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Abstract—This paper presents a comprehensive stochastic
optimization model that seamlessly integrates aggregate electric
vehicle (EV) charging demand response with power grid system
operations, leveraging the inherent flexibility of EV charging. Our
main novel contribution is tackling the problem of uncertainty
in the demand characteristics. In our stochastic model, we
capture not only unknown user charging patterns but also the
effect of a pseudo-randomized mechanism applied to provide
differential privacy (DP) guarantees to users whose charging
patterns are not disclosed. From a control perspective, the
intrinsic randomness of the users charging needs, compounded
with randomness introduced by the DP mechanism can easily
result in infeasible solutions. To overcome this challenge, we
adopt a robust optimal control strategy that encompasses the
intersection of potential sampling scenario-based constraints. In
addition, to manage the high-dimension of the control action
space, we approximate the intersections of the feasible regions
with a reduced set of polyhedron constraints. In conclusion,
our case studies based on IEEE standard systems demonstrate
that the proposed algorithm effectively addresses robustness,
scalability, and differential privacy for EV users by dynamically
adapting to control the demand response for renewable energy
integration while consistently ensuring the privacy of EV drivers.

Index Terms—EV Charging Control, Differential Privacy, Ro-
bust Control, Convex Approximation.

I. INTRODUCTION
A. Background and Motivation

The adoption of electric vehicles (EVs) into our transporta-
tion system is a critical step toward achieving carbon-neutral
transportation and significantly reducing greenhouse gas emis-
sions that contribute to climate change [2]. Central to this goal
is the alignment of EV charging practices with the generation
of power from renewable distributed energy resources (DERs).
However, renewable DERSs are inherently non-dispatchable [3],
which limits flexibility in power production. Nonetheless, EV
charging, particularly at scale, offers a considerable degree of
spatiotemporal flexibility in terms of both charging locations
and time [4]. Exploiting this flexibility effectively requires ad-
dressing two main challenges: the uncertainty in EV charging
demand and the need to protect EV users’ privacy [5].
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To mitigate privacy concerns, this paper advocates the
adoption of differential privacy (DP) [6], a methodology that
provides theoretical bounds on the potential for information
leakage when disseminating aggregate data. This approach
ensures the visibility of broad trends without compromising
individual data points, by introducing pseudo-random noise
into the actual data values (typically following Laplacian
or Gaussian distributions). Even with minimal alterations to
individual records — insufficient to change crucial statistics
— this method of randomization restricts the ability to infer
specifics about any individual [7]. However, the challenge
does not end there. The intrinsic uncertainty of future EV
charging demand, when combined with the introduction of
a DP mechanism, increases the risk of making infeasible
decisions. Tackling this dual challenge of managing demand
uncertainty while ensuring user privacy through DP is the
primary focus of this paper.

B. Related Work

In this section, we review related work in three areas: the
integration of EVs with demand response (DR) mechanisms,
the incorporation of DP in EV charging strategies, and the
application of robust optimization techniques in EV charging
control.

a) Control of EVs with Demand Response: The domain
of EV charging integrated with DR mechanisms is mainly
classified into two research categories. The first explores
the collective potential of EVs within the wholesale market,
highlighting the flexibility, aggregate energy demand, and
ramping capabilities of DR device groups [8, 9]. The sec-
ond category [10, 11] investigates the synergy between real-
time pricing and DR, focusing on households equipped with
appliances (such as air conditioners, refrigerators, etc), EVs,
and batteries. These studies propose a utility-maximization
framework for DR that exploits the benefits of appliance use
with power consumption, encouraging households to optimize
power usage within certain thresholds. The dynamic nature of
pricing synchronizes individual and collective gains, steering
demand responses toward optimized system efficiency.

However, leveraging EVs’ flexibility at a large scale intro-
duces complexities. Traditional control methods, which have
relied on predictive data such as expected EV arrivals, fall
short in real-time EV management [12]. Deep reinforcement
learning (DRL) emerges as a promising alternative, enabling
decision-making in uncertain environments through neural
networks [13]. By integrating Vehicle-to-Grid (V2G) tech-
nology with DRL, there is a potential to enhance both EV
charging and power production, thereby supporting carbon-
neutral transportation systems.

b) Differential Privacy in EV Charging: The exploration
of DP in EV charging is nascent, with key studies focusing



on modifying the charging rate with DP noise and exploring
distributed constrained optimization for EV charging under
DP [14]. Recent advancements include an adaptive DP feder-
ated learning framework for EV charging infrastructures [15],
aiming to detect anomalous traffic and enhance the privacy
provisioning mechanism. However, these methods often ne-
glect broader privacy issues related to user behavior patterns,
including charging times, deadlines, capacity, and initial states
of EVs. Exposure of this data could reveal detailed informa-
tion about users’ lifestyles and preferences. Moreover, it is
important to recognize that many charging stations function
at a fixed charging ratio, possibly diminishing the need for
these existing DP approaches that fail to protect behavior
patterns. Furthermore, the challenge of integrating existing DP
approaches with distribution networks remains unaddressed,
raising concerns about the impact of adding Laplacian noise
on adhering to power flow constraints [16].

¢) Robust Optimization: Incorporating DP into optimiza-
tion problems introduces uncertainties that may challenge
the applicability of traditional optimization methods. Robust
optimization methodologies address this by categorizing un-
certainties into adversarial robustness and scenario-based se-
curity constraints. Adversarial robustness involves an iterative
minimax optimization process, aiming to identify resilient
dispatch strategies against stochastic perturbations [17, 18]
However, the identification of optimal attack policies and
the potential of overly conservative strategies pose signifi-
cant challenges. On the other hand, scenario-based security
constraints, prioritize the feasibility of optimal actions across
a wide range of scenarios, enhancing adaptability to real-
world conditions. Despite their promise, these methods face
computational challenges and the complexity of managing
extensive scenario analyses [19-21].

C. Contributions and Organization

To navigate the challenges presented by current approaches,
this paper introduces novel strategies for safe control of EV
charging that incorporates DP. These strategies enhance the
privacy of EV charging data while leveraging the intrinsic
flexibility of aggregated EV charging models. Additionally,
we apply constrained reinforcement learning to tackle the
complexities of dynamic stochastic programming. The core
contributions of this paper are as follows:

o An integrated control model is developed to harmonize
aggregate EV charging DR with power grid system oper-
ations, utilizing the flexibility of EV charging to facilitate
renewable energy integration.

e A DP mechanism is designed to protect the privacy
of information related to EV charging events such as
arrivals. This mechanism ensures ¢-DP, with minimal
impact on the optimality of the system’s operation.

o To address the randomness introduced by the DP mecha-
nism, we propose a method that incorporates the intersec-
tion of sampling scenario-based constraints, encapsulat-
ing a broad spectrum of possible sampling scenarios. The
intersections of these sampling scenarios can encompass
real-world unseen scenarios, thereby ensuring feasibility.

o Recognizing the high dimensionality of the control action
space resulting from numerous potential scenarios, we
introduce a technique that approximates this space with
convex polyhedron constraints. This simplification facili-
tates the use of DRL methods by reducing the complexity
of the action space.

The structure of the paper is as follows: Section II discusses
aggregated EV charging models. Section III introduces the
concept of DP, detailing our specific mechanism designed
to safeguard the privacy of EV charging data. Section IV
presents the V2G model, which is central to our approach
for controlling EV charging and discusses our robust control
methodology tailored for DP-enhanced EV models, aiming
to address the challenges of privacy and system efficiency
simultaneously. In Section V, we review the constrained
reinforcement learning method, laying the groundwork for our
control strategies. Section VI showcases the application of the
primal-dual constrained reinforcement learning method within
a case study, illustrating the implementation and benefits of
our approach. The paper concludes with Section VII.

II. AGGREGATE EV CHARGING MODEL

In this section, we introduce how the charging flexibility
of a collection of EVs can be depicted using a linear model,
building on the concepts from [22, 23]. In the context of DR,
the models for EV charging reveal considerable flexibility,
presenting an array of energy consumption patterns.

Aggregator 1

Aggregator 2
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Figure 1. The three-tier system architecture. In this architecture, the users share their
state with their aggregator, who then passes on differentially private arrival counts to
the GSO. The GSO performs robust control optimization and communicates the optimal
control actions back to the aggregators.

A. System Architecture

In this paper, we consider a three-tier infrastructure for
the EV charge scheduling problem, which focuses on dy-
namic interactions among three key stakeholders within the
system. Fig. 1 shows that this infrastructure includes the Grid
Side Operator (GSO), aggregators, and the EV owners (or
the users/consumers), each driven by distinct yet interrelated
objectives:

1) The GSO serves as the orchestrator, aiming to minimize
the power generation cost and ensure efficient load
management. To achieve these goals, strategic dispatch
control is utilized, focusing on harnessing renewable
energy generation for the charging of EVs.

2) Aggregators, intermediaries between the GSO and EV
owners, aim to allocate loads based on factors such as
charging demand, user preferences, and locations.

3) EV owners prioritize the seamless availability of cost-
effective fast charging. Significantly, our framework



uniquely addresses user privacy concerns, safeguarding
sensitive information such as arrival times, charging
requirements, and departure deadlines — a novel aspect
exclusive to our approach.

In Fig. 1, the system is illustrated with two aggregators.
Upon arrival, users share their attributes (defined in the next
subsection) with their respective aggregators. Subsequently,
each aggregator calculates the differentially private total num-
ber of EVs in state x (described in Section III) and forwards
this information to the GSO. The GSO, in turn, conducts
robust control optimization (formulated in Section 1V) and
communicates the resulting control actions back to the aggre-
gators. Following this, each aggregator employs its scheduling
strategy to determine which EVs should charge in that specific
interval.

B. EV Charging Model

Before diving into the details of the slack-charging EV
model, we clarify our notation. We denote discrete variables
in italics, represented as z(t), while vectors or matrices are
in bold, like z. Changes over time are shown as 0z(f) =
z(t+ 1) — z(t). The symbols u(t) and (¢) stand for the unit
step and Kronecker delta function, respectively. The latter is
1 when its input is zero and O otherwise. We think of ¢ as an
element of the set 7 with equally spaced intervals. With time
indices set apart by d7', we have t = t67'. Lastly, the feasible
set L, as detailed in Eq. (7), encompasses different instances of
aggregated EV demand at each time ¢, represented by £, (t).

Each EV, indexed by p, is characterized by the following
quintuple of attributes: (t%, X, Ey,t%, p,). Here, t% denotes
the time of arrival, X, represents the initial energy of the
EV’s battery, ), stands for the battery capacity, tg signifies the
battery’s deadline and p,, indicates the set charge rate based
on the EV battery. The quantization step is standardized to
0T = 1. Representing these parameters can be complicated,
often requiring advanced clustering for aggregate EV demand
models [22]. Therefore, we aim to streamline this model,
focusing on fewer variables while retaining the intricacies of
EV charging requirements. Towards this end, we first define
the following two attributes:

1) The charging time X, - the number of intervals when

the EV is actively charging at the rate p,. It can be

expressed as:
E,-X
Xpr = {HJ (1
Pp
2) The slack time X, . - the number of intervals the EV

remains at the charging station but is not charging. It
can be defined as

— Xp.r- 2

These elements pave the way for simplifying an EV’s
attributes to a more manageable set: (va,«,xp_rs,pp). The
elements Xp » and x, s are in the sets {0,.. — 1} and
{0,.. — 1}, respectively. We further denoted a vectorlzed
form of the two elements as:

Xps = t;f — 1t

Teu,,, 3)

Xp = [Xp,r Xp,s]

where U, & Ri0-Nr=1}{0Ne=1} © N2 When an EV

starts charging, its remaining charging and slack times will
gradually go down.

C. System State

In our model, at any time ¢ € 7, an EV’s state is
described by (z,.,zs) € U5, with x, indicating the charging
duration and x, the remaining time an EV driver has to
stop charging and await further decisions. For simplicity, in
subsequent sections, we use € = (z,, ;) € U, to represent
a two-dimensional EV status. Our objective is to manage
the progression of ng(t), the number of EVs in the state
xr = (x,,xs) at time t. We define a function to model the
entry of an EV at time ¢; as:

ap(t) = u(t —t3), )

which is one for all time intervals following the arrival of EV
p and zero beforehand. Thus, the arrival process that increases
the count of new vehicles entering a specific state is given by:

= Z 6 (Xp,r — ) 0 (Xp,s — @s) ap(t), (5)
pEP

where the process ag(t) is typically modeled as a non-
stationary Poisson process, and P represents the set of all
EVs in the system.

Considering the time discretization, the number of arrivals
between intervals ¢ and ¢ 4 1 follows a Poisson distribution:

P(ax(t) =n) = AwT(!ﬂe-Am@’ ©

with A\, (¢) varying according to charging hours.
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Figure 2. An illustration of the slack-charging EV model.

The number of EVs transitioning from state x to «’
at time ¢ is denoted by Odg (). Thus, the expression
((2' — x) Ody (), indicates the EVs actively charging
from @ to @', and p( (@' — @) ddyq(t)), represents the
total charging power, reflecting the combined EV demands.
Furthermore, the total number of EVs transitioning from state
x equals the current EVs at that state. This is because the
remaining time for each EV decreases, irrespective of whether
they opt for charging or waiting. Thus, the combined feasible
set for EVs at charging rate p is described by:

£:{ev |€ev ZZ m_wadmw())rv

Ve x' €U,
0 < 0dp z(t) < dg.a,0dg o (t) € ZT,

> Odaar(t) = nalt),VEE T},
' €U,

(7



where (-), denotes the value associated with the charging
dimension and /., (t) the aggregated EV demand at time ¢.
The set U, is given by:

Up ={a' | |2’ — @], = min (2], 1), (@ ') = 0}. (8)

As depicted in Fig. 2, U, defines permissible state transitions,
ensuring EVs can either charge or wait (slack) at any time,
with transitions to states one unit apart (equality constraint),
except near the origin, and maintaining movement within
the state space’s upper right quadrant (inequality constraints).
These constraints require that movements should be restricted
to one of the two axes — either charging or waiting.

The system dynamics are governed by the state population
tensor ng(t) and transitions dg 4 (t):

Na(t) = az(t) + Y [dar 2(t) = dea ()], Ve,
@’ Uy )

Odg 2 (t) = dg g/ (t) — dg o (t — 1), V&, 2" € Uy,

where ng(t) quantifies the EVs present in the system at time
t with state x. Additionally, we introduce the vector z as
A

z = (z;)vi, Where each z; denotes one element of z. In our
framework, the term d;, ,/(t) denotes the vector aggregating
individual transitions dg o+ for EVs located at bus ¢ € N
across all pairs x,x’ within the set Uy, at time ¢. Similarly,
n’,(t) specifies the vector that enumerates all EVs at bus i, in
state .

III. DIFFERENTIAL PRIVACY OF EV ARRIVALS

EV driver details can be discerned from the histogram of
arrivals a, (), revealing the charging time x,, » and slack time
Xp,s of an EV p in a specific aggregation location. To safeguard
user privacy, a privacy-preserving protocol should obscure
specific user details using a pseudo-random mechanism. In
this context, we adapt the DP framework to design a pseudo-
randomized response mechanism, ensuring the privacy of each
EV. The definition of DP follows:

Definition 1 (Differentially Private (DP) Mechanism) For
€ > 0and § > 0, a pseudo-randomized mechanism, A, is said
to be (¢,0)-differentially private if, for all @ C Range (A)
and for all adjacent' vectors x,x' € Domain(A) such that
|z — |1 <1, the following holds:

PA(z) € Q] <eP[A(z') € Q] +6.
If § =0, then A is said to be e-differentially private (e-DP).

(10)

DP ensures that for any two adjacent datasets & and «’, the
distributions of A(x) and A(z’) are very similar, with the total
variation distance between them at most e.

A. Randomized Response

Randomized Response (RR), initially developed by
Warner [24], was later adapted as a DP framework [25] in
the context of label DP to protect the privacy of the labels of
the data points in datasets used for machine learning. Suppose

! Adjacent vectors differ in only one record.

the label of point p in a dataset is X, then this simple
DP mechanism, parameterized by ¢ > 0, answers the label
query with a RR X, € Range(A) drawn from the following
probability distribution:

es;z%’ for & = x,,
Prix, == | x,) = s lz—xli=1, D
0, otherwise.

where K is the number of labels such that ||z — x,[[1 < 1
and « € Domain(A). Note, that in this case, the domain and
range of the mechanism are equivalent.

Lemma 1 EV pseudo-random mechanism by Eq. (11) is e-DP.

Proof: Consider any two adjacent inputs x and x’ and any
possible output & by Eq. (11). Pr[x, = = | x,)] is maximized
when @ = x,, whereas Pr [x, = « | x},] is minimized when
x # X This implies that

65
ef+K—1 5
1 ’
ec+K—1

Prix, =z | x,]
Prix, == | x}] ~

Thus, EV pseudo-random mechanism by Eq. (11) is e-DP as
desired.

B. Proposed DP Mechanism

To prevent the GSO or third-party analysts from infering
an EV’s initial state Xp from arrival histograms, it is crucial
that an EV’s initial state is obscured privately. As a result,
this ensures the charging process remains concealed. The RR
mechanism, which is a method responding to data queries, is
applied by the aggregator to each EV’s state it oversees before
computing {ay(t)}zeu,.. Each aggregator, being fully aware
of EV states, uses the mechanism to produce differentially
privatized arrival counts of EVs in state « at times ¢t € T,
g (t) given by:

&w(t) = Z d ()Zp,l - 377') o ()Zp,Q - xs) ap(t)v

peEP

12)

where X, is the output of the RR mechanism for EV p. Fig. 3,
illustrates the mechanism, where the modified response has a
90% chance of being the true label of (3, 1), and 2.5% chance
of being one of its four neighbors at distance one.

In our mechanism, the parameter K depends on the true
state x,,. When the true state is away from the boundaries as
shown in Fig. 3, K is equal to 5 (having 4 neighbors at a
distance of one and itself). In scenarios where the state is at
a corner, K = 3, and K = 4 when the state is at an edge.

The DP mechanism introduces randomness into EV arrival
counts observed by the GSO. However, it is crucial to address
the inherent uncertainty and ensure that the optimal actions
derived from these counts remain feasible for the actual
arriving EVs. In Section IV, we formulate the optimal power
flow (OPF) with DP EVs as a scenario-constrained robust OPF.
This reformulation considers a comprehensive set of sampling-
based constraints, thereby guaranteeing that optimal solutions
adhere to network constraints across all possible conditions.
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Figure 3. An illustration of the DP pseudo-random mechanism.

C. Parallel Decomposition and Privacy Cost

Even though we possess a matrix representing EV arrivals
across all states, the DP mechanism is applied individually to
each EV, where an EV’s state is fed through the RR mecha-
nism only once during its charging lifetime. Consequently, we
employ the parallel composition of -DP to provide e-DP for
the entire system.

Theorem 1 ([26, Theorem 4]) The Parallel Decomposition
of e-DP says that if A (xp) satisfies e-differential privacy, then
the mechanism which releases the results of all the disjoint

datapoints {A (x1),---,A (X\PI) } is e-differentially private.

This approach significantly outperforms sequential compo-
sition, where executing |P| times would suggest meeting |P|e-
DP. However, with parallel composition, we can assert that the
overall privacy cost remains at e.

IV. ROBUST CONTROL OF DIFFERENTIALLY
PRIVATE EV MODELS

Building on the foundation laid by the integration of DP
to safeguard EV arrival patterns, we now turn our focus to
the challenges introduced by the added randomness in the
optimization process. This section delves into the development
and implementation of a robust scenario-based control strategy.
This approach is designed to mitigate the potential adverse
effects of DP-induced randomness, ensuring the optimization
algorithm remains resilient and feasible under varying condi-
tions.

A. Problem Formulation: Stochastic Optimal Control

In this section, we formulate a multi-stage stochastic optimal
control problem that addresses the integration of EVs with
power grid operations, taking into account the complexi-
ties introduced by power flow constraints and adaptable EV
charging. Our focus is to solve OPF with aggregated EVs
to minimize fuel costs, underpinned by a formulation that
seeks to balance economic dispatch within network constraints
while managing EV and battery operations. The problem is
formalized as:

T+T—1
max Eo, oy | Y 7(s(t), A(t), £a(t)) (13a)
s(t) = fi(s(t), A(t — 1),4(t)),  (13b)
A(t) =7(s(t—1)), (s(t),A(t)) € Qt), (13¢)

where s(t) denotes the state vector, A(t) the control vector
including all controllable devices, and £4(t) the demands
and renewable energies. The cost function is represented
by r(s(t), A(t),£4(t)), with Q(t) representing network and
device bound constraints. The randomized control policy,
m(s(t — 1)), guides the decision-making process to achieve
network-constrained economic dispatch of power flows by
controlling power generations, EVs, and batteries.

Let S denote the sampling space, encompassing various
scenarios s € S generated by applying the DP mechanism
(designed in Section III) to the EV arrival matrix ag., V.
Let N denote the set of nodes within the power system,
G denote the set of nodes connected to power generators,
and B denote the set of nodes connected to battery stor-
age and EV charging substations. In particular, s(t) =
[v(t), soc(t), (a5 (t))yses.vien] |, includes voltage phasors
v(t), the state of charge vector soc(t) of all batteries in
the system, and the EV arrival matrix (a5’ (t))vses.vien

xT
for all sampling scenarios and buses. The control vector,

At) = [g7(1):g9(1): Pen (1) Pais (1); (03" (1)) ses ien] s
encompasses various elements. It includes both active and
reactive generations, denoted as g”(t) = (¢”(¢))vieg and
g%(t) = (g (t))vieg, respectively. Additionally, it includes the
charge and discharge rates of batteries, which are represented
as Py;s(t) = (Dl (1) Jvies and py, (t) = (ply, (t))vies, respec-
tively. Furthermore, the vector includes EV control actions,
denoted by dd;",.(t). All these components are dimension-
ally extensive due to the incorporation of multiple sampling
scenarios, represented by (a5 (t))vses.vienr- Given the high
dimensionality of both states and control actions, particularly
in the context of RL, we face a vast search space that compli-
cates the optimization process. To address this, Section IV-C
presents a solution via polyhedron approximation, significantly
simplifying the representation of constraints and actions.

1) Reward Function: In Eq. (13a), we define our reward
function as r(s(t), A(t),£4(t)), or more compactly, r(t). This
function reflects our objectives, which include minimizing
fuel costs, represented by <y () (equivalently, maximizing the
negative of fuel costs), and smoothing the electric vehicle (EV)
charging demand, denoted by ¢,,(t). The formulation is as
follows:

r(t) = =p(t) = sm(t), (14)

indicating that higher rewards are obtained for lower fuel costs
and smoother EV demand profiles. To achieve the goal of
reducing fuel costs, we delve into optimizing the operation of
power grids through the integration of EVs, focusing on OPF
with the two goals of reducing fuel costs and accommodating
power flow constraints along with adaptable EV charging
schedules. The primary aim is to explore the economic and op-
erational benefits of aggregated EV participation in the power
grid. To this end, we formulate the objective of minimizing
fuel costs as follows:

sp(t) =Y _(vilgf (0)* + 0igf () + va),

i€g

5)

where v;, o;, and ¢; are positive coefficients, representing
the quadratic and linear cost components of generation at



generator ¢ at time ¢. To smooth EV charging demand, we
incorporate DR mechanisms via EV charging management
to enhance grid flexibility and reduce peak demand. This
involves smoothing the charging demands of EVs to avoid
sharp increases or decreases, thereby facilitating a more stable
load profile across the grid. The objective is designed to
measure the variability of EV charging demand:

an(t) = S [J6L,(0) — €, (e - D)2,

i€B

(16)

where ¢ (t) denotes the charging demand of EVs at battery i
and time ¢, aiming to minimize the variation in demand from
one time step to the next.

2) Challenges in Robustness and Complexity: In Section
III, we touched upon the unpredictability introduced by DP
mechanisms, which can sometimes lead to infeasible control
solutions. To effectively address this challenge, we incorporate
scenario-based constraints to navigate the variability intro-
duced by DP, covering a wide spectrum of potential sampling
scenarios as elaborated in subsection IV-B.

After formulating the stochastic control problem, we en-
counter a second area of challenge: the complexity of a hybrid
action space. This space comprises both integer variables for
EV charging decisions and continuous variables for power
generation and other control actions, presenting significant
hurdles for conventional RL methods. To manage the hybrid
action space, which comprises both integer and continuous
variables, we draw on the Shapley-Folkman Lemma, as high-
lighted in [9], enabling the approximation of the aggregate
feasible action space using continuous variables.

Furthermore, in subsection IV-C, to simplify the represen-
tation of the extensive set of constraints associated with all
sampling scenarios, we employ a polyhedron approximation
strategy. By integrating lower-order polyhedral constraints into
our DRL framework, we significantly reduce the complexity
of both actions and states. This simplification makes the
learning process more tractable, enabling the DRL framework
to more effectively address the intricacies of power grid
operations with integrated EV charging strategies, achieving
notable simplification and enhancing the overall robustness of
our control strategies.

B. Robust OPF for DP EV Charging Control

Building on the stochastic control problem formulated in
Section IV-A, we now focus on addressing the robust OPF for
DP EV charging control. This shift is necessitated by the DP
mechanism’s inherent randomness, which, while ensuring pri-
vacy, introduces unpredictability that could lead to infeasible
control solutions. Given this context, our objective expands to
ensuring that optimal actions not only account for DP-induced
variability but also remain feasible for the actual EV arrivals.

To this end, we cast the OPF problem within the framework
of robust optimization, specifically tailored to accommodate a
wide array of possible EV arrival matrices. This robust OPF
formulation aims to guarantee that optimal solutions satisfy
network constraints under all considered sampled arrival ma-
trices, thus enhancing the reliability of the control solutions.

The aggregate feasible set £; at bus 4 in Eq. (7) across these
scenarios is defined as L£; at bus ¢. The robust OPF model
should consider the intersection of all the feasible EV sets
for all sampled arrival matrices, i.e., £; ¢, (t) € NsesLs and
Ley(t) = (ley(t))ien. Considering the intersections of all
sampling scenario-based constraints, the robust OPF model
can be expressed as

T+T—-1
glg})( =P [ ; r(t)] (17a)
My (P ;s (t) = Pep(t) + Leo(t)) + MygP(t) — £5(t) =
R{D(w(t)(v(t)Y™)}, ley(t) € NeesLy, L5 € (T) = (9)
(17b)
Mg’ (t) — £5(t) = S{D(v(t)(v(t))" Y}, (17¢)
g’ <gP(t)<gl, g?"<g%t)<g?, v<|v(t)|<
(17d)
0 < pe(t) < Pilieqs 0 < i (t) < Pt [Kv(1)] < 85 s
(17e)
80Cmin < s0c(t) < s0Chqz, VYt € [T, 7+ T — 1] (176)
At - (T
soc(t) = soc(t — 1) + o (nchpch(t) - pd’i‘“"()) (17g)
cap dis

where the active power demand vector is £h(t) =
(05 (n,t)]vnenr, the reactive power demand vector is £5(t) =
(05 (n,t)lynenrs Y is the admittance matrix, and v(t) =
[v(n, t)]vnen is the grid state in the AC power flow, i.e. v(t) =
[o(t)] 0 e0®) w(n,t) = |v(n,t)|?D), The matrix K £ YT,
where I € R"*" is a network-directed graph incidence matrix,
where m is the number of lines in the network. The complex
power injection is given by sj = (v oi*) = D(v(i)"),
where v € CV represents the voltage phasor vector, and
i € CV symbolizes the current phasor vector. (-)* denotes
the conjugate of the complex vector or matrix and o denotes
the Hadamard product (element-wise product). The function
D(-) extracts the vector of diagonal elements from a matrix,
while (4)7 and (4)* represent the Hermitian and the conjugate
of the vector ¢, respectively. The current phasor vector can
be further expressed as ¢ = Yw, thereby allowing sj to be
rewritten as D(vv YH). Therefore, the active and reactive
power injections are expressed as R(sj) = R{D (v YH)}
and S(s5) = S{D(vv?YH)}. 55, denotes the vector of
long-term branch rating limits. Let M, the matrix {0, 1}V*¢
that maps the generation vector g? € RI9! to R as follows:

[Mggp]i =0, [Mggq]i =0, Vie N\ g

[Mggp]i = gg)a [Mggq]z = g;ly Vi € g7 V_] S [17 e 7(Gi]8)
and the matrix M, € {0, 1}V*® functions as a mapping tool
for the vectors of charging power p_,(t), discharging power
Pgis(t), and EV demands £.,(t) across the entire network. It
assigns zero to those buses that lack battery storage or EV
charging substations. The variable soc denotes the state of
charge (SoC) of the battery storage systems, with Eq. (17g)
detailing the dynamic evolution of the SoC. The feasible set of
Eq. (17) is denoted by 2;. The above optimization models are
usually computationally intractable due to the complicating



constraints Egs. (7) - (9), compounded by the addition of a
large number of scenario-based constraints denoted by s € S.

C. Refined Polyhedron Constraints for Reduced Order

In this subsection, the intersections of feasible sets, i.e.,
Egs. (7) - (9), is a polytope which means £ can be replaced
by convex combination of vertices v € V. In discussing the
simplification of EV constraints, it is crucial to understand
that the feasible region of a problem constrained by linear
equations forms a polytope. This insight enables us to map the
EV feasible set into a lower-dimensional space, significantly
reducing the complexity of dimensional control actions. Figure
4 depicts the process of low-dimensional reduction. For the
intersection of a series of linear constraints, we can select
four feasible vertices from the boundaries of this polytope,
and the convex combination of these vertices is also feasible
within the region of this intersection. Therefore, instead of
controlling the high-dimensional actions (9dy,",, (t))ses.ien>
we can manage the convex combination scalars, significantly
simplifying the control mechanism.

C = VW + VoW, + vaws + vy

iev

:.-"w| +wy+wy+w, =1
3 34>0

Figure 4. An illustration of the reduced Polyhedron approximation of intersections.

We denote tT by a time period, and ¢ by a time point.
Let £, 0,(t1) = [lico(T)]5E2" for a time period, and let
Ley(tT) = [€ien(tT)]ien for all buses. When we describe a
convex combination of vertices, represented as vz(tT) € V =

Vert(NsesL?), the expression is formalized as:

VI VI

ZV/; t+ wg ng(t) =1.
B=1

where w(t) £ [wg(t)]ys. Presuming the complexity of the
convexified aggregate is inherently manageable— an assump-
tion that holds for several tens of thousands of convexified load
models — our goal is to pare down the complexity of NgesL?.
With a set of price scenarios given as kg € RT,B3 € R, our
starting point is with ¥V = (). For each price scenario, we
determine the optimal power profile:

19)

1 E'U

vg =argminkj €, (t1), (20a)
Vg € ﬂsesﬁs (20b)
Following this, we incorporate the outcome, £; .,,(t), into V.

Subsequently, we put forth another heuristic approach aimed at
streamlining the aggregate region. This is achieved by exclud-
ing vertices that closely align with others, thereby reducing the
facet count within the polytope. Therefore, £; ., (t*) € (17b)

can replaced by £; ., (t1) = ZB}:'l v(tT)wg(t), where w are
the control variables. This significantly reduce the dimensional
of ddy, .. (t),Yx, &' € Uy, Vs,Vt = |1, 7+t —1] to the number
of |V|. Eq. (17b) can be revised as

My (Pais (1) = Pen () + Lew (1)) + MygP (1) — £5(1) =

R{D(v(t)(w(t)"Y™)}, Ley(t) = [lieo(t)]icn
4 V] 2n

Zu (tH)wh(t Zwlﬁ(t) =
p=1

A significant benefit of this approach is its ability to con-
currently execute constraint dimensional reductions across
various charging stations. In contrast, the original optimiza-
tion problems required the simultaneous consideration of
all control variables associated with different charging sta-
tions. Thus, the optimization problem is formulated as Eq.
(17), excluding Eq. (17b), combined with Eq. (21). This
formulation is denoted as (P1). Through this dimensional-
ity reduction, the dimensions of our states and actions are
significantly reduced. Specifically, our states are given by
s(t) = [v(t),soc(t),vs(t")]", and the control actions are

represented as A(t) = [gP(t); g7(t); Py (t); Pais (t); wp(£)] .

Z €'U

D. Disaggregation of Aggregated EV Demands

After determining the optimal w}, we calculate the aggre-
gate EV demand, represented as £; ¢, = ZMI v;,w;. The term
£; ¢, (t) indicates the aggregated EV demand at time ¢ for bus
1, and it corresponds to the first element of £; .,,. To achieve
the disaggregation of the EV charging control, denoted as
(’)dfb’m, (t),Va,Va' € Uy, one can solve a small-scale mapping
problem individually for each i. More specifically, Vi, ¢, the
corresponding projection problem is independently resolved.
2

min 1 ev 513 - Il? adl ( ))7
P e , @)
st Odly 4 (t) € (7)

In this context, the disaggregation problem leverages current
actual arrivals to make localized decisions. In this localized
disaggregation approach, there is no interaction with central-
ized agents. Conversely, in the centralized OPF problem, the
DP arrival matrix is transmitted to the central agent.

V. CONSTRAINED REINFORCEMENT LEARNING

The task of directly resolving the optimization problem
(P1) in is highly complex. This complexity arises due to
the stochastic nature of the problem. To address the above
challenge, in this section, we apply our CRL methodology
in [27] for real-time predictive control of the OPF problem,
incorporating aggregate EVs.

A. Constrained Twin Delayed Deep Deterministic Policy
Gradient (TD3)

The TD3 method, which falls within an actor-critic frame-
work, updates policy function parameters based on a critic or
approximate value function [28]. The actor, 74, selects actions,
while the critic, ()¢, evaluates these actions. Q-learning uses



temporal difference learning [29] to derive the value function
from the Bellman equation [30].

In [27], a constrained TD3 approach is detailed. For our
implementation, we adopt two target networks, specifically
Q¢; and Q¢;, and complement them with two critic networks,
Q¢, and Q¢,. The methodology involves selecting the mini-
mum value between the two value estimates, which promotes
a consistent update process for the critic networks. Upon
the suitable definition of the critic, we proceed to configure
the actor network, introducing a constrained action space.
Traditionally, the action network is trained to maximize the
critic network’s output. This is articulated as:

mo(s(t —1))).

where ¢ represents the parameters of the action network. We
can employ either Q¢, or Q¢, to guide 74(-) in updating ¢.
An action A(tT) = my(s(t — 1)) is deemed feasible if A(t)
adheres to all its constraints, 2(¢). Consequently, the policy
7y is derived by maximizing the critic network while ensuring
compliance with {(t):

max Qe, (s(t — 1), my(s(t —1)))

¢ < arg mgx Qe (s(t—1), (23)

s.t. A(t) € Q). (24)

— my(s(t — 1)).

where A(t) is taken according to policy A(t)

B. Primal-Dual OPF Formulation

In this subsection, we aim to train the constrained policy
function, denoted as 74(-), for problem (P1). We introduce the
normalized active power generation g”(¢) and the normalized
reactive power generation g%(t). Moreover, we define the
normalized discharging power as p,,(¢) and the charging
power as p,;,(t). Rather than directly controlling the high-
dimensional variable dd, 5/, our control actions are repre-
sented by wg, which are convex combination weights. The

actions A(t) = [a¢, -+ ,ary7—1] are expressed as follows:
a(t) = [g7(t), Q (t), Pen(t), Pass (1), w(B)] T,
A AL 05
g'(t) = (1-9(t)g? + g*(t)g?
P (t) £ Do (O)Dy, Pais(t) = pdis(t)T?b

where the power system environmental is controlled by the
unnormalized power generation, unnormalized discharging and
charging powers, and the unnormalized aggregated EV de-
mand. The vector w(t) inherently lies within [0, 1] due to
> swp(t) =1 and ws(t) > 0. This can also be equivalently
articulated through inequality constraints:

(26)

The last weight, wy(t), is wyy(t) =1 — ZM ! wg(t).
We introduce dual variables A and g in relatlon to Eq. (17),
alongside the augmented penalty parameters o

A= [AlaAQa)‘?)]THu' =

Q) = [01,0127@3]T,

(11 Bos gy 1] |

(27)
a;L = [a55 g, 7, aS]

Furthermore, we reformulate the equality and inequality con-
straints of Eq. (17) in a more compact manner:

(.d)\(t) =
My (Pyis(t) — Pep(t) + Lew(t)) + MygP(t) — £5(1)
f%{D< () (v(t)TY )}, (28)
M,g(t) — £3(t) — S{D(v(t)(v(t))"YT)},
soc(t) — soc(t — 1) + EC; NenPen () — p;i,;is(t)
K9 (t)| — Smax
soc(t) — soCax
wp(t) = socfnfn soc(t) (29)

V-1
ZB 1 wp(t) <1 "

Algorithm 1: Constrained Reinforcement Learning for
OPF with aggregate EVs

1 Initialize critic network Q¢,, Q¢,, and actor network ¢
with random parameters &1, &2 and ¢;

2 Initialize target networks &] < &1, €5 + &2, ¢ + &;

3 Initialize replay buffer 53, and set primal and dual update
periods pu and du;

4 fort=1:Tdo

5 Select action A(t) ~ my(s(t — 1));

6 Observe reward r(t) by Eq. (14);

7 Obtain the new state s(t) = env(A(t)) by taking action

A(t);
8 Stor(e )transition tuple (s(t — 1), A(t),r(t),s(t)) in B;
9 Sample mini-batch of N transitions
{(s" 1, A", r" s")n=1,--- ,N} from B;
10 y < r(t) +ymini—1 2 Qg (8", mp(s"));
u Update critics: £=1,2 <

argming,_, , % >y — Qeici o (3n717 An))2;
12 if t mod pu then

13 Update ¢ by the deterministic policy gradient:
¢ ¢ —nVLH(s" 1, ™), where 7 is the
learning rate and L is defined in Eq. (30);
14 Update target networks by [27];

15 if t mod du then
16 L Update the dual variables by Eq. (31).

With the definition of Eq. (25), the augmented Lagrangian
is:

m(gn/_’,(b = — Qf{ (S(t - 1),7T¢(S(t - 1))) + ()\Tw,\(t)—i—

AU | N I o ;32)

diag(
where A and p are the dual variable vectors, and ) and o,
are positive scalars that penalize the augmented terms.
The primal dual update requires minimizing the Lagrangian
function and then maximizing the dual function With the
definition of Eq. (25), the dual variables gradient update is:

AL AR 4 diag(a)wa (1),
p e pF 4 diag(oy)w (1),

€1y

where A1 and pFT1 are updated by batch samples. We

conduct the primal-dual update alternatively to optimize ¢
of my(-) while enforcing the feasibility of both equality and



inequality constraints. The convergence proof is provided in
our previous research [27]. The training process of the con-
strained reinforcement learning algorithm, described above, is
summarized in Algorithm 1.

VI. CASE STUDIES

In our experiments, we used the IEEE 14-bus system,
equipped with three EV charging stations and battery systems
at Buses 8 and 12, and complemented by three wind power
generation units. We also evaluated the IEEE 30-bus system,
which has four EV charging stations and battery systems
located at Buses 6, 12, 20, and 25, alongside another four wind
power generation units. For training the constrained DRL, we
used PyTorch, integrating actual demand profiles from Texas.
The wind power profiles were based on data from NREL Wind
[31], while the EV arrival pattern was simulated using the
model in [4]. Charging and slack durations were capped at 6
hours.

A. Experimental Setup

In the context of reinforcement learning, we have set the
buffer size at 500, with a discount factor for the reward
of 0.99. The rate at which the target network updates is
0.005, and policy updates with delay occur once every two
iterations. Both network parameters are optimized using the
Adam optimizer with a learning rate of 10~3. Following each
time step, the networks are trained on a mini-batch of 100
transitions that are uniformly sampled from the replay buffer.
The number of sampled arrival matrices generated for the
DP EV arrivals is 20. We select four vertices to approximate
intersections within the reduced polyhedron. The EV arrival
process is based on [4]. The actor network’s architecture
is given as follows. For both the IEEE 14-bus and IEEE
30-bus systems, the setup includes an initial cplx-STGCN
layer for feature extraction, succeeded by a Complex-valued
Neural Network (cplx-NN) layer, as mentioned in [32]. On
the other hand, the critic network, which estimates the long-
term discounted reward, features a straightforward design: a
three-layer real-NN, each furnished with 256 neurons.

B. Testing Curves

After training, we test our policy function with unseen
cases. The derived outcomes, illustrated in Fig. 5(a) using
200 sample visuals, emphasize our policy’s consistent trend
toward almost optimal results, with an optimality gap of only
3.06%. Likewise, we scale the proposed algorithm to the
IEEE 30-bus systems. For the training process, the difference
between our DRL method and standard optimization is a only
2.15%. For the testing process, a curated selection from 200
sample outcomes is depicted in Fig. 5(b). The result implies
our policy’s approximation for near-optimal decisions, even in
the absence of future EV arrival data and renewable energy
generations, with 2.01% optimality gap.

C. Demand Response of EV Controls

In this section, we underscore the advantages of employing
demand response in EV control. By optimizing the use of
wind power for EV charging, our primary objective is to
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(a) Testing curves of rewards (the 14- (b) Testing curves of rewards (the 30-
bus system). bus system).

Figure 5. The testing curves for the CRL with EV demand response in the IEEE 14-bus
system and the IEEE 30-bus system are illustrated in figures (a) and (b), accompanied
by the optimal rewards calculated through the optimization method, labelled as “OPT”.

substantially cut down on fuel costs. The performance of DRL
without demand responses is depicted in Fig. 6(a). Clearly,
the CRL integrated with demand responses yields higher
rewards than its counterpart without them. Fig. 7 presents
a comparative analysis between the projected aggregate EV
demand incorporating demand response strategies and that
without such strategies. The outcomes indicate that the policy
function can effectively forecast actions: when wind power
is abundant, it prioritizes charging more vehicles. In contrast,
during low wind power periods, the policy directs a greater
number of EVs towards a relaxed mode rather than charging.
Our tests on average fuel cost revealed noteworthy findings.
With the implementation of DRL alongside EV demand re-
sponse controls, we registered a 13.28% drop in fuel expenses
compared to setups devoid of DRL demand response. This
significant reduction in average fuel cost is attributed to the
control policy’s adeptness at harnessing renewable energy
sources for EV consumption, consequently reducing fuel costs.
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(a) Testing curves of rewards with (b) Testing curves of rewards with

demand responses. dimensionality reduction.

Figure 6. (a) Comparative testing trajectories of the CRL with and without EV demand
response; "DRL_DR” denotes CRL incorporating EV demand response. (b) Testing
trajectories contrasting the CRL with action space reduction against the CRL without
reduction.

D. Action Space Dimensionality Reduction

It is also worth noting that the computational time for the
original control actions, without dimensionality reduction, is
significantly higher, taking around 605 mins, compared to
around 118 mins when dimensionality reduction is applied. We
further emphasize the significance of dimensionality reduction
in reinforcement learning. Fig. 6(b) demonstrates that the
training curves without dimensionality reduction fail to find
the optimal actions that reduce the fuel costs. With this
dimensionality reduction technique, we achieved an average
16.74% drop in fuel costs. This can be attributed to the fact
that the particularly large action space, resulting from the
scenarios, makes it challenging for the learning process to
identify the optimal actions.
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(a) Demand Curves without Demand Response.
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(b) Demand Curves with Demand Response.
Figure 7. The active power demand curves encompass base demands, wind power
contributions, and EV demands. The shaded areas represent wind power output. Red
circles highlight periods of low wind power generation, which, in turn, result in reduced
charging power for EVs, as indicated by the blue circles.

VII. CONCLUSION

In this work, we developed a control model that harmonizes
EV charging DR seamlessly with power grid operations,
leveraging the inherent flexibility of EV charging. We ad-
dressed privacy concerns by implementing DP mechanisms
to safeguard the patterns of EV drivers’ arrivals. However,
the inherent randomness introduced by the DP mechanism
posed challenges, occasionally leading to infeasible solutions.
To overcome this, our robust control strategy considered a
range of potential arrival scenarios, though this introduced
complexity due to the high-dimensional nature of control ac-
tions. By devising and applying refined polyhedron constraints,
we were able to approximate the intersections of feasible
regions effectively. Through case studies using IEEE standard
systems, we demonstrated our approach’s efficacy in reducing
generation fuel costs by optimizing the use of renewable
resources for EV charging, while simultaneously preserving
the privacy of EV drivers.
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