:00, particularly at 15:00 and 16:00. This indicates that the day-ahead fixed V2G signal vector
Pt ref may be unreasonable for V2G control due to the uncertainty of EV availability. In contrast, our proposed
rolling V2G-aware signal vector Pt* ref is capable of tracking the uncertain EV availability and dynamically
adjusting Pt* ref accordingly, thereby providing more accurate aggregator-specific operational support for
the DOPF. Moreover, Fig. 6a shows the minimum cost function G of the distribution grid by proposed and
traditional DOPF methods, and Fig. 6b shows the corresponding optimal dispatch power solutions.

Figure 6: (a) Minimum cost function G of the distribution grid by proposed and traditional DOPF methods;
(b) Optimal charge-discharge power solutions by proposed and traditional DOPF methods.

On one hand, as shown in Fig. 6a,b, a clear discrepancy is observed between the red and blue profiles.
After coordinated V2G-aware optimization using the proposed DOPF method, the blue line exhibits a
distinct pattern: compared with the traditional DOPF method, the minimum cost function G of the
distribution grid is significantly lower, and the optimal charge/discharge power solutions are adjusted
accordingly. This improvement is attributed to the V2G-aware optimization, which dynamically adjusts the
V2G signal vector Pt ref and reduces the total generation cost for the distribution grid. Consequently, the
proposed DOPF method not only reduces the total generation cost G, but also achieves optimal overall
operational efficiency of the DN.
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In summary, compared to traditional DOPF with a fixed V2G signal, the proposed V2G-aware DOPF
framework dynamically adapts to time-varying grid conditions and EV availability, exploits the full flexibility
of EV aggregators, and yields a lower total cost G with more efficient network operation.

4.2 Enhanced C-ADMM-Based V2G Vs. Traditional V2G Solutionss
The proposed method is compared with existing centralized optimization methods to verify its advan-

tages in computational accuracy, efficiency, and time. The existing centralized methods include the HCH-LP
method (M1) [19] and the mixed-integer quadratic programming method (M2) [17], while the proposed
method is denoted as M3. Fig. 7a shows the computation time curves of these three methods for different
numbers of EVs, ranging from NE = 5, 10, 20, 50, 100 to 500. Fig. 7b shows the corresponding total number
of discharge-charge switching events over 24 h.

Figure 7: (a) Computation time comparison of three methods; (b) Total number of discharge-charge switching events
comparison.

As shown in Fig. 7a, M1 has the lowest computation time because it relaxes all integer variables, but
this may lead to infeasible solutions with simultaneous charging and discharging. Although M2 can obtain
the exact optimal solution, its computation time increases exponentially with the number of EVs, making
it impractical for large-scale real-world applications. While M3 has a slightly higher computation time than
M1, its time cost increases significantly more slowly than that of M2. With 500 EVs connected, M3canstill
complete the computation within 600 s. As shown in Fig. 7b, regardless of the number of EVs, M3 maintains
a small number of charge-discharge switching events. In contrast, M2 exhibits frequent charge-discharge
switching, resulting in an excessively high total number of switches. Frequent charge-discharge switching
significantly reduces the remaining cycle life of EV batteries, accelerates battery aging, and shortens battery
service life. To support this conclusion, Fig. 8a,b shows the charging and discharging results for the case with
NE = 10 EVs using M2 and M3, respectively.

As shown in Fig. 8a, the M2 optimal solution exhibits frequent charging and discharging operations
among different EVs. However, in Fig. 8b, the M3 optimal solution provides relatively smooth and evenly
distributed charging/discharging commands for each EV. This is attributed to the warm-start strategy, which
provides a good initial solution that distributes power control tasks more evenly across EVs, thereby reducing
unnecessary switching events. In summary, M3 significantly outperforms existing centralized methods in
both computation time and solution accuracy.
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Figure 8: Optimal charging-discharging results: (a) M2; (b) M3.

5 Conclusions and Future Work
This paper proposes a look-ahead V2G-aware DOPF approach that explicitly accounts for the time-

varying V2G control error in the real-time DOPF dispatch optimization of EV batteries. Case study
simulations demonstrate that the proposed DOPF method, byminimizingtheV2Gcontrolerrorinpractical
V2G services, enables efficient DOPF solutions characterized by global optimality, low computational 3
time, and reduced communication costs. Specifically, the proposed approach converges to the optimal
solution with a least-square control error of only 43% of that from traditional V2G methods. For optimal
V2G dispatch, the proposed method achieves a computational time as low as 14% of that required by
the benchmark centralized approach for the case of N = 1000 EVs, and yields optimal charge-discharge
solutions with fewer switching actions compared to existing methods. In future work, the modeling of
time-varying V2G control will involve battery degradation, communication delays, cyber-security risks,
and heterogeneous charging infrastructure. And the proposed DOPF approach will actively enable low-cost
EV energy storage optimization amid large-scale renewable energy integration into distribution systems,
enhance distribution network operational flexibility for sustainable energy development.
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