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Abstract—Rapid electric vehicle (EV) adoption is stressing
local distribution systems due to clustered charging and limited
transformer capacity. Although vehicle-to-grid (V2G) coordina-
tion and distributed energy resource (DER) integration offer
additional flexibility, their operation remains challenging under
uncertain EV behaviour and variable renewable output. There-
fore, this study analyzes two state-of-the-art deep reinforcement
learning algorithms (soft actor-critic (SAC) and twin delayed deep
deterministic policy gradient (TD3)) to minimize the operation
cost of a residential charging station equipped with PV, a
community battery, and a charging management system. The
learned strategies are benchmarked against a mixed-integer
linear programming (MILP) formulation used as the optimal
reference. Simulation results demonstrate the effectiveness of
both methods, with SAC achieving performance closest to the
optimal solution across diverse EV load scenarios.

Keywords: Battery energy storage, deep reinforcement learn-
ing, electric vehicles, energy management, SAC, TD3

I. INTRODUCTION

The size of the global electric vehicle (EV) fleet has in-
creased steadily over the last decade, driven by environmental
concerns, government incentives, and rapid advancements in
battery technologies. However, this widespread adoption intro-
duces several technical challenges for modern power systems,
particularly at the distribution level where infrastructure is
often not designed for high and simultaneous charging demand
[1]. Large numbers of EVs connected within the same locality
can create significant stress on distribution transformers and
feeder lines, leading to voltage deviations, thermal overloads,
and accelerated asset aging. These issues are especially pro-
nounced in clustered charging environments (residential apart-
ment complexes with shared parking, university campuses,
commercial buildings, and schools), where multiple EVs may
charge concurrently during similar time windows [2].

To address these issues, numerous studies have been con-
ducted in recent years [3], [4], and the existing approaches
can be broadly classified into two categories. The first cate-
gory focuses on local demand management of EV charging,
where decentralized or semi-decentralized control mechanisms
regulate charging based on locally available information or
market-like frameworks. These methods often incorporate
local EV coordination, peer-to-peer (P2P) energy exchange,
or localized pricing schemes designed to balance charging

demand among EVs without requiring extensive grid-level
communication. For example, A network distributed algorithm
has been proposed to enable peer-to-peer coordination among
charging stations for preventing node congestion in [5]. Sim-
ilarly, [6] introduced a semi-distributed control mechanism
that supports local decisions, satisfies charging demand, and
tracks renewable generation. The pros and cons of local and
centralized strategies in terms of capacity utilization and total
energy delivered to charging vehicles has been analyzed in
[7] and showed that local control can maximize charging rate
while maintaining grid conditions.

Despite their advantages, local EV coordination and P2P
schemes require active EV participation and data sharing,
which raises privacy concerns and depends heavily on user
willingness. Moreover, these approaches typically overlook
key distribution-network constraints (transformer limits, feeder
loading, and voltage drops). To overcome these drawbacks,
a second category of research focuses on integrating local
distributed energy resources (DERs), such as PV, energy
storage system (ESS), and building-level energy management
systems, to support clustered EV charging while explicitly
accounting for grid constraints. For instance, a decentral-
ized model predictive control-based control method for smart
charging of electric vehicles and their coordination with pho-
tovoltaic systems has been proposed in [8]. Similarly, optimal
scheduling of interactive charging for electric vehicles in solar-
powered parking lots, considering uncertainties and vehicle-to-
grid capability has been analyzed in [9]. Finally, integration of
renewable energy and electric vehicles in power systems was
reviewed in [10].

However, DER-based coordination remains challenging,
largely due to the inherent uncertainty in predicting EV charg-
ing demand and PV generation. Highly variable user behavior,
irregular arrival times, inconsistent charging needs, and diverse
energy preferences, makes EV load estimation difficult [11].
Meanwhile, PV output is equally sensitive to weather and
rapidly changing local conditions. These uncertainties can
undermine scheduling performance and limit the effectiveness
of conventional control approaches. Consequently, there is a
growing need for robust, data-driven, and adaptive strategies,
such as deep reinforcement learning (DRL), which can dynam-
ically learn optimal charging policies and respond to stochastic
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EV and renewable patterns [12], [13].
To address the limitations identified in earlier studies, this

work investigates two advanced DRL algorithms, soft actor-
critic (SAC) and twin delayed deep deterministic policy gra-
dient (TD3) for managing the energy flows in a residential
charging station equipped with PV generation and an ESS.
These algorithms are selected due to their proven stability and
strong performance in continuous control tasks. The consid-
ered system includes a rooftop PV, an ESS, and a shared park-
ing facility with several EVs. All resources are supervised by a
charging management system (CMS) that schedules charging,
discharging, and grid interactions to reduce operating costs
while respecting equipment and operational constraints. The
objective is to learn effective control policies using SAC and
TD3, and their performance is compared with a benchmark
mixed-integer-linear-programming (MILP) formulation.

Fig. 1. Overview of the system considered in this study.

II. PROPOSED DRL-BASED OPERATION OF CMS

A. System Configuration

The system under study consists of a residential shared parking
lot equipped with local photovoltaic (PV) generation and an
ESS, as shown in Fig. 1. In this study, a small-scale, single-
site microgrid is modeled; therefore, power-flow losses are
neglected and voltage and line-current constraints are assumed
to be satisfied. A charging management system (CMS) co-
ordinates the charging activities of all connected EVs at the
site. The CMS has access to external grid’s price signals and
schedules the local resources (ESS, PV generation, and grid
exchange) while respecting local equipment (transformer and
charger) limitations. The proposed DRL-based control strate-
gies (discussed in the subsequent section) are implemented
within the CMS, enabling adaptive and optimal management
of EV charging.
B. DRL-Based CMS Operation

The operation of the CMS within the proposed system config-
uration is realized using two state-of-the-art DRL algorithms
(SAC and TD3). These algorithms are chosen for their robust-
ness, stability, and strong performance in continuous control
problems. By leveraging their actor–critic architectures, the
CMS learns optimal charge/discharge decisions over a 24-hour
horizon while accounting for variations in PV generation, EV
charging demand, and energy prices. Details about the state

space, action space, and reward formulation used to train both
algorithms are discussed below.

1) State and Action Space
The state vector incorporates the information required for

charging station operation, including battery state of charge
(SOC), PV generation, EV charging demand, and time-ofuse
(TOU) electricity prices. At each time step t ∈ {0, 1, . . . , T −
1}, the state is defined as:

st =
(
SOCt, P rbuyt , P rsellt , P pv

t , P ev
t , ãt−1

)
∈ R6 (1)

where SOCt ∈ [0.1, 0.9] is the battery SOC, Prbuyt and
Prsellt are the electricity purchase and selling prices ($/kWh),
P pv
t is PV power (kW), P ev

t is EV demand (kW) and ãt−1 ∈
[−1, 1] is the previous normalized action. This normalized
value is then linearly mapped to the ESS power as:

at =

{
ãt P

max
ch , if ãt ≥ 0,

ãt P
max
dis , if ãt < 0,

(2)

where at ∈ [−Pmax
dis , Pmax

ch ] represents the BESS power.
The actual charging and discharging powers are obtained as:

P ch
t = max

(
at, 0

)
, P dis

t = max
(
−at, 0

)
. (3)

2) Constraints
To ensure smooth operation and limit power ramping, the

change in battery power between consecutive time steps is
limited:

|at − at−1| ≤ ∆Pramp (4)

where ∆Pramp is the maximum allowable power change per
time step. This constraint is enforced by clipping the physical
action after mapping from the normalized action ãt:

at ← clip (at, at−1 −∆Pramp, at−1 +∆Pramp) (5)

At every simulation step, the active power balance is mon-
itored and the grid import/export variables are adjusted as
needed to keep power balance in the system.

3) Reward Function
The reward function is designed to maximize the operational

profit of the charging station by optimally coordinating energy
exchanges among the ESS, PV, and the utility grid. The
instantaneous reward consists of three components. The first
component represents the profit of trading energy with the
utility grid. The second component penalizes violations of the
battery operating range (e.g., SOC or power limits). The third
component penalizes any unmet EV charging demand. The
total reward is calculated as:

Rtotal =
T−1∑
t=0

κ
{(

Prsellt P sell
t − Prbuyt P buy

t

)
−λbat Φbatt,t − λEV ΦEV,t}

(6)

Φbatt,t =

1, if SOCt > 0.9 or SOCt < 0.1,

0, otherwise
(7)
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where κ > 0 is the reward scaling factor, λbatt and λEV
are penalty coefficients for battery constraint violations and
unmet EV load, respectively. Finally, Φbatt,t,ΦEV,t ≥ 0 denote
the corresponding penalty functions at time step t.

Each episode spans a 24-hour horizon. At the final time
step, a terminal SOC requirement SOCtarget may be enforced.
In such cases, the reward at the terminal step is adjusted by
a quadratic penalty reflecting the deviation between the actual
terminal SOC and the target value, i.e.,

rT−1 ← rT−1 − λterminal
(
SOCT − SOCtarget

)2
(8)

where λterminal ≥ 0 is the terminal SOC penalty coefficient.
This reward formulation encourages the agent to minimize
energy costs throughout the day while maintaining a desirable
SOC at the end of each episode.
C. SAC-Based Realization

The SAC algorithm learns a stochastic policy by maximizing
an entropy-regularized objective that balances cost minimiza-
tion and exploration, [14]:

J (ϕ) = Eτ∼πϕ

[
T−1∑
t=0

γt (rt + αH(πϕ(·|st)))

]
(9)

where γ is the discount factor, α is the temperature parameter,
and H(π) = −Ea∼π[log π(a)] is policy entropy [14].

Policy network: The stochastic actor is modeled as a Gaus-
sian policy, as given in µϕ(s) and standard deviation σϕ(s).

πϕ(a|s) = N (a | µϕ(s)σ
2
ϕ(s)) (10)

a = tanh (µϕ(s) + σϕ(s)⊙ ϵ) , ϵ ∼ N (0, I) (11)

where tanh(·) squashes actions to [−1, 1].
The actor network contains two-layer MLP with 256 ReLU

units per layer, followed by linear heads generating µϕ(s) and
log σϕ(s). Orthogonal initialization is used for all layers.

Critic networks: Two Q-functions Qθ1(s, a) and Qθ2(s, a)
mitigate overestimation bias, as expressed by :

Qθi(s, a) : R6 × [−1, 1]→ R, i ∈ {1, 2}.

Each critic receives the concatenated state–action vector (s, a)
as input and is implemented as a two-layer MLP with 256
hidden units per layer.
D. TD3-Based Realization

The TD3 algorithm is an improved deterministic actor–critic
algorithm designed to reduce overestimation and enhance
stability. TD3 incorporates three mechanisms, including twin
critics, target policy smoothing, and delayed actor updates to
improve convergence in continuous-control settings such as
ESS dispatch.

The objective is to learn a deterministic policy πϕ(s) that
maximizes the expected discounted return, as given as:

Jreturn(ϕ) = ET ∼πϕ

[
T−1∑
t=0

γtrt

]
(12)

where γ ∈ (0, 1) is the discount factor, T denotes a trajectory,
and we use ϕ to denote the deterministic policy parameters.

Policy and critic networks: The deterministic actor is de-
fined as:

at = πϕ(st) = tanh
(
µϕ(st)

)
(13)

where µϕ is a neural network mapping states directly to
unnormalized actions. The tanh(·) squashes the output to the
normalized range [−1, 1], which is then linearly scaled to the
physical power range [−P dis

max, P
ch
max].

TD3 employs two critic networks , Qθ1(s, a) and Qθ2(s, a),
each receiving the concatenated state–action vector (s, a) and
sharing the same two-layer 256-unit MLP structure. The twin-
critic design mitigates Q-value overestimation.

Target policy smoothing: TD3 introduces clipped noise to
the target action to improve robustness as :

a′ = πϕ′(s) + ε, ε ∼ clip
(
N (0, σ2),−c, c

)
(14)

where σ and c denote the noise standard deviation and
the clipping threshold, respectively. This smoothing prevents
the policy from exploiting sharp or unrealistically optimistic
regions of the Q-function.
E. Training Procedure

Both SAC and TD3 follow an off-policy actor–critic train-
ing paradigm with a replay buffer to stabilize learn-
ing. At each training iteration, a minibatch of transitions
(st, at, rt, st+1, dt) is sampled from the buffer to update the
critic and actor networks.

Critic update: For both algorithms, the critic parameters
are updated by minimizing the temporal-difference (TD) loss
between the current Q-value estimates and their respective
targets, as defined in (15) for SAC and (16) for TD3.

ySAC = r + γ(1− d)
(

min
i∈{1,2}

Qθi(s
′, a′)

− α log πϕ(a
′ | s′)

) (15)

yTD3 = r + γ(1− d) min
i∈{1,2}

Qθi(s
′, a′). (16)

where a′ ∼ πϕ(· | s′) for SAC, and a′ = πϕ′(s′) + ε,
ε ∼ clip

(
N (0, σ2),−c, c

)
for TD3, which implements target

policy smoothing. Each critic is trained by minimizing the
mean-squared TD loss using the Adam optimizer with gradient
clipping to ensure numerical stability.

Actor update: In SAC, the actor maximizes the expected
Q-value regularized by entropy, as given in Eq.19 [15]:

∇ϕJ(ϕ) = Es∼D, a∼πϕ(·|s)
[
∇ϕ

(
α log πϕ(a | s)−Qθ(s, a)

)]
(17)

In TD3, the actor update is performed only once every K
critic updates, as in Eq.20 [15]:

∇ϕJ(ϕ) = Es∼D
[
∇aQθ(s, a)

∣∣
a=πϕ(s)

∇ϕπϕ(s)
]
, (18)

where D denotes the replay buffer. It is worth noting that SAC
updates the actor at every gradient step, whereas TD3 updates
it less frequently (every K critic steps) to avoid destabilizing
the critic.
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Target network update: Both algorithms use soft target
updates (Polyak averaging) to maintain stable target networks,
as given in (19):

θ′i ← τ θi + (1− τ) θ′i, i ∈ {1, 2},

ϕ′ ← τ ϕ+ (1− τ)ϕ′.
(19)

III. SIMUALTION RESULTS

A. Input data

The DRL algorithms are trained using a one-year time-series
dataset that includes hourly EV load, PV generation, and elec-
tricity market prices. The EV charging profiles are constructed
based on arrival and departure times, daily mileage, and
specifications of commercially available EV models in Canada
for the Edmonton region, following the methodology of [16].
The PV generation data for the same region are extracted
from [17], and the corresponding TOU electricity prices are
obtained from [18]. A representative weekday illustrating the
hourly market prices (buying/selling), PV output, and EV load
profile is shown in Fig. 2. The main BESS parameters used
in training and simulation are summarized in Table I.

Fig. 2. Electricity prices, EV demand, PV power profiles for a selected day.
TABLE I

ESS PARAMETERS USED IN SIMULATIONS.
Parameter Value
Battery capacity C 500 kWh
Charging / Discharging efficiency η 0.98
Ramp rate limit ∆Pramp 50 kW

B. Training and Testing Process

During training, the DRL agents interact with the simulated
charging station environment over multiple episodes, using the
one-year time-series dataset to learn optimal control policies
through trial and error. The agents update their actor–critic net-
works based on observed rewards and system responses until
convergence. After training, the learned policies are evaluated
on unseen days to verify their generalization capability under
varying PV, EV load, and price conditions. The convergence
behaviour of both DRL methods is illustrated in Figure 3,
which shows the moving-average episode returns (window =
200). The total training time was approximately 180 minutes
for SAC over 18,000 episodes, and 420 minutes for TD3
over 25,000 episodes, demonstrating the differing convergence
characteristics of the two algorithms. MILP was solved using
CPLEX v22.1.2 with a run time of about 1-2 minutes.

C. Performance Comparison
The hourly power balance obtained using the SAC and TD3 is
shown in Fig. 4 for a representative winter weekday (day 52).
Both methods exhibit similar operational trends. During off-
peak hours, the EV charging demand is primarily supplied by
energy purchased from the grid while the ESS simultaneously
charges. During peak demand periods, the ESS discharges to
support EV load, and any excess PV generation (particularly
during high-price intervals) is exported to the grid. These
behaviors are further illustrated in Fig. 5, where both SAC
and TD3 charge the ESS early in the morning and discharge
it during evening peak hours. The DRL results are compared
with a benchmark MILP solution (a standard scheduling
formulation [19]), showing that SAC and TD3 remain close
to the mathematical optimum, with slight deviations for SAC
and more noticeable ones for TD3.

Fig. 3. Training returns for SAC and TD3 algorithms.

Fig. 4. Power balance in the test system during a 24-hour horizon.

Fig. 5. SOC comparison among MILP, SAC, and TD3 for the selected day.

D. Analysis for Different Day Types

In this section, the performance of the trained models is evalu-
ated under different load conditions, including both weekdays
and holidays. Figure 6 compares the daily SOC behavior
obtained from SAC and TD3 for two representative days: a
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typical weekday (day 300) and a weekend day (day 168).
Both algorithms exhibit similar operational patterns (charging
the ESS during early morning low-price hours, discharging
during the evening peak, and restoring the SOC to its initial
level by the end of the day) demonstrating consistent and
reliable behavior across varying demand conditions. However,
slight differences can be observed during the weekday. Table II
summarizes the annual and daily operating costs achieved by
the three methods. As expected, the MILP reference model
yields the lowest cost since it represents the mathematical
optimum. The SAC algorithm performs very close to this
benchmark, with only a 0.6% deviation from the optimal value.
While TD3 follows similar operational trends to SAC and
MILP, its total cost remains slightly higher, reflecting less
efficient performance. This gap is attributed to the higher
complexity and sensitivity of TD3’s hyperparameter tuning,
making convergence to near-optimal policies challenging.

Fig. 6. SOC comparison among SAC, and TD3 methods for different days.
TABLE II

NET ANNUAL AND DAILY COST COMPARISON.
Method Net annual cost ($) Daily avg ($/day)
MILP 68,588 187.91
SAC 72,520 198.69
TD3 80, 756 221.25

IV. CONCLUSION

In this study, a deep reinforcement learning–based energy
management framework was developed for a residential charg-
ing station equipped with PV and an ESS. The proposed
methods were benchmarked against an MILP optimization
model. Results show that both SAC and TD3 accurately
capture the dynamic behaviour of the optimal scheduling
strategy and closely match the MILP reference in terms of
SOC evolution and net operating cost. Small deviations were
noted for TD3, largely due to the algorithm’s higher sensitivity
to hyperparameter tuning, which can make convergence toward
near-optimal policies more challenging.

Based on the findings of this study, future research can be
carried out for integration of multi-site EV charging station
integration via an aggregator coordinating each site’s net
grid exchange. Since the controller requires only a few key
signals (such as PV, battery SOC, prices, and EV demand),
the communication overhead is small and in the presence of
latency, holding the last feasible setpoint can be regarded as a
safe fallback.
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