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Abstract

This research applies Deep Reinforcement Learning (DRL) techniques to determine the optimal sizing of PV systems and
BESS for off-grid EV charging stations by comparing the performance of the PPO, A2C, and DQN algorithms. The study
found that the PPO technique yielded the best results, reducing total costs and maximizing energy efficiency, thereby reducing
electricity costs by 48.79%. In terms of economics, the project is investment-worthy with an NPV of 9.7 million baht, an IRR
0f 20.89%, a BCR of 1.804, and a payback period of 5 years. Environmentally, the system can reduce CO- emissions by up
to 1,383 tons over the 20-year project lifespan. The developed off-grid system helps reduce dependence on fossil fuels,
enhances energy security, and promotes sustainable energy use. Therefore, the PPO technique is the most suitable approach
for sizing energy production systems and evaluating the viability of off-grid EV charging stations.
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1. Introduction

The transportation sector is a major contributor to air pollution and greenhouse gas (GHG) emissions, primarily due to
the widespread use of internal combustion engine (ICE) vehicles that rely on petroleum fuels. These vehicles are among the
largest sources of harmful emissions, releasing significant amounts of air pollutants and GHGs into the atmosphere. As a
result, the transportation sector is the second-largest global contributor to GHG emissions, trailing only electricity generation.
It accounts for 23% of global carbon dioxide (CO-) emissions from energy use and 14% of total GHG emissions. Within the
sector, road transportation, including passenger vehicles and freight trucks, is the dominant source, responsible for 73% of
transportation-related CO. emissions. Addressing these emissions is crucial for mitigating climate change and improving air
quality [1, 2].

As a result, many countries, including Thailand, have been actively promoting the use of electric vehicles (EVs) as a
sustainable alternative to traditional internal combustion engine vehicles. EVs offer a way to reduce reliance on fossil fuels
and decrease CO- emissions, contributing to cleaner air and a lower carbon footprint [3]. This has driven a significant rise in
the adoption of electric vehicles, as illustrated in Figure 1; however, the growing number of EVs in the transportation system
poses challenges for the power grid, particularly in managing energy demand during peak charging periods. Without proper
planning, the increased load from EV charging could adversely affect the electrical system's performance and lead to grid
overloads. This highlights the need for innovative energy management solutions to ensure a stable and efficient power supply.
Therefore, the development of an energy system that can efficiently support electric vehicle charging at standalone charging
stations is essential.

The adoption of the EV is being actively encouraged in many countries, including Thailand, as a sustainable alternative
to reduce reliance on fossil fuels and lower CO2 emissions [2]. This shift has led to a noticeable increase in the use of electric
vehicles. However, the growing number of EVs in the transportation system poses challenges for the electricity grid,
especially during peak charging times. The surge in energy demand from EV charging can strain the grid, potentially causing
overloading and negatively impacting the overall performance of the electrical grid system [4]. Developing efficient energy
systems for off-grid EV charging stations is essential to tackle this issue. These systems must ensure stability, reliability, and
the ability to meet the growing demand for clean transportation. An off-grid EV charging station operates independently of
the main power grid, relying on renewable energy sources such as photovoltaic (PV) panels and energy storage systems
(ESS), including batteries, to supply power [5]. However, designing an optimal hybrid energy system (HES) for such stations
presents a significant challenge. It requires careful consideration of multiple factors, including the energy demand of the
charging station, solar panel efficiency, geographical and climatic conditions, as well as cost and investment feasibility.
Addressing these factors through detailed research is crucial to creating sustainable and effective off-grid charging solutions
[6-8].
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The Growth of Electric Vehicles [7].

Artificial intelligence technology plays a significant role in analyzing and determining the optimal size for renewable
energy installations. In particular, deep learning, a branch of Al, has been widely applied in various research projects. Several
studies have explored using DRL techniques to develop systems that adapt to environmental conditions and user behavior
and enhance energy management efficiency [9-13]. For example, one study examined energy management at EV charging
stations using approximate dynamic programming techniques to optimize energy use from renewable sources and reduce the
management cost burden at electric vehicle charging stations. On another front, research studies the energy management of
electric vehicle charging stations using ADP techniques to optimize energy use from renewable sources and reduce the burden
of energy management costs at electric vehicle charging stations [14, 15]. On another front, it employs DRL techniques to
balance charging and energy discharge in lithium-ion (Li-ion) batteries using DQL for model training, which enhances the
efficiency of charge balancing and reduces balancing time, resulting in improved battery system performance [16].
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Additionally, DRL techniques develop policies for EV charging stations, considering user flexibility and Time-of-Use (TOU)
electricity rates, which can help reduce users' electricity costs by more than 20% and increase charging flexibility [17].
Moreover, DRL techniques, specifically Proximal Policy Optimization (PPO), have been employed to develop an adaptive
EV charging system that responds to environmental factors and user behavior, thereby reducing charging costs and enhancing
user convenience [18]. DRL techniques were used to develop a smart grid system that can improve energy management and
Demand Response in the energy system, utilizing PPO to find suitable policies for energy management and Demand
Response, which helps enhance the stability and efficiency of the Smart Grid [19]. Deep learning was applied to predict solar
energy generation and EV charging demands while optimizing battery storage and charging plans. Simple RNNs effectively
forecast PV performance, while bidirectional LSTMs are well-suited for EV load predictions [20]. The integration of solar
and wind power into EV charging stations using DOA and SBNN optimization improves energy efficiency and reduces
harmonic distortion [21]. A framework optimizes PV and EV sizing using SCSB, improving load regulation. The proposed
model integrates EV charging with PV and storage to minimize costs, showing significant savings through optimized
investments [22]. There are domestic EV charging challenges while promoting clean solar energy consumption. Using DRL,
it shifts EV loads to peak solar generation times, leveraging real-time pricing and historical data for optimal flexibility [23].
This research applies DRL algorithms in complex processes, featuring algorithms such as SARSA, Q-Learning, DQN, PPO,
and SAC, and carefully considers reward functions and appropriate states or actions for each situation. These algorithms can
be applied to solve various problems in renewable energy. So, the contribution of this paper as follows:

e Thisresearch leverages DRL techniques-PPO, A2C, and DQN- to optimize the sizing of photovoltaic (PV) and battery
energy storage systems (BESS) for off-grid EV charging stations. All three DRL techniques were compared for their
optimization results. The findings indicate that the PPO algorithm delivers the most cost-effective and energy-efficient
solution.

e This study analyzed economic feasibility and sustainability impact, demonstrating the economic viability of off-grid
EV charging stations powered by hybrid energy systems.

e By utilizing the most suitable hybrid energy system from an operator’s perspective, this research provides a data-
driven decision-making framework for investments in off-grid EV charging stations.

2. Off-Grid Electric Vehicle Charging Station

Off-grid electric vehicle charging stations are self-sufficient power systems that utilize Electric Vehicle Supply
Equipment (EVSE) to charge EVs without relying on the power grid [24]. Figure 2 illustrates the layout of the off-grid solar
charging station. It consists of a PV system that receives energy from sunlight and converts it into DC electricity. In order to
have energy to use at night or during low sunlight and to allow the electric vehicle charging station to work continuously,
there must be a battery energy storage system.

Off-grid EV charging stations offer several advantages, such as not relying on the electrical grid, enabling independent
operation, reducing the risks of grid disruptions, and increasing service reliability. Additionally, these stations use clean
energy from solar panels and energy storage systems, which helps reduce greenhouse gas emissions and promotes the use of
environmentally friendly energy. Furthermore, they help reduce long-term costs since there is no dependence on grid
electricity. However, off-grid charging stations also have some drawbacks, including high installation costs due to the use of
solar panels and high-performance energy storage systems needed for reliability. There are also issues with energy fluctuation
since the efficiency of solar panels depends on weather conditions [25].
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Figure 2.

The Growth of Electric Vehicles [7].

3. Methodology
3.1. Vehicle Charging Station: A Case Study

This research study investigates the charging load of the electric vehicle charging station of the Provincial Electricity
Authority (PEA) in Sakon Nakhon Province, Thailand, with geographical coordinates 17.1595°N and 104.14321°E. The
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Global Solar Atlas (GSA) tool was used to identify related factors such as light intensity and temperature for simulation data.
The daily load curve of the EV charging station in a case study is shown in Figure 3.
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Figure 3.

Load curve of the EV charging station.

From Figure 3, the minimum power appears between approximately 8 o'clock, with the lowest load value at 1.1 kW, and
the maximum power occurs around 1 PM, with the highest electric power value at 80.64 kW. This period has the highest
usage of electric vehicle charging services. The electricity charges can be calculated in Table 1.

Table 1.
Electricity Charge Calculation for 20 Years [26].
Item On Peak Off Peak

Peak Power Demand (kW) 80.64 11.29
Energy Consumption (kWh) 10,078.50 338.70
Monthly Electricity Cost (THB) 73,292.85
Annual Electricity Cost (THB) 879,514.20
20-Year Electricity Cost (THB) 17,590,284

From Table 1, the calculation of electricity costs for EV charging stations shows that the On-Peak power demand is
80.64 kW and the Off-Peak is 11.29 kW, with the total energy consumption during On-Peak at 10,078.50 kwWh and during
Off-Peak at 338.70 kWh. For the automatic electricity tariff adjustment (Ft), the Ft rate is 0.3672 Baht/unit, and the value-
added tax (VAT) is 7%. The monthly electricity bill, including the base electricity cost, Ft, and VAT, is 73,292.85 Baht. The
annual electricity cost, including VAT, will be 879,514.20 Baht, which results in a total electricity cost over 20 years of
17,590,284 Baht.

3.2. Hybrid Energy System

A HES is a system that integrates multiple energy sources to improve the stability and efficiency of electricity generation.
Typically, HESs incorporate renewable energy sources, such as PV solar and wind energy, combined with ESS or diesel
generators. This study focuses on utilizing solar PV and ESS. The present work focuses on determining the optimal hybrid
energy configuration for an off-grid electric vehicle (EV) charging station, as depicted in Figure 4. This involves finding the
most suitable combination of energy sources to efficiently meet the station's power demands while ensuring sustainability
and reliability.
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Figure 4.
Schematic of the Proposed Approach.

In designing and calculating the energy produced by a solar energy system, it is necessary to use equations that assist in
accurately calculating the amount of energy solar panels can produce. The energy production calculation is determined by
Equation 1.

Poy=Yeyx foyx I, xScT+ap(Te T )l M

where op is referred to as the temperature coefficient of the solar cell panel, which indicates how the panel's efficiency
decreases as the temperature increases; generally, this value ranges from -0.004 to -0.05 (K™'), depending on the type of solar
cell panel used. Tcsis the temperature at which the solar panel operates most efficiently, typically around 25°C. Ypy represents
the energy output of a solar panel under specific illumination conditions, such as 200 W/m? or 300 W/m?, depending on the
panel type. Depending on the system type and panel installation design, the loss-related factor fpy varies between 0.85 and
0.9. Irradiance I, is determined by the location of the solar power system, with an average of approximately 1,000 W/m?
under good sunlight conditions [27].

The mathematical model in the energy management system of an off-grid EV charging station with PV solar panels and
a BESS accounts for energy production and consumption from multiple sources during the PV generation period. Effective
energy management must allocate energy appropriately between the EVs, BESS, and charging station loads. This can be
achieved using the energy balance equation, which governs the charging station’s operation by managing the energy from
PV solar panels stored in the BESS and regulating the energy within the BESS, as shown in Equation 2.

Pess = Bv - Py (2)
Where Pey is the electric vehicle's charging power, Ppy is the PV power produced, and Pgess is the power of the BESS.
Since BESS must be operate within safe limits, Equation 3 shows the limits for charging and discharging power of BESS.

I:)BESS min S PBESS S |:)BESS max (3)
Where Pgessmin is the minimum power discharge limit from BESS, and Pgessmax is the maximum power charging limit
from BESS. The state of charge (SOC) of the BESS battery should not be lower than 20% and should not exceed 90% to
reduce battery degradation, as stated in Equation 4.

SOCBESS min < SOCBESS < SOCBESS max (4)

Where SOCgessmin is BESS’s minimum safe charging status, and SOCgessmax is BESS’s maximum safe charging status.
Equation 5 is used to limit the battery's charging status in EV to prevent battery deterioration.

SOCEV min < SOCEV (t) < SC)CEV max (5)

Where SOCevmin is the minimum charging state of the battery at 10% in EV, and SOCgvmax is the maximum charging
state of the battery in EV at 90%. In the simulation of calculating costs and expenses related to installing and maintaining the
solar power system PV and batteries, including selling electricity to the load, various details are provided in Table 2.
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Table 2.

Simulation parameters of the investment cost on off-grid EV charging station systems [28-30].
Parameters Values
PV Installation Cost 30,707.44 THB/KW
PV Maintenance Cost 170 Baht/kW/year
Battery Installation Cost 40,800 THB/KW
Battery Energy Cost 20,400 THB/kWh
Battery Maintenance Cost 672.18 THB/kW/year

3.3. Reduction of CO: Emissions

Reducing CO: emissions is a key issue in climate change [30]. Generating electricity from solar energy is an effective
way to reduce CO: emissions, as the energy produced from this renewable energy source can replace the use of energy from
fossil fuels, a major source of CO2 emissions [31]. The Emission Reduction (ER, in kg CO-) is determined by multiplying
the annual electricity activity by the Emission Factor, as shown in Equation 6.

ER = AxEF (6)

The annual electricity activity (A) (in kwh) calculated from the previous steps can be obtained from Equation 7. The A was
calculated using the total capacity (C) (in kW) of the system and the total operational hours in a year (H) (in hours). The
Emission Factor (EF) (in kg CO2/kWh) of the electricity grid, which represents the amount of CO: emitted per unit of electricity
generated, is based on data from the Electricity Generating Authority of Thailand (EGAT). The Emission Factor for Thailand is
approximately 0.5124 kg CO2/kWh [30].

A=CxH (7

3.4. Charging Station Benefit
In calculating the profit from a charging station for an off-grid system with a long-term investment of 20 years, the
following equations can be used to calculate net profit and capital control.

3.4.1. Net Present Value

Net Present Value (NPV) is the difference between the present value of money saved from energy costs in monetary
terms that are expected to be received each year over the life of the project and the present value of money that must be spent
on the project being considered, calculated at a predetermined discount rate or cost of capital [32]. The NPV calculation
formula can be obtained from Equation 8.

n ES
NPV =Y —— -1 8
t=0 (L+1) ®
Where ES:; is the energy savings in year t, | is the Initial investment, i is the discount rate, n is the project lifespan. If the
NPV is greater than zero, the project has investment potential. If the NPV is higher compared to other projects, it indicates
the project is attractive for investment. However, NPV alone may have limitations when comparing projects of different sizes
with the same NPV. Therefore, other evaluation tools should be used alongside NPV for better decision-making accuracy.

3.4.2. Internal Rate of Return

Internal Rate of Return (IRR) is the discount rate that makes the present value of the expected cash flows to be paid for
the investment equal to the present value of the expected cash flows to be received from energy savings over the project's
lifespan [31], which can be calculated by Equation 9.

n ESt
0=>—=1-1I 9
=0 (L+i)' ®)

If the IRR is greater than or equal to the discount rate (interest rate) set by the investor sets, the project is worth investing
in. Although NPV and IRR often lead to the same decision, differences in assumptions, such as reinvesting received cash
flows or using different depreciation methods (e.g., double-declining balance vs. straight-line method), may lead to different
outcomes. Therefore, it is important to consider the assumptions used in the calculations to improve the accuracy of the
analysis [31].

3.4.3. Benefit-Cost Ratio
Benefit-Cost Ratio (BCR) is the ratio between the net present value of the expected cash flows over the life of the project
and the initial investment. It represents a comparison between the returns in the form of income adjusted to present value
throughout the project's lifespan and the initial investment incurred at present. A project with a BCR is more significant than
one that indicates it is suitable for investment. The calculation formula for the internal rate of return is in Equation 10 [31].
. ES,
T )

0

BCR (10)
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If the BCR is greater than 1, the project is financially viable, as the present value of returns from energy savings exceeds
the initial investment. A project with a BCR more significant than 1 is considered attractive and suitable for investment.

3.5. Proximal Policy Optimization

The PPO is a deep reinforcement learning algorithm that has gained significant attention due to its ability to optimize an
agent's policy effectively while maintaining stability and efficiency. The PPO is classified as a model-free algorithm and
combines the benefits of value-based methods with policy gradient approaches. It directly optimizes the agent’s policy by
adjusting. A key feature of PPO is its ability to balance exploration and exploitation. This is achieved through a surrogate
objective function, which constrains policy updates to prevent them from being too large. Such a mechanism helps ensure
that the learning process avoids drastic shifts in the agent's behavior that could destabilize training. Additionally, PPO
employs an actor-critic architecture, which enhances its effectiveness by balancing exploration and exploitation while
ensuring stable learning. Its use of the surrogate objective function improves training efficiency, making it a reliable choice
for various DRL applications [32]. The pseudocode structure of the PPO techniques is depicted in Figure 5.

Algorithm 1 PPO-Clip

1:Input: initial policy parameters 6, initial value function parameters ¢,

2:;fork = 0,1, 2, ..do

3:Collect set of trajectories D, = {T;} by running policy 7k = z(6k) in the environment.

4:Compute rewards-to-go R:.

5:Compute advantage estimates, Ait (using any method of advantage estimation) based
on the current value function V,,.
6: Update the policy by maximizing the PPO-Clip objective:
S ACYEVIRD 0,
=g Max s 3 gmmeA (5@), 9(z A (s‘,ai»)
typically via stochastic gradient ascent with Adam.
7:Fit value function by regression on mean-squared error:

T A \2
f,,, =ang min ! > (Vf(st)+R1j,

f | Dk |T TeD, t=0
typically via some gradient descent algorithm.
8: end for
Figure 5.

Pseudocode structure of the PPO techniques [33].

3.6. Objective Function
Optimal sizing hybrid energy configuration for an off-grid EV charging station uses the DRL technique. The objective
function of this work is shown in Equation 11. It aims to reduce costs and minimize energy deficit.

f =min(Cy, +Eps) (11)

The main objective is to reduce overall costs. The total system cost (Ciotal) Can be calculated using Equation (12-16), and
the Energy Deficit Penalty (Epp) is the penalty when energy is insufficient, as derived from Equation 17.

total

C + CBESS,instaII + CBESS,maimenance + CBESS,energy (12)
The PV system cost has details as shown in Equations 13-14.

= CPV,instaII + C

PV, maintenance

CPV,instaII: SPVXCPV,instaII (13)
CPV,maintenancez SPV>< C X 20 (For 20 years) (14)

where Cpv,instanl is the installation cost (THB), Spy is the PV system size (KW), Cpv.instan is the installation price per unit of
PV power (THB/KW), Cpy,maintenance IS the PV maintenance cost over 20 years (THB), and Cpv,maintenance iS the PV maintenance
cost per unit per year (THB/kW/year).
The BESS cost equation can be calculated as follows:

PV, maintenance

CBESS,instaII = (PBESS x CBESS, power) + (EBESS x CBESS,energy) (15)
c —Cpy o x| Yo (16)
BESS, replacemen — “~BESS, repl Y
BL
CBESS,maintenance = CBESS,maintenance ><YF’L (17)
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Where Cgess,instail 1S the BESS installation cost, Pgess is the power of BESS system (kW), Egess is the BESS energy
capacity, Caesspower IS the price per power of BESS installation (THB/KW), Cgess.energy is the price per energy of the BESS,
Caess,replacement IS the BESS lifetime replacement cost, Cgess,maintenance IS the total maintenance cost, Yp. is the project life, and
Yg. is the battery life.

Energy deficit penalty (Epp) as shown in Equations 18.

Eop = Esercie X Kaerici (18)
Where Eqericit IS the amount of energy deficit during a specified period (kWh) is the penalty rate per unit of energy deficit
(THB/KWHh). If the SOC of the battery is below the specified level (ifEgess), an additional penalty will be imposed, as shown
in Equation 19.

IfEBESS < Emm Pdeflcn - Pdeflcn + I(IowSOC (19)

The structure of the deep learning operation for determining the optimal hybrid energy sizing for an Off-Grid EV
charging station is shown in Figure 6.

Update m_6 with thr gradient VL clip (8)

=
s
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Figure 6.
The Structure of DRL operation for determining the optimal hybrid energy sizing for an Off-Grid EV Charging Station.

Reward : -

3.6.1. State Space
The state of the agent in the model consists of 4 variables. S, =[I,,, PV,,C,,SOC,] Where S; is the state of energy at

time, I is the solar irradiance at time t (W/m?), PV is the temperature of the solar panel at time t (°C), C; is the total energy
consumption at time t (kW), SOC: is the state of charge of the battery at time t (%).

3.6.2. Action Space
Actions that the agent can choose at each period include resizing the PV and managing battery power. at=[PV S, Bt]

Where a is the control action at time t, PVS:is the PV system size variable at time t (range: -1 to +1), B¢ is the battery power
variable for charging/discharging at time t (range: -1 to +1)

3.6.3. Transition Function
The state transition function will consider the actions chosen by the agent. Results Si+1 = f(St,ar)

Where s+, is the state at the next time, s;is the state at time t, a; is the action chosen attime t, and the function f describes
the change in the state based on the action chosen by the agent, such as energy production from PV or charging/discharging
energy from the battery.

The state change can be calculated from the sunlight’s energy, as shown in Equation 20.
ER =PVS, xI, xn (20)

Where EP; is the energy produced at time t (kW), 7 is the efficiency of the PV system (Dimensionless). The Battery

State of Charge (SOC) update.

Battery Power, x At
Battery Capacity

SOC,., = SOC, + (1)

t+1

Where Dt is the duration of each action.
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3.6.4. Reward Function
This equation is a reward function used to calculate the total cost and adjust it to an appropriate value for the model's
learning. The reward function is shown in Equation 22.

C
R = _[ﬁ?lj"' Eoe (22)

The total cost refers to the overall operational costs during each period, such as installation, maintenance, or system
operation costs, divided by 10°, which adjusts the reward values to appropriate units and reduces the scale of the numbers for
calculation. The DRL algorithm is set with the optimal parameter values shown in Table 3 to ensure the system learns and
makes decisions efficiently. The trained PPO model aims to optimize the size of PV and BESS, considering the power
system's energy efficiency, cost reduction, and stability.

Table 3.

Parameters for the DRL techniques simulation.
Parameters Set the configuration Parameters Set the configuration
Learning rate 1x107 Number epoch 5
Nstep 1,024 Entropy coefficient 0.005
Gamma 0.99 Number of eval episodes 140
Batch size 64 Total time steps 400

4. Results

The study aimed to find the optimal energy combination for an off-grid electric vehicle charging station using Stable-
Baselines 3 for implementing PPO in Python. Stable-Baselines3 is a reinforcement learning library developed by Antonin
Raffin and the team from the ROBUST Al team in collaboration with open-source community developers. It is an
improvement over its predecessor, Stable-Baselines, developed by OpenAl Baselines, which has a systematic structure and
has been optimized for high performance. Stable-Baselines3 was chosen for its compatibility with PyTorch and efficient
support for deep reinforcement learning technigues, while the PPO algorithm was chosen for its ability to handle continuous
action spaces well, making it suitable for the optimal sizing problem of solar PV and BESS.

The Mean Reward Progress graph in Figure 7 shows that the learning of the PPO algorithm (Blue line) increases rapidly
in the early stages and remains constant because it is a policy-based RL using an actor-critic framework, which helps it learn
well. A2C (Green line) is highly volatile (up and down) because it is an advantage-based approach, requiring entropy
regularization to help improve, but tends to improve. The episodes increase, but they are not as stable as PPO. However,
DQN (Orange line) has a constant negative mean reward throughout the training because it is a value-based RL, which is not
suitable for complex problems or continuous action spaces.
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Figure 7.
Mean Reward Progress.

From the simulation comparing the learning of each model, PPO has PV and battery sizes suitable for energy production
and consumption, with battery energy usage at approximately 48% of the total energy used and a final average reward of -
1.43, indicating good efficiency in energy management. DQN with a larger PV size results in increased energy production,
but the energy usage from the battery rises to 51% of the total energy used, with a final average reward of -2.28, indicating
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reduced efficiency compared to PPO. A2C has the same PV and battery size as PPO but uses 48% of the total energy from
the battery, with a final average reward of -1.67, showing efficiency similar to PPO, as shown in Table 4.

Table 4.
Performance Evaluation of PPO, DQN, and A2C in PV-BESS Optimization.
Techniaues PV Size BESS Size | Total Production Consumption Battery Final Mean
q (KW) (KWh) (KWh) (KWh) Utilization Reward
PPO 90.00 120 411.32 345.96 0.48 -1.43
A2C 90.00 120 411.32 345.96 0.48 -1.673
DON 108.42 120 591.64 345.96 0.51 -2.28
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Figure 8.

The Hybrid PV-BESS Power on the EV Charging Station with the PPO Technique.

Figure 8 shows the power distribution within the system. The orange graph represents the power generated from PV,
which peaks during the daytime and drops to zero in the evening. The green line indicates battery operation, where the battery
charges when excess PV energy is available and discharges when PV production is insufficient. The red line represents the
EV charging load, which fluctuates throughout the day, occasionally exceeding PV generation. The system has a 90 kW PV
and 256.38 kWh battery, enabling efficient energy management.

Table 5 shows the daily energy and power performance of the charging station with PV-BESS optimization. The charging
station uses a total energy of 345.44 kWh, all from the grid. In the case after installing PV and BESS, using deep learning
simulations with the PPO and A2C models to find the appropriate sizes, the PV system can produce the energy of 411.32
kWh, and the BESS can store 256.38 kWh of energy. With the DQN model, the PV system can produce 591.64 kWh of
energy, and the BESS can store 358.93 kWh of energy, which exceeds the charging station's demand, providing the station
with an alternative energy source from the grid.

Table 5.

Daily Energy and Power Performance of Charging Station with PV-BESS Optimization.
Techniques PV Peak power PV Energy BESS Peak power BESS Energy
(PV and BESS installation) (kw) (kwh) (kw) (kWh)
PPO Technique 90.00 411.32 120.00 256.38
A2C Technique 90.00 411.32 120.00 256.38
DON Technique 112.00 591.64 120.00 358.93
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Table 6.
Long-Term Cost Analysis for Grid-Connected and PV-BESS Energy Systems in EV Charging Stations.

Electricity bill Installation and Installation and

Case study (Baht) maintenance costs maintenance costs | Total cost (Baht)
for PV (Baht) for BESS (Baht)

Normal case 17,590,284 - - 17,590,284
(Buy from the grid)
PV and BESS installation - 3,069,669.60 5,938,032.00 9,007,701.60
(PPO and A2C
techniques)
PV and BESS installation - 3,439,233.28 5,938,032.00 9,758,065.28
(DQN technique)

Table 6 shows the long-term cost analysis for grid-connected and PV-BESS energy systems in EV charging stations. In
the standard case, the total cost is 17,590,284 baht. After installing PV and BESS, using the simulation models (PPO and
A2C), the total cost decreased to 9,007,701.60 baht, indicating a cost saving of 8,582,582.40 baht (reduced by 48.79%). In
the DQN model, the total cost decreased to 9,758,065.28 baht, indicating a cost saving of 7,832,218.72 baht. The installation
of PV systems and BESS significantly reduces the cost of purchasing electricity from the grid. The PPO and A2C models
achieve the highest cost savings compared to the standard case.

Table 7.

Economic and Environmental Comparison: Performance Over 20 Years.
Parameters PPO&A2C techniques DQN technique
Net Present Value (NPV) (THB) 9,700,841 7,953,322
Internal Rate of Return (IRR) (%) 20.89 17.22
Benefit-Cost Ratio (BCR) 2.10 1.76
Payback Period (Years) 5 6
Carbon Reduction (kg CO-) 1,383,480.0 1,721,664.0

Table 7 shows the economic and environmental performance comparison over 20 years. PPO & A2C provide superior
financial performance with higher NPV, IRR, and BCR, and a quicker payback period over the 20-year project duration.
However, DQN offers a higher level of carbon reduction, making it more beneficial from an environmental perspective.
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Figure 9.
Payback Period of the PPO technique.

Figure 9 illustrates the payback period for the PPO technique. The graph shows that the payback period is achieved
within 5 years, indicating that the system recoups its initial investment relatively quickly. After the payback period, the energy
savings continue to accumulate, further reducing the overall costs associated with grid electricity usage.

5. Discussions

This study explores the use of DRL techniques, particularly the PPO algorithm, to optimize the sizing of photovoltaic
and battery energy storage systems for off-grid electric vehicle charging stations. The results demonstrate the effectiveness
of DRL in addressing energy management challenges in off-grid applications, highlighting the potential of DRL as a
promising solution for optimizing the RES.

The PPO algorithm demonstrated the ability to determine the optimal PV and BESS sizes, with the best configuration
being a 90 kW PV system and a 120-kWh battery. This configuration allowed for efficient energy production and
consumption, with the PV system generating 411.32 kWh of energy, which was sufficient to meet the charging station’s
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needs. The battery stored excess energy during the day and discharged when PV production was insufficient at night. The
DQN model, which utilized a larger PV size (108.42 kW), led to higher energy production but resulted in 51% battery
utilization, which was less efficient than PPO. Both PPO and A2C models used 48% of the total energy from the battery,
with PPO demonstrating the lowest final mean reward, indicating better efficiency in energy management.

Economically, the results from the PPO algorithm showed significant cost savings, reducing the electricity purchase cost
by 48.79% compared to the grid-only scenario. The project's Net Present Value (NPV) was 9.7 million THB, with an Internal
Rate of Return (IRR) of 20.89% and a payback period of just five years, demonstrating the economic viability of the optimized
system.

From an environmental perspective, the PPO-optimized system reduced 1,383 tons of CO. emissions over 20 years,
contributing to global sustainability efforts and underscoring the potential of renewable energy solutions to reduce greenhouse
gas emissions in electric vehicle charging infrastructure.

However, there are areas for future research, such as integrating multiple renewable energy sources, including wind
power, alongside PV and BESS. This could further improve the reliability and performance of the system. Exploring
advanced DRL techniques like Soft Actor-Critic (SAC) may also help enhance system stability and performance under
varying conditions. Future studies should also focus on scaling the model to larger systems and assessing its suitability for
different geographic locations with varying solar power potential.

6. Conclusions

This paper uses deep reinforcement learning techniques to present the optimal sizing of a PV-BESS energy system for
an off-grid electric vehicle charging station. The PPO algorithm has proven to be an effective method for optimizing the
sizing and energy management of PV and BESS systems for off-grid EV charging stations. The optimal configuration of 90
kW PV and 120 kWh battery achieved significant energy efficiency, reducing electricity costs by 48.79% and cutting CO>
emissions by 1,383 tons over 20 years. The project is economically viable and environmentally sustainable, with a Net Present
Value (NPV) of 9.7 million THB and an Internal Rate of Return (IRR) of 20.89%. This study showcases the potential of
DRL, specifically PPO, in optimizing renewable energy systems for off-grid applications. The system’s success in reducing
reliance on grid electricity highlights the role of advanced algorithms in driving the transition to cleaner energy solutions.
Future research can enhance this approach by incorporating multiple renewable sources and further exploring more advanced
DRL techniques to improve system efficiency, reliability, and scalability.

Future research will focus on enhancing renewable energy systems by integrating multiple energy sources, such as wind
power, and employing more advanced DRL techniques. This will help optimize the sizing of solar panels, wind turbines, and
battery systems to ensure maximum efficiency, reliability, and cost-effectiveness. The goal is to improve the overall
performance and sustainability of renewable energy solutions, further contributing to the transition to cleaner and more
sustainable energy sources.
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