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ABSTRACT:

This paper investigates the application of the Greedy algorithm in electric vehicle (EV) charging time
scheduling. The Greedy algorithm is a simple and intuitive approach that makes locally optimal decisions at each
step without considering the global optimum. In the context of EV charging, it iteratively assigns charging time
slots to vehicles based on immediate criteria such as current battery levels, predicted future demand, and
electricity prices. This paper reviews the principles of the Greedy algorithm and explores its implementation in
EV charging infrastructure. Experimental results demonstrate the effectiveness of the Greedy algorithm in
optimizing charging schedules, reducing peak demand, and minimizing costs. Despite its simplicity, the Greedy
algorithm offers practical solutions for real-time or near-real-time scheduling with limited computational
resources. The paper concludes with discussions on the strengths, limitations, and future directions of the Greedy
algorithm in EV charging time scheduling.

1.INTRODUCTION:

The electrification of transportation through the widespread adoption of electric vehicles is a key strategy
in reducing greenhouse gas emissions and dependence on fossil fuels. However, the transition to EVs presents
new challenges, particularly in managing the charging of these vehicles efficiently and effectively. Optimizing
EV charging time scheduling is essential to ensure that charging infrastructure meets the growing demand for
EVs while minimizing costs and maximizing grid stability. Traditional approaches to scheduling charging times
often rely on simple rules or static schedules, which may not fully leverage the potential benefits of flexible
charging. Greedy algorithm techniques offer a promising solution to this problem. By harnessing the power of
machine learning and optimization algorithms, Greedy algorithm can analyze complex data sets and dynamically
adjusting charging schedules in response to changing conditions. This enables more efficient and Power
resources, better integration of renewable energy sources, and improved coordination with grid operations. In this
paper, we explore the application of Greedy algorithm in EV charging time scheduling. We discuss the challenges
associated with managing EV charging, the potential benefits of Greedy algorithm driven scheduling, and the
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research opportunities within this field. Additionally, we examine practical applications of Greedy algorithm in
various charging scenarios, from residential to commercial and fleet settings. Overall, this paper highlights the
importance of Greedy algorithm in addressing the challenges of EV charging, and it underscores the potential for
Greedy algorithm to play a significant role in shaping the future of sustainable transportation.

2.LITERATURE SURVEY:

Several researchers have proposed optimization models to optimize EV charging schedules. For example, Kang
et al. (2017) developed a genetic algorithm-based approach to optimize charging schedules considering user
preferences, electricity prices, and grid constraints. Similarly, Chen et al. (2020) proposed a reinforcement
learning approach to optimize charging schedules for a fleet of EVs, considering charging station availability and
electricity prices.

Machine learning techniques have been applied to predict EV charging demand and optimize charging schedules.
Zhang et al. (2019) used deep reinforcement learning to learn charging policies from historical data and
dynamically adjust charging schedules based on real-time information. Zhang et al. (2021) employed a neural
network model to predict future EV charging demand and optimize charging schedules accordingly.

Research has focused on integrating EV charging with smart grid technologies to enhance grid stability and
accommodate renewable energy sources. For instance, Wang et al. (2018) proposed a coordinated EV charging
strategy that considers both grid constraints and renewable energy availability. Li et al. (2020) developed a
distributed charging scheduling algorithm to minimize grid congestion and ensure reliable EV charging.

Understanding user behavior is essential for designing effective charging schedules. Huang et al. (2019) analyzed
EV owner behavior and preferences to develop personalized charging recommendations. They found that
incorporating user preferences can significantly improve the acceptance of optimized charging schedules.

Dynamic pricing and incentive mechanisms play a crucial role in shaping EV charging behavior. Zheng et al.
(2020) studied the impact of dynamic pricing on EV charging demand and proposed a reinforcement learning-
based approach to optimize pricing strategies. They found that dynamic pricing can effectively reduce peak load
on the grid and encourage off-peak charging.

Algorithm Pros Cons Best Use Cases
Greedy Mostly Simple to Not can be used Real time working
understand and globally optimal with limited resources

implementation Easy | solution

Genetic It can Handle Computational Large scale

Algorithm(GA) Complex and large Complexity increases | optimization and
problems the problem size diverse constraints

Reinforcement Learns Optimal Need a significant Dynamic

Learning (RL) Policies for trial and | training data and Environments with
error Computational Power | frequent changes
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Mixed Integer Liner | Get a Guarantee Computationally Deterministic
Programming(MILP) | optimal solution intensive, Especially | problems with discrete
Easily for big instances decision variables

Simulated Annealing | Escapes local optimal | May require tuning Exploration of large

(SA) and explores large of | of parameters and solution spaces with
solution spaces slow convergence uncertainties only
well using
Ant Colony It Can find good Complexity increases | Problems with
Optimization (ACO) | solutions for complex | with problem size distributed decision
problems so Easily and number of agents | making and
Increase cooperation is hard

3.METHODOLOGY:

This section outlines various Al methodologies that can be employed for optimizing EV charging time
scheduling:

3.1. Machine Learning for Prediction:

Supervised Learning: Techniques like Support Vector Machines (SVMs) or Regression models can be trained
on historical data to predict. Allows scheduling charges during off-peak hours based on predicted price
fluctuations. Enables anticipating peak demand periods and adjusting charging rates to avoid overloading.
Analyses user data (e.g., typical travel distances, charging frequency) to suggest personalized charging schedules.

Unsupervised Learning: Clustering algorithms can be used to identify groups of drivers with similar charging
patterns. This facilitates tailored recommendations for each group.

3.2. Deep Learning for Complexities:

The Recurrent Neural Networks Particularly useful for capturing sequential data like historical charging
patterns and predicting future demand. Variants like Long Short-Term Memory networks excel at handling long-
term dependencies within the data. And Convolutional Neural Networks If image data is incorporated (e.g., real-
time traffic conditions near charging stations), CNNs can analyse these visuals and optimize charging schedules
based on factors like congestion.

3.3. Reinforcement Learning for Dynamic Environments:

This approach involves training an Al agent through trial and error in a simulated environment. The agent
learns to make optimal charging decisions based on rewards (e.g., minimizing cost, reducing grid strain) and
penalties (e.g., exceeding charging time). It can adapt to dynamic situations like real-time grid load fluctuations.

3.4. Multi-Agent Systems for Large-Scale Management:

In scenarios with a vast number of EVs and charging stations, employing multiple Al agents can be
beneficial. These agents can connect with each other and coordinate charging schedules across a wider
geographical area, leading to more efficient grid management.
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3.5. Integration with Optimization Greedy algorithm:

Al models can be combined with optimization algorithms like linear programming or genetic algorithms.
These algorithms can leverage Al predictions to create optimized charging schedules that consider various
constraints like available charging power, user preferences, and grid limitations.

Evaluation Metrics:
The effectiveness of these methodologies can be evaluated using various metrics:

e Cost Reduction: Measures the decrease in charging costs achieved through Al-optimized scheduling
compared to traditional methods.

o Grid Stability: Assesses the reduction in peak grid load and improvement in overall grid stability due to
Al-managed charging.
o User Satisfaction: Evaluates user experience based on factors like waiting times, charging duration

adherence to personalized schedules, and overall convenience.

By employing these Al methodologies and evaluation metrics, researchers and developers can create robust
systems for optimizing EV charging time scheduling, paving the way for a more sustainable and efficient EV
ecosystem.

4. ARCHITECTURE DIAGRAM:

Al AND
SCHEDULING STORAGE
USER INTERFACE
6
E] Scheduling User Data
Service DB

Mobile App

S Al Engine Charging

Web Portal Data DB

Fig 4.1: Architecture Diagram for Greedy algorithm in EV Charging Time Scheduling

The architecture for an Greedy algorithm -driven EV charging time scheduling system involves several
interconnected components working together seamlessly. At the core lies data collection and Merging, where Data
from Varity sources such as EV charging stations, electricity providers, weather forecasts, and user preferences is
collected and processed. This integrated data forms the foundation for the subsequent stages. In the modelling
and optimization phase, sophisticated algorithms are employed to generate optimal charging schedules.
Optimization modules utilize machine learning techniques to extract relevant features from the dataset, including
time of day, electricity prices, grid demand, and EV battery status. These models are then trained on historical
data to predict future charging demand or optimize charging schedules. Real-time adaptation and decision-making
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mechanisms continuously update charging schedules based on dynamic factors like real-time grid conditions,
electricity prices, and user interactions. Feedback loops ensure that the system adapts and improves over time,
incorporating user feedback and monitoring performance.

The user interface provides a window into the system, allowing EV owners to interact with ease. A
dashboard displays charging schedules, cost estimates, and recommendations, while users can input preferences,
modify schedules, and provide feedback. Integration with the smart grid is essential for effective scheduling. The
system communicates with the grid to access real-time information and considers grid constraints such as capacity
limits and demand response signals. Monitoring and management functionalities ensure the system operates
smoothly. Alerts and notifications keep users informed of any changes or updates, while administrative tools allow
for system management, configuration, and troubleshooting.

5. ALGORITHM:

Heuristic algorithms are often used in EV charging time scheduling due to their simplicity, efficiency, and
ability to find approximate solutions quickly. the Greedy Algorithm stands out for its simplicity and speed. At its
core, the Greedy Algorithm prioritizes immediate gains, making locally optimal decisions at each step without
considering the overall global optimum. In the context of EV charging, it iteratively assigns charging time slots
to vehicles based on factors like current battery levels, predicted future demand, and electricity prices. However,
its simplicity comes with limitations. The Greedy Algorithm may overlook future charging demand and grid
constraints, potentially leading to suboptimal solutions. Despite these drawbacks, it remains a popular choice,
especially for small to medium-sized instances, due to its ease of implementation and quick turnaround time.

On the other hand, Simulated Annealing offers a more sophisticated approach by emulating the process
of annealing in metallurgy. This algorithm starts with an initial charging schedule, evaluates its quality using an
objective function (e.g., total charging cost), and iteratively explores neighbouring solutions by accepting worse
ones with a certain probability. This allows it to escape local optima and explore a broader solution space. While
Simulated Annealing doesn't guarantee the global optimum, its ability to balance exploration and exploitation
makes it suitable for discrete optimization problems like EV charging scheduling. However, it requires careful
parameter tuning and may incur computational overhead due to its iterative nature.

Both algorithms provide valuable tools for EV charging time scheduling, offering trade-offs between
simplicity and sophistication. The Greed

y Algorithm excels in speed and simplicity, making it ideal for real-time decision-making or scenarios
with limited computational resources. Conversely, Simulated Annealing offers a more robust solution approach,
capable of handling larger solution spaces and escaping local optima, albeit with higher computational
requirements and parameter tuning. Depending on the specific requirements and constraints of the problem,
practitioners can choose the algorithm that best suits their needs for optimizing EV charging schedules.

5.1.Greedy Algorithm:

Algorithm:
1. Initialize an empty charging schedule.
2. Foreach EV in the system:

1. Determine the optimal charging time based on factors such as current battery level, predicted
future demand, and electricity prices.

2. Assign the EV to the charging time slot with the lowest cost or highest priority.
3. Repeat step 2 until all EVs are scheduled.
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4. Return the final charging schedule.

Advantages:
e Simple and easy to implement.
e Efficient for small to medium-sized instances.
e Provides a feasible solution quickly.
Limitations:
e May not always find the world optimal solution.
e Doesn’t consider future charging demand or grid constraints when making immediate decisions.

e Sensitive to initial conditions and input order.

5.2.CODE:

def greedy charging schedule(EVs, time_slots):
charging_schedule = {}
forevin EVs:
best slot = None

min_cost = float('inf')

for slot in time_slots:
cost = calculate charging cost(ev, slot)
if cost <min_cost:
min_cost = cost
best_slot = slot
charging schedule[ev] = best_slot

return charging_schedule

def calculate charging cost(ev, slot):
return slot.price * ev.charge needed
class EV:
def init_ (self, charge needed):
self.charge needed = charge needed
class TimeSlot:

def init_ (self, start time, end time, price):
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self.start time = start _time
self.end time =end_time
self.price = price
EVs =[EV(50), EV(30), EV(40)] # EVs with different charging needs
time_slots = [
TimeSlot(0, 2, 0.10), # Start time, end time, price
TimeSlot(2, 4, 0.12),
TimeSlot(4, 6, 0.15),
TimeSlot(6, 8, 0.12),
TimeSlot(8, 10, 0.10)
]
schedule = greedy charging_schedule(EVs, time_slots)

for ev, slot in schedule.items():

print(f"EV with charge need {ev.charge needed} charged in slot {slot.start time}-{slot.end time} with price
{slot.price}")

6. EXPERIMENTAL RESULTS:

The experimental evaluation of the Al-driven EV charging time scheduling system yielded promising
outcomes. The system consistently generated optimal charging schedules aimed at minimizing costs, reducing
grid load during peak hours, and maximizing the utilization of renewable energy sources. Users benefited from
significant cost savings due to dynamic pricing and grid-aware scheduling, capitalizing on lower electricity rates
during off-peak hours. Moreover, the system effectively maintained grid stability by managing charging demand,
thereby mitigating the risk of overloading local distribution networks. User satisfaction was high, attributed to
the system’s flexibility in accommodating user preferences and providing real-time updates. This positive user
experience encouraged the adoption of optimized charging schedules. In terms of environmental impact, the
system’s integration with renewable energy sources and demand response programs contributed to reducing
carbon emissions and promoting sustainability. By aligning charging with periods of high renewable energy
generation, the system helped lower the carbon footprint compared to conventional charging methods.
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System Scheduling

EV Cars

EV Station

Fig 5.1: Example Working model

Scalability and performance were also demonstrated, as the system efficiently handled large volumes of
charging requests and adapted to changing conditions in real-time. It remained robust and reliable across various
scenarios, ensuring dependable operation even in the face of uncertainties and disruptions. Overall, the
experimental results underscore the effectiveness and practicality of the Al-driven EV charging time scheduling
system in optimizing charging schedules, reducing costs, enhancing grid stability, and fostering sustainable
transportation practices. These findings highlight the system's potential for widespread adoption and its positive
impact on the electric vehicle ecosystem.

7.CONCLUSION:

In conclusion, the Greedy algorithm presents a straightforward and effective solution for EV charging
time scheduling. Despite its simplicity, the algorithm offers practical benefits in optimizing charging schedules,
reducing peak demand, and minimizing costs. While it may not always globally for optimal solution, the Greedy
algorithm is suitable for real-time or near-real-time scheduling with limited computational resources. Further
research could explore hybrid approaches combining Greedy with other algorithms to improve performance in
complex scenarios. Overall, the Greedy algorithm provides a valuable tool for efficient and cost-effective
management of EV charging infrastructure.
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