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Abstract—The adoption of Electric Vehicles (EVs) and solar
Photovoltaic (PV) generation by households is rapidly and signif-
icantly increasing. Utilities are facing the challenge of efficiently
managing EV and PV resources to help mitigate the undesirable
effects on grid operation. Existing approaches to solve these issues
depend on accurate but hard to predict behavior of EVs and PVs,
detailed knowledge of customers, and grid infrastructure, all of
which complicate the effective deployment of these resources.
Motivated by these practical challenges and in collaboration with
industry partners working on addressing these issues, this paper
proposes a two-level data-driven smart controller for EV charging
in distribution systems. The controller is modeled as a Deep
Reinforcement Learning (DRL) agent, which coordinates the
charging rates of multiple EVs connected to a realistic residential
feeder with high penetration of PV generation. The first level
coordinates the aggregated EV load at distribution Medium
Voltage (MV) level to provide Demand Response (DR) services; at
the Low Voltage (LV) level it aims to maximize the EVs’ state of
charge at departure while avoiding the overloading of the MV/LV
distribution transformers. The controller is verified through
simulations on an actual utility grid facing the aforementioned
challenges, demonstrating the effectiveness and practicality of the
proposed DRL-based smart charging approach.

Index Terms—Deep deterministic policy gradient, deep re-
inforcement learning, demand response, distribution system,
electric vehicle, machine learning, photovoltaic.

NOMENCLATURE

Indices

e Episode index
i Transformer index
j EV index
k Future discrete time period
t Discrete time period

Parameters

A Exponential Zone amplitude [V]
B Exponential Inverse time constant [Ah−1]
BEV i,j Capacity of EV j connected to transformer i

[kWh]
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EAh Individual battery cell capacity [Ah]
ε Scaling factor
K Polarization voltage [V]
Irr Solar irradiance [kW/m2]
LFref Reference load factor [p.u.]
np Number of parallel branches of series-

connected battery cells in the battery pack.
N Number of discrete time steps k in which the

agent interacts with the environment
NE i Number of EVs connected at transformer i
ns Number of series-connected battery cells in the

battery pack.
ηc ac-dc converter efficiency [p.u.]
ηPV PV converter efficiency [p.u.]
ξ Acceptable loading at haad-of-feeder level

[p.u.]
p probability value
P ag
i Aggregated EV demand at transformer i [p.u.]
Pmpp Maximum PV array power [kW]
P head Head of the feeder active power [pu]
φ Penalty reward term coefficient
ϕ Reward function weights
Rbat Battery cell internal resistance [Ω]
SOCcut Battery SOC at cut-off voltage [p.u.]
σe Standard deviation
S̄ Transformer’s capacity [kVA]
T Number of future discrete time periods
τ Target network update parameter
V cut Battery cut-off voltage [V]
V obat Battery voltage constant [V]
θ Policy parameters
θQ Critic Network parameter vector
θµ Active Network parameter vector
θ∗µ Perturbed Active Network parameter vector
γ Discount rate

Variables

a Action
αi,t Fraction of maximum EV demand at trans-

former i that can charge at time t
βi,1,t ML-S control output
Cmax Maximum EV charging rate
Ci,j,t Charging rate setpoint for EVi,j,t considering

the ML-Si controller action.
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C ′i,j,t Charging rate setpoint of EVi,j,t without the
ML-Si controller action

E Expected value
Eag
i,t Aggregated EV energy that needs to be sup-

plied to charge all EVs connected at trans-
former i at time t

f Piece-wise function mapping solar irradiance
and correction factor

Ibat Battery cell current [A]
J Actor network cost function
J̃e Average actor loss for the episode e
L Critic network cost function
`i,t Transformer’s i loading level at time t [p.u.]
M Number of episodes
N Noise process
Ωi,t Reward function auxiliary variable
Pi Transformer’s i active power [kW]
P EV
dc Active power sent to the battery pack [W]
P EV AC charger power [W]
P̂ EV
i,j,t Charging power of EVi,j at time t in per-unit

of maximum charging capacity at transformer
i

π Stochastic policy
Ψi,t Uniformly distributed random variable
Q Critic network
r Reward [p.u.]
Rt Cumulative future reward discounted at time t

[p.u.]
s State measurement [p.u.]
SOC State of Charge [p.u.]
tarr
i,j EVi,j Arrival time [min]
t̃dep
i,j Average departure time [min]
tci,j Time EVi,j has been connected since its arrival

[min]
τi,t Estimated remaining time before departure

[min]
µ Actor network
V Charger voltage [V]
V ocbat Battery cell open circuit voltage [V]
vi,t Transformer’s i secondary voltage at time t
χi,t Reward function auxiliary variable
y Estimated Q value
P EV′
i,j,t Charging power setpoint for EVi,j,t [kW]

Sets

A Set of discrete actions
E Environment
R Reply buffer
B Mini batch of transitions

I. INTRODUCTION

In recent years, motivated by environmental concerns and
decreasing costs, Distributed Energy Resources (DERs) has

received special attention from households, industry, and com-
mercial outfits. In this context, Photovoltaic (PV) generation
has become a viable option for energy self-sufficiency and
reducing the increasing energy cost, and is thus widely adopted

by these consumers [1], [2]. On the other hand, driven also by
competitive electricity prices, fossil-fuel based transportation
and heating demand is rapidly being electrified. For example,
in Canada, the national fleet of Electric Vehicles (EVs) was
90,100 units in 2018 [3], and 100% of new car sales is
expected to be electric by 2040 [4].

Rapid adoption of EVs poses challenges to utilities, such as:
increased system peak load; overloading of cables, wires, and
transformers; increased circuit losses; and voltage drops below
acceptable limits [5]. These problems can be partially ad-
dressed by applying Time-of-Use (ToU) tariffs on customers,
which penalizes energy consumption at peak hours. More
effectively, the operation of the EVs can be optimally coordi-
nated to achieve a particular objective defined by the utility [6],
[7]. Thus, smart chargers are necessary to control the charging
rates and schedule of EVs, as well as communicate both
ways with the utility; however, this requires that EV owners
agree to participate in a suitable Demand Response (DR)
program that allows the utility or grid operator to monitor and
control the charging of their EVs. With such control schemes
in place, the EV penetration level can be increased without
compromising the distribution grid reliability, and possibly
help defer investments in grid infrastructure and upgrades [8].

Coordinating the operation of EVs and PVs connected to
Low Voltage (LV) networks for DR applications typically
involves solving a multistage optimization problem. In this
context, a centralized entity at the utility level controls some
Medium Voltage (MV) circuit components, while an aggrega-
tor at the distribution transformer level dispatches the DERs
connected to the LV grids [9]. The results, however, are highly
influenced by the methods used to predict the EV connection
and disconnection times, PV generation, and load profiles,
which are inputs to the problem. In most existing works (e.g.,
[9]–[11]), the uncertainty associated with these predictions
is tackled using Model Predictive Control (MPC), Stochastic
Optimization (SO), or similar approaches based on probability
distribution functions (pdfs), thus ultimately relying on ex-
pected values obtained from these pdfs. However, practical
implementations and the optimality of these controllers are
constrained by:

• Accurate prediction of the required controller input data
such as load profile, EV connection, and PV power
injections;

• Detailed grid models embedded in EV charging manage-
ment systems;

• Computational burden that limits the operation of existing
optimization-based charging controls in real-time.

To overcome the aforementioned issues, data-driven Ma-
chine Learning (ML) based controllers have been proposed
to coordinate EVs in distribution grids, which avoids the
need for detailed electrical grid modeling, thus considerably
reducing the computational burden for actual controller imple-
mentations. For example, in [12], a Reinforcement Learning
(RL) approach is proposed to learn a cost-effective day-ahead
consumption plan for charging EVs, based on available charg-
ing parameters, aiming at minimizing the energy purchase
risk. However, the described intelligent control focuses on
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collective EV fleet behaviour only, rather than individual EVs;
thus, charging rates are specified based on a heuristic approach
instead. On the other hand, researchers in [13] use Q-learning,
which is an RL algorithm, in a management system for an
EV charging station that seeks to maximize its revenue. The
station, which is partially supplied by a renewable based
generator, allows the connection of multiple EVs. The main
limitation of this approach is that it categorizes EVs into two
types, which have pre-defined charging strategies, since in Q-
Learning, the smart agent must choose his actions from a finite
set of discrete actions.

Coordinating the charging of multiple EVs connected to the
same distribution grid for DR applications requires monitoring
a significant amount of data. In this context, Q-Learning
and, in particular, Deep-Q Learning (DQL) addresses a key
challenge for high dimensional input control of fast and
effective mapping of inputs to outputs. However, DQL has
the major drawback of not being able to efficiently handle
multi-dimensional continuous outputs. Since the ultimate goal
of a centralized EV controller is to define the charging power
and when to charge individual EVs, the number of outputs of
a controller must be, at least, the number of EVs it oversees,
and these outputs must be continuous to allow the EVs to
charge at different rates. To address these limitations, the Deep
Deterministic Policy Gradient (DDPG) algorithm presented in
[14] is used here. DDPG is a model-free, off-policy actor-
critic algorithm that uses DNNs as approximator that can
learn high-dimensional continuous spaces, which makes it a
suitable candidate for a central EV controller. In particular,
it is based on a deterministic policy (actor) that propagates
its inputs through a DNN to its high-dimensional-continuous
output, thus facilitating controlling complex systems in real-
time with relative ease, without the computational challenges
of previously proposed optimization-based approaches such as
[9] and [10] that constraint their real-time applications for EV
charging control.

DDPG has been proven effective in many control applica-
tions involving physical systems, communications, robotics, to
name a few. In recent years, it has received special attention
in problems involving EV control. For example, [15] proposes
a dynamic pricing strategy for EV aggregators based on the
DDPG algorithm. Similarly, [16] proposes a DDPG algorithm-
based EV charging pricing scheme for an aggregator, which
addresses the limitation of existing formulations that consider
fixed, discrete charging/discharging EV powers. However,
these works focus on EV participation in electricity markets
and their response to market signals, as opposed to solving
local EV-related issues at the distribution level, which require
monitoring the grid-related variables. On the other hand, [17]
and [18] concentrate on the perspective of a single EV owner,
proposing management systems based on DDPG, seeking
to minimize the charging cost, with [18] also seeking to
maintain the EV’s battery energy at a desired level at the
end of a charging event. The authors in [17] demonstrate
that their proposed approach can achieve more than 70% cost
reduction compared to other existing methods. The proposed
method in [18], in addition to significant cost reduction, also
shows higher user satisfaction based on their EVs’ charging

requirements. A similar approach is discussed in [19], which
also considers stationary batteries and local PV generation.
In [20], DDPG is used to maximize the EV charging from
local PV generation, while also maximizing the EV’s SOC at
departure. In all these works, the issue of coordinating multiple
EVs connected to the same grid is not addressed; instead, the
intelligent DDPG agents are trained to learn optimal strategies
focused on pursuing individual EV charging objectives.

The coordinated charging of multiple EVs based on Deep
RL (DRL) has been discussed in few recent works. For exam-
ple, [21] proposes a bi-level DRL-based coordinated charging
strategy for EVs aiming to minimize the charging costs. In
the first level, a Constrained-DRL (CDRL) approach finds the
total charging energy of all EVs, while in the second level, a
rule-based heuristic policy distributes the total charging energy
among the EVs. Proximal Policy Optimization (PPC) and
Soft-Actor Critic (SAC) algorithms, which can handle a high
dimensional space, are used to solve the first level problem.
Even though this work addresses the issue of handling a
large action space, it only focuses on cost minimization; thus,
the technical issues of connecting a large amount of EVs
are not investigated, and the grid is not modeled either. In
[22], a DC power flow model is incorporated as a set of
constraints in a DRL-based decentralized model that seeks to
minimize the energy cost of an energy hub with EVs. However,
this work does not focus on controlling individual EVs, but
the participation of multiple EV aggregators in the energy
demand/supply of the hub. The authors in [23] propose a DRL-
based Energy Management System (EMS) for a distribution
grid with DERs, including EVs, that minimizes the operating
cost of the grid. The proposed EMS, which is formulated as
a traditional multi-objective optimization problem, uses the
concept of Q function in a DRL algorithm to make decisions
on the controlling variables. However, the proposed algorithm
does not model the grid and the EVs are simply modeled as a
constant-power load. In [24], Vehicle-to-the Grid (V2G) mode
is assumed in a DRL-based formulation that penalizes EVs not
reaching a desired SOC target at departure, in a problem that
seeks to minimize carbon emissions. The problem is described
as a Markov Decision Process (MDP), which limits the EV
charging process, as MDP can only handle discrete action
spaces.

Some works have proposed DRL-based frameworks for
voltage regulation in Active Distribution Networks (ADN), not
focusing in EV control and representing the grid through a
balanced DistFlow model [25]–[27], balanced radial ac power
flow [28], or balanced radial ac power flow model [29]. A
few works pertaining EV control model the gird; for example,
[30] proposes a DRL-based two-stage framework for voltage
control in distribution grids, coordinating voltage regulation
devices and EVs connected to charging stations. In particular,
a DDPG-based method controls the charging of EVs operating
in reactive power control mode while charging at a fixed
active power level, as well as EVs in V2G mode exchanging
active and reactive power with the grid. However, this work
does not take into account other grid-related issues such as
transformer overloading, which can be significant in grids with
high penetration of EVs.
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From the literature review, it can be noted that some of the
state-of-the-art papers on RL-based coordinated EV control
ignore power flow constraints or rely on simplistic DC power
flows, while other works in RL-based voltage control of
ADN use a balanced DistFlow model for radial systems. In
contrast, our proposed approach is based on a real-world
distribution system modeled in detail in the OpenDSS platform
[31], which has been widely used in research and academia,
particularly for EV integration studies [32]–[35] and validated
against actual data in [36]; thus, unbalanced three-phase ac
power flows are used during both the training and test phases.
Furthermore, the state-of-the-art on RL-based coordinated EV
charging models EV load as constant-power loads, which
does not properly represent the charging behavior of EVs,
particularly under a high sampling/execution rate paradigm;
hence, the EV charging models proposed here are based on
and validated with actual battery pack, converter, and local
charger controller architectures and data. Therefore, the main
contributions of this work are the following:
• Develop and demonstrate a novel two-level ML-based

coordinated EV control trained and validated using a real-
world test system and associated data.

• Consider power flow constraints during training and test-
ing utilizing a flexible reward function, state variables,
and an unbalanced ac power flow model for RL-based
coordinated charging of EVs.

• Use of a realistic EV and data-validated model for unbal-
anced power flow modeling in distribution systems, which
includes the battery pack, converter, and local charger
controller.

The rest of the paper is organized as follows: Section II
presents an overview of EV charging and the DDPG algo-
rithm. In Section III, the proposed controller structure and its
representation in the DDPG framework are presented. Section
IV describes and discusses the test system and the controller
training, and demonstrates its effectiveness to facilitate a
large EV penetration in an existing grid through detailed
simulations. The main conclusions of the presented work and
possible future improvements are discussed in Section V.

II. BACKGROUND REVIEW

A. EV Charging Modeling and Control

Three standard charging levels are commercially available
for EVs; Level 1 and Level 2 allow up to 1.8 kW and 19.2
kW charging power, respectively, while Level 3 charger power
is in the range of 50 kW to 150 kW [6]. The charger can
be off or on board, with the latter being more common for
Level 1 and Level 2 chargers, while the former is used for
Level 3 [37], [38]. In North America, Level 1 and Level 2
chargers are connected to single-phase circuits at 120 V and
240 V, respectively, and are usually installed for residential
EV charging, which is the focus of this paper.

A typical charger comprises an ac-dc converter interfacing
the ac grid side and a dc link, and a dc-dc converter that
connects the dc link and a battery pack [37]. The ac-dc
converter regulates the dc link voltage and EV power factor,
whereas the dc-dc converter controls the charging power [39].

In most cases, a combination of Constant Current (CC) and
Constant Voltage (CV) strategies are used to charge EVs.
In CC, the charger regulates the battery pack voltage to
keep the battery current constant. On the other hand, in CV,
the current is regulated to keep the voltage constant. In a
combined CCCV strategy, CC is applied until a cut-off voltage
is reached; afterwards, it charges in CV mode until the battery
is fully charged [38]. This prevents the battery pack from being
overcharged when its maximum SOC is reached, thus avoiding
shortening the battery life [38].

The model of the EV charger used in this work, which is
based on a CCCV strategy, is depicted in Fig. 1, with the
ac-dc and dc-dc converter represented in a single block. Note
that since the time resolution of the proposed controller is in
the min/hour range, the model neglects the dynamics of the
converters and their controllers, which are in the range of ms.
In this figure, the battery pack comprises an array of individual
battery cells, connected in series to achieve the desired voltage
at the low voltage (LV) terminal of the dc-dc converter, and
in parallel to obtain the required EV energy rating. Thus, np
parallel branches of ns series-connected battery cells form the
battery pack. The battery cells are modeled as a controllable
voltage sources in series with resistors, which represent the
battery cell open circuit voltage V oc

bat and internal resistant
Rbat, respectively [40]. Hence, the EV charging relation can
be modeled as follows:

V oc
bat = V o

bat −
K

SOC
+Ae−BE

Ah(1−SOC ) (1)

V = min
{
ns(V

oc
bat +RbatIbat), V

cut} (2)

Ibat =

CE
Ah if SOC ≤ SOCcut

V cut − nsV
bat

oc

nsRbat
if SOC > SOCcut

(3)

P EV
dc = npV Ibat (4)

P EV =
1

ηc
P EV
dc (5)

where V o
bat is the battery voltage constant; A is the exponential

zone amplitude in V; B is the exponential inverse time constant
in Ah−1; EAh is the individual battery cell capacity in Ah;
SOC is the EV’s battery pack State of Charge (SOC) in p.u.;
Ibat is the battery cell current in A; K is the polarization
voltage in V; C is the EV charging rate in p.u.; SOCcut is
the battery SOC when the charger voltage V of the battery
reaches the cut-off voltage V cut; P EV

dc is the active power sent
to the battery pack; P EV is the ac charger power; and ηc is
the ac-dc converter efficiency.

B. Deep Deterministic Policy Gradient (DDPG) Algorithm

RL, which is an area of Machine Learning (ML), describes
an intelligent agent that performs certain actions at ∈ R on
an environment E in discrete time steps t, and can learn to
modify its behaviour by observing the consequences of these
actions, in response to state measurements st ∈ Rn of the
environment and rewards associated with action-state pairs
rt ∈ R [41]. The agent behaviour is determined by a policy
πθ(s, a) with parameters θ, that maps state-action pairs to
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Fig. 1. EV charger model.

a probability distribution over a discrete action space, i.e.,
πθ(a, s) = Pr(a = at|s = st), where a belongs to a finite
set of discrete actions A.

In general, the objective of an RL agent is to directly or
indirectly learn a policy that maximizes its future rewards.
This can be achieved through model-based, policy-based, or
value-based RL algorithms. Model-based algorithms learn the
dynamics of the environment and use that information to
predict the optimal strategy that the agent should follow to
maximize its future rewards. Policy-based algorithms learn the
policy itself, and value-based algorithms learn functions that
estimate how good it is for the agent to take certain actions
while being in a given state. In DRL, the policy or value
functions are modeled using Neural Networks (NNs).

Q-Learning is a value-based algorithm that estimates a func-
tion, known as Q function, describing the expected discounted
future rewards after taking an action at in state st following
policy π, as follows [14]:

Rt =

T∑
k=t

γk−tr(sk, ak) (6)

Qπ(st, at|θQ) = Erk≥t,sk>t∼E,ak>t∼π [Rt|st, at] (7)

where Rt is the cumulative future rewards discounted at time
t; T is number of future discrete time periods k; γ < 1
is the discounting rate; r(sk, ak) ∈ R is a reward function;
Qπ(st, at|θQ) is the Q function with parameters θQ; and E
denotes the expected value with future (k ≥ t) states sk
and actions ak belonging to the stochastic environment E
and stochastic policy π, respectively. Note that (7) can be
expressed in a recursive way, know as Bellman equation, as
follows [14]:

Qπ(st, at) = Ert,st+1∼E [r(st, at)

+ γEat+1∼π [Qπ(st+1, at+1)]] (8)

Traditional Deep Q-Learning has the limitation of dealing
with a single-dimension discrete action space only. Hence, the
authors in [14] address this issue by proposing the DDPG
algorithm, which considers a deterministic policy µ : S →
A, such that µ(st) = at ∈ Rn, resulting in the following Q
function:

Qµ(st, at) = Ert,st+1∼E [r(st, at) + γQµ(st+1, at+1)] (9)

Note that since µ(st) = at is deterministic, the inner ex-
pectation Eat+1∼π is removed in (9), thus Qµ(st, at) is only
stochastic on the environment E ; this also implies that Qµ can
be learned off-policy, i.e., the exploration of the environment
does not need to follow the policy µ. The DDPG algorithm
aims to find the parameters θQ of the Q function approximator
Q(s, a|θQ), known as critic network, by minimizing its error
with respect to the Bellman equation (9). The deterministic
policy µ(st|θµ), known as actor network, is learned by maxi-
mizing the expected Q value of the state-action pair (s, a), as
follows:

min
θQ

L(θQ) =
1

N

N∑
k

(
yk −Q(sk, ak|θQ)

)2
(10)

yk = rk + γQ
(
sk+1, µ(sk+1|θµ)|θQ

)
(11)

max
θµ

J(θµ) =
1

N

N∑
k

Q(sk, µ(sk|θµ)) (12)

where L and J are the costs functions associated with the
learning process of the critic and actor networks Q and µ,
respectively; N is the number of discrete time steps k during
which the agent interacts with the environment; yk is the
estimated Q value based on the Bellman equation (9); and
θQ and θµ are the weights of the critic and actor networks,
respectively. Note that the maximization of J aims to obtain
a policy that also maximizes the rewards the agent obtains
through time, while the minimization of L intends to make the
agent learn the Q function. Also note that (11) assumes that
Q(st+1) and µ(st+1) are known to calculate Q(st); however,
this causes instabilities during training [14], as these functions
are being learned. Hence, the DDPG algorithm proposes the
use of target networks Q′ and µ′ that are identical to Q and
µ, but their weights θQ

′
and θµ

′
are updated less often than

θQ and θµ.
Algorithm 1 summarizes the DDPG algorithm, whereR is a

memory buffer of fixed size where transitions (st, at, rt, st+1)
are stored at every step t. In this algorithm, M is the number
of episodes; N is a noise process added for environment
exploration; the parameter τ controls the update of the target
networks.

III. EV CHARGER CONTROL

The overall objective of the proposed EV charging controller
is to enable larger penetration of EVs in distribution systems.
This is possible by coordinating the charging of individual
EVs to achieve a common goal such as preventing distribution
transformers overloading while charging, which is a main
concern in practice for distribution system operators. The non-
linearities of distribution grids and their components, and the
stochastic behaviour of the residential demand, including EVs,
and PV injections, make smart controllers ideal candidates for
EV charging control. To this effect, actor networks µ(s|θµ)
of DDPG agents are considered in this work as intelligent
controllers, whose structure and implementation in the DDPG
framework are discussed in this section.
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Algorithm 1 DDPG algorithm [14]
Randomly initialize Q and µ with weights θQ and θµ

Initialize Q′ and µ′ with weights θQ
′ ← θQ, θµ

′ ← θµ

Initialize reply buffer R
for episode=1 to M do

Initialize a random process N for action exploration
Receive initial observation state s1
for t = 1 to T do

Select action at = µ(st|θµ) +Nt
Execute action at and observe rt and st+1

Store transition (st, at, rt, st+1) in R
Sample a random minibatch of N transitions
(sk, ak, rk, sk+1) from R
Set yk = rk + γQ′

(
sk+1, µ

′(sk+1|θµ
′
)|θQ′

)
Update critic network by minimizing the loss:

L = 1
N

∑
k

(
yk −Q(sk, ak|θQ)

)2
Update the actor policy using the sampled policy
gradient:
∇θµJ ≈ 1

N

∑
k∇θµQ(s, a|θQ)|s=sk,a=µ(sk|θµ)

Update the target networks:
θQ
′ ← τθQ + (1− τ)θQ

′

θµ
′ ← τθµ + (1− τ)θµ

′

end for
end for

A. Unbalanced Distribution System Model and EV Charger
Model

The environment used for training and testing the DDPG
based controller discussed in this section comprises an actual
unbalanced North American distribution system to which EVs,
PVs, and residential customer loads are connected. To model
the test distribution system, EPRI’s Open-Sourced Distribution
System Simulator (OpenDSS) was used [31]. This program
allows simulating unbalanced multi-phase power flows for any
grid configuration, including overhead or underground three-
or four-wire feeders, single-phase and two phase networks,
and other feeder configurations. It can also be customized to
interact with other platforms, such as Python. The model of a
generic customer with EV and PV is depicted in Fig. 2, based
on [42], [43].

The PV system is connected to one of the phases and
the neutral of a centre tapped single-phase distribution trans-
former, at 120 V. Assuming the PV system has maximum
power tracking control, the active power at the ac side of the
converter (P PV) can be calculated as follows [42]:

P PV = ηPVPmppIrrf(Temp) (13)

where ηPV is the converter efficiency; Pmpp is the maximum
power of the PV array in kW; Irr is the solar irradiance
onto the PV array’s surface in kW/m2; and f is a piece-wise
function that maps the temperature Temp of the solar array
in oC to a correction factor in per unit of Pmpp.

The EV charging model described in Section II-A, receives
the EV’s charging rate C and SOC as input and yields P EV as
output. A storage element in OpenDSS can be used to model
the SOC, as illustrated in Fig. 2, where the the effective power

at the dc side of the charger is integrated in a storage device,
considering the converter efficiency ηc, fixed idling losses Pidl,
and charging efficiency ηch, with the latter representing the
battery back losses. It is assumed that the EVs have Level
2 charging capacity, and thus are connected at 240 V. The
customer demand PL is modeled as a constant power load,
evenly distributed between the two accessible phases at the
transformer terminals.

B. Controller Structure

The proposed controller structure comprises two levels,
as depicted in Fig. 3; the primary level (ML-P) coordinates
the operation of secondary controllers (ML-Si), each associ-
ated with a MV/LV transformer to achieve the desired DR
objective at the head of the feeder. Specifically, the ML-P
controller aims to minimize the active power at the head
of the feeder P head and improve the feeder’s Load Factor
(LF =

[
1
24

∑24
h (P head

h )
]
/max(P head

h )), by setting the max-
imum aggregated EV demand P ag

i that each transformer i
can handle [9]. This information is passed to the ML-Si
controllers as setpoints for their aggregated EV load. On
the other hand, the secondary controllers seek to minimize
their associated transformer overload due the EV charging,
minimize transformer’s voltage deviations beyond acceptable
limits, maximize the EVs’ SOC at departure, and follow the
setpoints P ag

i determined by the ML-P controller. Note that
other possible states, such as flows through feeder sections
(main or laterals) are not considered, as existing measurement
equipment is only available at substation level or step-down
distribution system transformers through SCADA systems or
Distribution Transformer Monitoring (DTM) systems. For the
controller training and testing, OpenDSS is used to model a
detailed unbalanced distribution system, as illustrated in Figs.
4 and 5, which is impacted by the controller actions on the EV
chargers, and from where state measurements are obtained.

C. Controller Implementation in the DDPG Framework

1) ML-P Controller: The proposed ML-P controller struc-
ture is depicted in Fig. 4. The state space is formed by mea-
surements of the following: loading `t = {`1,t, ..., `NT,t} ∈
RNT of all NT transformers connected at the feeder at time
t in p.u., where `i,t = Pi/S̄i, with Pi and S̄i representing
the active power and the kVA capacity of the distribution
transformer i, respectively; P head ∈ R in p.u. with respect
to the substation (S/S) transformer maximum capacity; and
the aggregated EV energy that needs to be supplied to fully
charge all EVs connected at each transformer i at time t, i.e.,
Eag
t = {Eag

1,t, ..., E
ag
NT,t} ∈ RNT . Eag

i,t is defined as follows:

Eag
i,t =

1∑
j BEV i,j

NEi∑
j

(1− SOCi,j,t)BEV i,j

∀j = 1, ..,NE i (14)

where BEV i,j is the capacity in kWh of EVi,j , i.e., the EV j
connected at transformer i; SOCi,j,t is the SOC of EVi,j ; and
NE i is the number of EVs connected at transformer i. Note
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Fig. 3. Proposed controller structure

that Eag
i,t is calculated by each ML-Si controller based on its

local information and then passed to the ML-P controller, and
hence, st = (`t, E

ag
t , P

head) ∈ R2NT+1. The proposed state
space intends to provide the agent with enough information to
capture the system loading and EV energy to be supplied.
at = (α1,t, ..., αNT,t) ∈ RNT is the action space, where

αi,t is defined as the fraction of the total EV capacity
connected at transformers i that can charge at time t. Hence,
the P ag

i setpoints in kW can be calculated as follows:

P ag
i,t = αi,t

NEi∑
j

BEV i,jC
max
i,j (15)

where Cmax
i,j = min{0.5, 19.2/BEVi,j} is the maximum EV

charging rate, with 19.2 being the maximum power in kW that
a Level 2 charger can supply.

The reward function has two objectives: penalizing the
overloading of the substation (S/S) transformer and rewarding
flat daily demand profiles. For the first objective, it is assumed
that P head reasonably represents the S/S transformer loading,
with P head = 1 p.u. representing the S/S transformer nomi-
nal capacity. Hence, when P head is larger than an assumed
acceptable loading level ξ (e.g., ξ =1.2 p.u. signifies that the
transformer can be occasionally overloaded by 20%), the agent
is penalized. On the other hand, when the S/S transformer is
not significantly overloaded, i.e., P head < ξ, the agent receives
a reward that depends on how close P head is to a desired

Q(θQ)

Q′(θQ
′
) µ′(θµ

′
)

µ(θµ)

Controller at =
(α1,t, ..., αNT,t)

(15)

Agent OpenDSS

P ag
1,t

P ag
NT,t

P ag
i,t

st+1 = (`t, E
ag
t , P

head
t )

((st, at, rt, st+1), (st−1, at−1, rt−1, st), ...)

rt

R

B(R′,R3, ...)

Environment

Control signals
Measurements

Fig. 4. ML-P controller described as a DDPG agent.

p.u. flat demand, calculated based on a reference Load Factor
LF ref ∈ [0, 1] defined by the operator. Hence, the reward
function is defined as follows:

rt =

{
−φ1

(
P head
t − ξ

)2
if P head

t > ξ

φ2
(
1−

∣∣LFref − P head
t

∣∣) if P head
t ≤ ξ

(16)

where φ1 > 0 and φ2 > 0 are coefficients for the penalty and
reward terms, respectively.

2) ML-S Controller: The proposed structure for the ML-Si
controller associated with transformer i is illustrated in Fig.
5. The state space includes the SOC and per-unit charging
power measurements of all EVs connected at transformer i at
time t, i.e., SOC i,t = {SOC i,1,t, ...,SOC i,NEi,t} ∈ RNE i

and P̂ EV
i,t = {P̂ EV

i,1,t, ..., P̂
EV
i,NEi,t

} ∈ RNE i . P̂ EV
i,j,t is defined as



IEEE TRANSACTIONS ON SMART GRID, ACCEPTED NOVEMBER 2023 8

Qi(θ
Q
i )

Q′i(θ
Q′
i ) µ′i(θ

µ′
i )

µi(θ
µ
i )
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Fig. 5. ML-S controller described as a DDPG agent.

follows:

P̂ EV
i,j,t =

P EV
i,j,t∑NEi

j BEVi,jCmax
i,j

(17)

where P EV
i,j,t is the measured charging power of EVi,j in kW.

The state vector also considers the estimated remaining time
before departure for each EVi,j τi,t = {τi,1,t, ..., τi,NEi ,t} ∈
RNE i . τi,j,t is defined as follows:

τi,j,t =
1

1, 440

([
(1, 440− tarr

i,j) + t̃dep
i,j

]
− tci,j

)
(18)

where tarr
i,j , t̃

dep
i,j , and tci,j are the arrival time, average depar-

ture time, and the time EVi,j has been connected since its
arrival, in minutes, respectively; note that 1,440 corresponds
to the number of minutes in a day. The arrival and average
departure times are measured with respect to 00:00h every day.
Furthermore, t̃dep

i,j is a simple average calculated for each EVi,j
every day, based on W historical data measurements stored in
the controller memory of their corresponding actual departure
times tdep

i,j,w, as follows:

t̃dep
i,j =

1

W

W∑
w

tdep
i,j,w (19)

Finally, the state vector also contains the local transformer
loading `i,t ∈ R, its per-unit secondary-side voltage vi,t ∈ R,
and the ML-P controlling signal αi,t ∈ R, and hence, si,t =(
SOCi,t, P̄

EV
i,t , τi,t, `i,t, vi,t, αi,t

)
∈ R3NEi+3.

The aggregated EV power P ag
i,t in (15) is distributed among

all EVi,j prioritizing those with little energy available in their
batteries as follows:

P EV′
i,j,t =

[
(1− SOCi,j,t)BEVi,j∑NEi
j (1− SOCi,j,t)BEVi,j

]
P ag
i,t (20)

where P EV′
i,j,t is the charging power setpoint for EVi,j,t in kW.

The charging power P EV′
i,j,t can be readily expressed in terms

of the charging rate of EVi,j,t as follows:

C ′i,j,t =
P EV′
i,j,t

Cmax
i,j BEVi,j

(21)

where C ′i,j,t is the EVi,j,t charging rate setpoint with-
out the ML-Si controller action. Hence, the action space
of ML-Si controllers corresponds to the vector βi,t =
{βi,1,t, ..., βi,NEi,t} ∈ RNEi , with βi,j,t affecting the charging
rate setpoints C ′i,j,t as follows:

Ci,j,t = C ′i,j,t (1 + βi,j,t) (22)

where Ci,j,t is the charging rate applied to EVi,j,t considering
the ML-Si controller action.

The reward function penalizes the agent when the local
transformer overloads due to EV charging, the transformer’s
secondary-side voltage is outside the utility’s acceptable limits
vmin and vmax, or when EVs charge while the transformer is
already overloaded. It also penalizes EV departures without
being fully charged, in proportion of the SOC at departure
SOCdep

i,j,t. On the other hand, rewards are received by the agent
when the ML-P setpoints P ag

i,t are closely followed. Hence, the
following reward function is proposed:

ri,t = Ωi,t + χi,t − ϕ2

NEi∑
j

√∣∣∣1− SOCdep
i,j,t

∣∣∣
+ ϕ3

1−

∣∣∣P ag
i,t −

∑
j P

EV
i,j,t

∣∣∣∑NEi
j BEV i,jCmax

i,j

2 (23)

χi,t =

{
−ϕ1 (`i,t − ξi)2 if `i,t > ξi ∧

∑NEi
j P EV

i,j,t > 0

0 otherwise
(24)

Ωi,t =


−ϕ4 (vi,t − vmax)

2 if vi,t > vmax

−ϕ5 (vmin − vi,t)2 if vi,t < vmin

0 otherwise
(25)

where ξi > 1 is the maximum transformer loading acceptable,
and the coefficients ϕ1 > 0, ϕ2 > 0, ϕ3 > 0, ϕ4 > 0 and
ϕ5 > 0 vary the weights of the penalty and reward terms in
the reward function.

It should be mentioned that the proposed charging control
does not consider battery degradation, since there is no prac-
tical method to measure degradation of the battery cells of all
EVs in the feeder. Thus, it is not possible to account for this
issue in the proposed algorithm, as this requires measurement
of environment variables to incorporate them in the states or
reward functions.
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D. Practical Implementation

The information flow in the proposed controller at each
time interval t is depicted in Fig. 6, where it can be observed
that the ML-P controller measures the active power at the
head of the feeder to determine the controller input P head,
sending setpoints P ag

i to all controllers ML-Si. Each ML-Si
measures the local transformer’s voltage vi and loading level
to determine `i and for each EV connected to a transformer
i, a ML-Si controller receives the latest measurement SOCi,j
and the charging power P EV, both used to calculate Eag

i,t in
(14), and the time the EV has been connected since its last
arrival tc. When an EV departs, its charging power goes to
zero, with the ML-Si recording the departure time tdep and
the SOC at that point SOCdep, which is used as the SOC
measurement until the EV returns; when an EV arrives, the
ML-Si records the arrival time tarr and updates the SOC. Based
on the tdep recorded data, the controller ML-Si calculates
t̂dep, which along with tarr and tc are used to calculate
the state measurement τi,j,t in (18). Note that the choice
of the controller’s states was constrained by commercially
available monitoring equipment, since, for example, power
flows through feeder segments are not typically monitored,
as previously explained, and are thus not considered in the
proposed controller. For example, the head of the feeder
active power could be obtained from SCADA systems, while
transformer and EV data require special infrastructure (e.g.,
[44]), to enable the flow of information from EVs to the ML-
S and the ML-P controllers, as indicated in Fig. 6. Other
type of grid states, such as power flows trough segments of a
feeder, are not typically monitored, thus not considered in the
proposed controller.

The controller training takes place offline based on historical
demand and EV data based on large real-world data sets,
plus an advanced and practical distribution system model,
implemented in OpenDSS and integrated in the controller
environment developed in Python, thus considering for power
flow constraints in the training process. Once the controller
is trained, it is then deployed, thus minimizing unintended
operations that could result in grid issues. The controller would
be maintained by being regularly retrained using up-to-date
available information. Note that the proposed EV charging
control approach can be readily applied to feeders of any size,
since it is not significantly impacted by the system dimension
like optimization-based techniques (e.g., [9] and [10]). The
feeder size would only affect the topology of the ML-P critic
and actor NNs by increasing the number of the input and
output neurons, as well as their respective off-line training,
with the grid architecture not being a design parameter, and
rather being part of the environment with which the controller
interacts.

E. Modified DDPG Algorithm

The original DDPG algorithm suggests the use of a time-
correlated Ornstein–Uhlenbeck process to add white noise to
the action space, aiming at a larger search space to avoid
falling in a local minimum. An alternate option consist of
adding white noise to the parameter vector of the current

ML-P

ML-SiML-S1 ML-SNT

EVi,jEVi,1 EVi,NEi

Eag
1 , `1 Eag

NT , `NT

Eag
i , `iP ag

1 P ag
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i
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, τNEi,1
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EV
i,j , τi,j

P head

`i, vi, P
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i`1, v1, P

ag
1 `NT , vNT , P

ag
NT

Fig. 6. Information flow in the proposed controller.

policy, which could lead to more consistent exploration, and
thus, more effective learning than traditional RL with action
space noise [45]. In addition, since any αi,t > 0 in the
ML-P controller results in EV charging rates Ci,j,t > 0,
the action space can be forced to αi,t = 0 as part of the
exploration mechanism, so as to minimize frequent simul-
taneous EV charging. Hence, a mechanism is adopted that
combines a perturbed action space and white noise addition
to the parameter vector, based on [45], as follows:

θ∗µ = θµ +Nt(0, σ2
e) (26)

σe+1 =


1

ε
σe if J̃e > J̃e−1

εσe if J̃e ≤ J̃e−1
(27)

αi,t =

{
αi,t if Ψi,t ≤ p
0 if Ψi,t > p

(28)

where θ∗µ is the perturbed parameter vector; σe is the stan-
dard deviation of the normally distributed random variable
Nt(0, σ2

e) centered at 0; ε > 1 is a scaling factor updated
at the end of each episode e; J̃e is the average actor loss for
the episode e: J̃e = 1

T

∑T
t Jt, with T being the total number

of discrete time steps in the episode e.
The parameter value p ∈ [0, 1] is a probability value; and

Ψi,t ∼ U [0, 1] is a uniformly distributed random variable
generated at time t for transformer i. Note that (27) increases
the standard deviation if the performance of the agent in the
current episode is worse than in the previous, expanding the
search space; otherwise, the standard deviation is reduced, thus
focusing more on exploiting the current policy. Observe that
(28) applies to the ML-P controller only, while (26)-(27) apply
to both ML-P and ML-Si.

To speed up and facilitate convergence in the controller
training, the two-stage procedure is proposed. Thus, in Stage
1, the ML-P controller is trained, with controllers ML-Si
not affecting the EVs’ charging rates, i.e., in Fig. 5, (22) is
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Algorithm 2 Proposed DDPG controller training for Stage 1
Randomly initialize Q0 and µ0 with weights θQ0o and θµ0o

Initialize Q′0 and µ′0 with weights θQ
′
0o ← θQ0o , θµ

′
0 ← θµ0

Randomly initialize EVs’ SOC
for t = 1 to size(R0) do . Initialize reply buffer

Set EV charging rates based on actions αt =
µ0(s0,t|θµ0o ) and (21)
Solve the system unbalanced power flow to obtain bus
voltages and feeder flows for all phases
Update the EV’s SOC
Observe states s0,t+1 and calculate r0,t based on (24)
Store transitions (s0,t, a0,t, r0,t, s0,t+1) in memory R0

end for
Initialize noise N0,t(0, σ

2
0) parameter σ0 = σ0o

for e = 1 to M do
Randomly initialize EVs’ SOC
for t = 1 to T do

Obtain the perturbed weights θ∗µ0o based on (26)
Select action αt = µ(s0,t|θ∗µ0o ) based on (28)
Obtain P agi,t (αt) and C ′i,j,t based on (15) and (21),
respectively
Solve the system power flow, update the EV’s SOC
Observe states s0,t and calculate r0,t based on (24)
Store transitions (s0,t, a0,t, r0,t, s0,t+1) in R0

Sample a random minibatch of size(Bi) transitions
(s0,k, a0,k, r0,k, s0,k+1) from R0

Set:
y0,k = r0,k + γQ′0(s0,k+1, µ

′
0(s0,k+1|θµ

′
0o )|θQ

′
0o )

Update critic networks by minimizing the losses:

L0 =
1

size(B0)

∑
k

(
yk −Q0(sk, ak|θQ0o )

)2
Update the actor policy by maximizing:

J0 =
1

size(B0)

∑
kQ0(sk, µ0(sk|θµ0o )|θQ0o )

Update the target networks:
θQ
′
0o ← τ0θ

Q0o + (1− τ0)θQ
′
0o

θµ
′
0o ← τ0θ

µ0o + (1− τ0o)θµ
′
0o

end for
Update σ0,e+1 based on (27)

end for

replaced by (21) to define the charging rates. The weights
θµo , θQo , θµ

′
o , and θQ

′
o thus obtained, are then used as initial

weights for ML-P in Stage 2, where ML-P and ML-Si are
trained together. The modified DDPG algorithm for Stages 1
and 2 are summarized in Algorithms 2 and 3, respectively,
where index i = 0 is used to refer to the ML-P controller
while i = 1, ..,NT corresponds to the NT ML-Si controllers.

IV. RESULTS AND DISCUSSION

A. Test System

The proposed controller was tested on a portion of an actual
feeder of a local utility in Ontario, Canada, as depicted in
Fig. 11. The feeder comprises a four-wired wye radial primary
circuit at 4.16 kV, with sections underground and overhead and
single-phase laterals, which results in an ubalanced grid. There

are 23 MV/LV distribution transformers, with 21 being single-
phase serving 156 residential customers, and the remaining
being three-phase serving 2 large commercial customers. Each
customer is modeled based on the generic model illustrated
in Fig. 2. The standard transformers sizes for this feeder are
25 kVA, 37.5 kVA, 50 kVA, 75 kVA, and 300 kVA (for
the commercial load). PV systems and EVs were randomly
added to 75% of the residential premises without considering
any restrictions in terms of transformer capacity. Furthermore,
the PV system sizes were randomly picked from a pool of
four, i.e., 2 kW, 4 kW, 6 kW and 8 kW, while the EV
battery sizes were selected from a pool of 182 actual EVs
in Ontario, obtained from the Charge the North Program [46],
which has actual EV data available from all over Canada. It
is assumed that all EVs charge at home only. The resulting
number of connected EVs and the total EV charging capacity
(assuming a maximum charging rate of 0.5 or 19.2 kW) at
each transformer is presented in Table I. Note that the EV
charging capacity in some transformers is significantly higher
than the transformer capacity, thus demonstrating the benefits
of the proposed EV charging controllers to properly manage
the existing distribution system assets.

To determine the system impact and issues associated with
connecting EVs without any coordinated control, the feeder
was first modeled using actual demand measurements at
customer level for a year and a half. The loading level of
all distribution transformers (step-down transformers) in the
feeder and their secondary-side voltage are presented in Figs. 7
and 8, respectively. Observe that during Summer (July-August)
there are several instances of transformer overloading, while
voltages do not fall under the minimum limit required by the
utility, i.e., vmin = 0.92 p.u. Then, 100 scenarios for the same
period were simulated assuming different penetration levels
of EVs and PVs, in which these were randomly connected
to customers premises and considering that 100% penetration
level means that all utility customers in the feeder have an
EV and PV installed. Fig. 9 summarizes the results of the
100 scenarios in a box plot of the “overloaded transformer
power”, calculated as the current transformer load minus the
maximum transformer capacity in kW. Observe that as the
penetration levels of EVs and PVs increases, the amount of
power supplied in overload condition significantly increases,
particularly at night when EVs are expected to be charging. On
the other hand, Fig. 10 shows a box plot of the voltage level at
the secondary side of all distribution transformers. Note also
that even larger levels of EV and PV penetration does not
result in considerable voltage violations, as also been observed
in other similar studies [47], [48], due to oversized cables and
wires in this system compared to the system transformers, as is
typi-cally the case in distribution grids, and considering that
solar PV injects only active power by operating as usual at
unity power factor, the voltage input in the state space has no
influence in the controller performance neither during training
nor testing. Thus, voltage inputs vi,t and associated penalty
factor Ωi,t had no impact on the on the design of the controller
discussed henceforth. Nevertheless, if voltage profiles would
have been an issue in the real-world test system used, the
proposed approach should have been able to readily consider



IEEE TRANSACTIONS ON SMART GRID, ACCEPTED NOVEMBER 2023 11

Algorithm 3 Proposed DDPG controller training for Stage 2
Initialize Q0 and µ0 with weights θQ0o and θµ0o , and randomly initialize Qi and µi with weights θQi and θµi ∀i = 1, ..., NT
Initialize Q′i and µ′i with weights θQ

′
i ← θQi , θµ

′
i ← θµi ∀i = 0, ..., NT

Randomly initialize EVs’ SOC
for t = 1 to size(R) do . Initialize reply buffer

Set EV charging rates based on actions αt = µ0(s0,t|θµ0) and βi,t = µi(si,t|θµi) ∀ i = 1, ..,NT and (22)
Solve the system unbalanced power flow in OpenDSS to obtain bus voltages and feeder flows for all phases
Update the EV’s SOC and observe states si,t+1 ∀ i = 0, ..,NT
Calculate r0,t and ri,t ∀ i = 1, ..,NT based on (24) and (23), respectively
Store transitions (si,t, ai,t, ri,t, si,t+1) in memory Ri ∀ i = 0, ..,NT

end for
Initialize noise Ni,t(0, σ2

i ) parameter σi = σio ∀ i = 0, ..,NT
for e = 1 to M do

Randomly initialize EVs’ SOC
for t = 1 to T do

Obtain the perturbed weights θ∗µi ∀ i = 0, ..,NT , based on (26)
Select action αt = µ(s0,t|θ∗µ0) based on (28) and obtain P ag

i,t(αt) based on (15)
Select action βi,t = µi(si,t|θ∗µi) and obtain Ci,j,t(βi,t) based on (22) ∀ i = 1, ..,NT and j = 1, ...,NE i

Solve the system power flow, update the EV’s SOC and observe states si,t+1 ∀ i = 0, ..,NT
Calculate r0,t and ri,t ∀ i = 1, ..,NT based on (24) and (23), respectively
Store transitions (si,t, ai,t, ri,t, si,t+1) in memory Ri ∀ i = 0, ..,NT
Sample a random minibatch of size(Bi) transitions (si,k, ai,k, ri,k, si,k+1) from Ri ∀ i = 0, ..,NT

Set yi,k = ri,k + γQ′i

(
si,k+1, µ

′
i(si,k+1|θµ

′
i)|θQ′i

)
∀ i = 0, ..,NT

Update critic networks by minimizing the losses:

Li =
1

size(Bi)
∑
k

(
yk −Qi(sk, ak|θQi)

)2 ∀ i = 0, ..,NT

Update the actor policy using the sampled policy gradient:

∇θµiJi ≈
1

size(Bi)
∑
k∇θµiQi(s, a|θQi)|s=sk,a=µi(sk|θµi ) ∀ i = 0, ..,NT

Update the target networks:
θQ
′
i ← τiθ

Qi + (1− τi)θQ
′
i ∀ i = 0, ..,NT

θµ
′
i ← τiθ

µi + (1− τi)θµ
′
i ∀ i = 0, ..,NT

end for
Update σi,e+1 ∀ i = 0, ..,NT based on (27)

end for

Fig. 7. Distribution (step-down) transformer loading without EVs connected.

them in the design of the controller, impacting the weights in
the critic and actor networks as well as their size.

Note that by using real-world models to verify the proposed
method, the controller developed can be readily applied to the
field, given the required hardware and software infrastructure
is in place. Furthermore, the proposed novel data-driven two
stage model is scalable and training-efficient. Thus, it can
be easily transferred from one feeder to another; it requires

Fig. 8. Voltage at secondary side of distribution transformers without EVs
connected.

minimum reformulation compared to conventional methods,
making it suitable for the fast-paced reconfiguration of modern
distribution systems.

1) Data: The controller was trained using data for July
2020, which was the month with the highest peak demand
Pmax =750 kW without EVs in that year for the test system.
Since the S/S transformer size was not available for this study,
P head was expressed in per unit of Pmax. The demand data
available, which does not include either PV or EV injections,
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(c) (d)

(e)

Fig. 9. Overloaded power at distribution transformers for a) 0%, b) 25%, c)
50%, d) 75%, and e) 100% EV and PV penetration levels.

(a) (b)

(c) (d)

(e)

Fig. 10. Secondary side voltage of distribution transformers for a) 0%, b)
25%, c) 50%, d) 75%, and e) 100% EV and PV penetration levels.
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Fig. 11. Test feeder with numbered transformers.

TABLE I
NUMBER AND CAPACITY OF EVS CONNECTED AT EACH TRANSFORMER.

Transformer Number
1 2 3 4 5 6 7 8

Number of EVs 0 0 6 8 3 3 3 7
Demand (kW) 0 0 94 117 32 32 47 80

Transformer Number
9 10 11 12 13 14 15 16

Number of EVs 6 5 5 8 7 6 4 3
Demand (kW) 96 68 62 79 115 55 59 38

Transformer Number
17 18 19 20 21 22 23

Number of EVs 2 8 7 2 9 7 5
Demand (kW) 39 119 90 10 123 116 71

corresponds to hourly measurements of the active power
at each premise; therefore, a 0.9 lagging power factor was
assumed to arrive at an estimate of the reactive power demand
at a bus.

The solar irradiance and array temperature data used as
input to the PV system model was obtained from [49] for
the feeder location, assuming a power factor of 1. The EV
data comprises battery sizes of actual EVs in Ontario homes
and charging events, from where statistical information was
extracted to create synthetic data, i.e., standard (std) deviation
σSOC o and average S̃OCo values of the initial SOC. Since ar-
rival and departure times were not available, average t̃arr = 17
h, std σarr = 1 h, average t̃dep = 8 h, and std σdep = 1 h were
assumed based on typical expected residential EV behaviour.
Note that each EV connected to the grid is assumed to charge
every day between its arrival and departure time.

2) Validation: The model of the original test system, i.e.,
without EVs or PVs, was validated with real data for the
currents in each phase, measured at the head of the feeder, for
the period between April 2019 to October 2020, as depicted in
Fig. 12. Note that the simulation and actual data are relatively
close, with the differences attributable to the fact that actual
data shows instantaneous snapshots of the currents flowing
when these were measured, whereas the simulation results
were produced from hourly power measurements at premises,
which are hourly averages of the corresponding instantaneous
values.

Charging events for the EVs in the pool were simulated
based on the control strategy discussed in Section III-A
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Fig. 12. Head of the feeder base current in phase B; phases R and W show
similar behaviour.

(a) (b)

Fig. 13. EV charging events for (a) Tesla Model X and (b) BMW ai3.

and validated against actual data from the Charge the North
program [46]. For example, Fig. 13a shows the SOC of a
Tesla Model X EV, which starts a charging event with an
SOCo = 0.66 p.u. reaching an SOCf = 0.9 p.u. after 3.5 h,
when the charging event ends. Similarly, Fig. 13b shows the
SOC of a BMW ai3 EV, which starts a charging event with an
SOCo = 0.31 p.u. reaching an SOCf = 0.97 p.u. after 4.33
h. Note that the model is capable of accurately predicting the
final SOC in both cases.

B. Controller training and validation

1) Network Topology: The proposed topologies for the
NNs that model Q and µ in the ML-P controller comprise
three fully-connected hidden layers with Rectified Linear Unit
(ReLU) activation functions at each neuron, and batch normal-
ization layers before each hidden layer [50]. Since Q maps
state-action space to Q values, i.e., Q : S ×A → Q, its input
layer has as many neurons as the dimension of the state-action
space, i.e., dim(s0)+dim(a0) = [2(23)+1]+23 = 70 neurons,
which is also the number of neurons per hidden layer of Q.
The output layer of Q has one neuron since dim(Q) = 1 with a
linear activation function. On the other hand, the input layer of
µ has 47 neurons, i.e., dim(s0) = 2(23)+1, and 21 neurons in
the output layer, with tanh activation function. Some relevant
training parameters used were: γ0 = 0.99, τ0 = 0.001,
size(R0) = 672 (4 weeks of hourly data), size(B0) = 72 (3
days of hourly data), σ0o = 10−5, ε0 = 1.001, and learning
rates for the critic and actor networks of Lr c0 = 2 × 10−5

and Lra0 = 1×10−5, respectively, and were selected based on
models developed for similar applications as the one discussed
in the paper [14], [30]. The parameters of the reward function
in (24) are φ1 = 0.04, φ2 = 0.001, LFref = 0.75, and
ξ = 1.2, and were selected by trial and error to achieve an
acceptable LF while minimizing the head of the feeder power.

Note that the latter implies that an increment of 20% in the
feeder head peak Pmax due to EV charging is acceptable,
considering that a penetration level of 75% adds 1,542 kW
of EV charging capacity, which is significant for a system
peak demand without EVs of 750 kW (the maximum capacity
of the feeder was not provided).

The topologies of Qi and µi for the secondary controller
ML-Si depend on the the number of EVs served by the
transformer i, i.e., the input layer of Qi and µi has 4NE i + 2
and 3NE i + 2 neurons, respectively, and the output layer,
1 and NE i neurons, respectively, where NE i is defined in
Table I. Each network has two hidden layers with ReLu
activation functions at each neuron, and batch-normalization
layers before each hidden layer. The output layers of Qi and
µi have a linear and tanh activation functions, respectively.
The rest of the training parameters used were: γi = 0.99,
τi = 0.01, size(Ri) = 672 (4 weeks of hourly data),
size(Bi) = 72 (3 days of hourly data), σio = 10−5, εi = 1.01,
Lr ci = 2 × 10−4 and Lrai = 2 × 10−4. The reward function
parameters are: ϕ1 = 1, ϕ2 = 1, ϕ3 = 0.01 and ξ = 1.2.
The parameters of ML-Si controllers were tuned following
the same principles as the ML-P controller.

2) Training and Validation: For training purposes, a month
(July 2020) of hourly simulations is considered as an episode.
The controllers in stages 1 and 2 were trained with 1,000
episodes each, which corresponds to 31,000 days of simula-
tions. At the start of each episode, all EVs’ SOC are randomly
initialized, thus creating an stochastic environment. Once the
model is trained, it is tested in simulations using demand data
for August 2022, to assess the controller’s ability to act in a
different environment. A comparison of the DDPG controller,
an uncontrolled Business as Usual (BAU) case, a controller
based on conventional Deep Q Learning (DQN) [14], and the
base demand without EVs are presented in Fig. 14, where
the active power at the head of the feeder is presented.
The DQN controller cannot handle multidimensional output
and thus, the first-level controller action must be split into
NT individual controllers, each one trained based on reward
functions combining (24) and (23)-(25). As illustrated in Fig.
14, the DQN controller performed significantly worse than the
proposed DDPG controller, the main reason being the lack of
coordination between the NT controllers and the overall more
complex control framework.

To demonstrate that the intelligent DDPG-based controller
has learned charging strategies instead of memorizing charging
patterns, the controller is validated by simulations with PV
and demand data that was not used in training, i.e., August
2020. Observe that the active power at the head of the
feeder for the BAU, and DQN cases exceed the imposed
limit of 20% Pmax every day, for a total of 171 and 231
hours, respectively. On the other hand, when the DDPG-based
controller operates, it exceeds the defined limit in 25 hours
only (5 days), successfully maintaining the demand below the
limit the rest of the time, thus demonstrating that the ML-
P controller is achieving its intended objective. Likewise, the
average system LF improves from 0.393 in the BAU case to
0.542 when the controller operates.

In Fig. 15, box plots for the departure SOC of the 114 EVs
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Fig. 14. Head of the feeder active power from July 1 to Aug. 31, 2020.

connected to the feeder are presented for July 2020. Observe
that although the BAU case results in a large EV aggregated
demand in Fig. 14, the EVs are not always fully charged when
they depart, particularly between July 7 to 16. On the other
hand, the controller significantly increases the departure SOC
on those dates, while keeping reasonable SOC levels on the
other days, thus demonstrating that the main objective of the
ML-Si controller is achieved. The distribution transformers
in the base system (no EVs) are already overloaded in 193
hours in July 2020, with many other hours being close to this
condition. For the BAU case, this number of hours increases
to 566, while when the controller operates, the transformers
overloaded during 376 hours only, thus demonstrating that the
second objective of the ML-Si is also achieved.

In Fig. 16 box plots for the voltage at the secondary side
of all distribution transformers in the feeder for the DDPG
controller are presented. Note that the proposed approach is fo-
cused on coordinating charging of EVs to mitigate distribution
transformers overload, since, as indicated, feeders are typically
oversized compared to transformers in practical distribution
grids, and considering solar PV injecting only active power by
operating as usual at unity power factor. Thus, in the context
of practical radial distribution systems, which is the topology
of most existing systems as well as the real-world grid used
in this study, the problem of distribution transformer overload
is synonymous with low voltage profiles. Note that the EV
departure and arrival times (5 pm to 8 am with 1-hour std
at each time) results in an EV peak demand that does not
align with the PV peak production time (around noon), as
it is the case in most practical real-world systems. Hence,
addressing the transformers overload shifts the EV charging
to times closer to PV generation, which should help address
overvoltage issues due to PV power injections. In other words,
by mitigating the transformer overload, the method implicitly
enhances the voltage profile of the system, as shown in Fig.
16. In addition, observe that voltages remain within limits
(vmin = 0.92 p.u.) for most of the time, even in the BAU case
shown in Fig. 10d for the same EV and PV penetration levels,
which further reduces the need to consider voltage measure-
ments in the application of the proposed control framework
design for the studied test system.

V. CONCLUSIONS

This paper presented a practical two-level smart controller
for coordinated operation of EVs in a realistic distribution
system with PV generation. It was demonstrated that this
control, which assumes that the utility sets the charging rates of

(a)

(b)

Fig. 15. EVs’ SOC at departure in July 2020 for (a) BAU and (b) control
operating.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

[h]

0.9

0.95

1

[p
.u

.]

Fig. 16. Transformers’ secondary voltages from July 1 to August 31, 2020
for 75% EV and PV penetration under the proposed DDPG control.

the EVs, can effectively learn complex EV charging strategies
to achieve aggregated DR objectives, while ensuring fully
charged EVs at departure, thus facilitating increased EV pene-
tration in the distribution grid. This justifies the importance of
the utility having full control over the EVs, being beneficial to
utilities by differing investments, and to customers, who would
receive improved service quality, pay lower utility costs, and
face less restrictions to connect their EVs to the distribution
grid. The control configuration and implementation discussed,
can be readily applied to any practical distribution grid. Future
work may explore how to incorporate the minimization of
individual energy costs of customers when ToU tariffs are
applied.
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