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Abstract


The article presents the development of a Rules-Based Energy Management System for a nanogrid that serves an electric vehicle charging station. This nanogrid is composed of photovoltaic generation, a wind turbine, a battery energy storage system, and a fast electric vehicle charger. The objective is to prioritize the use of renewable energy sources, reducing costs and promoting energy efficiency. The methodology includes forecasting models based on an Artificial Neural Network for photovoltaic generation, a parametric estimation for wind generation, and a Monte Carlo simulation to predict the energy consumption of electric vehicles. The developed algorithm makes decisions every 15 min, considering variables such as energy tariff, battery state of charge, renewable generation forecast, and energy consumption forecast. The results showed that the system adequately balances energy generation, consumption, and storage, even under forecasting uncertainties. The use of the Monte Carlo simulation was crucial for evaluating the financial impacts of forecast errors, enabling robust decision-making. This energy management system proved to be effective and sustainable for nanogrids dedicated to electric vehicle charging, with the potential to reduce operational costs and increase energy reliability and the use of renewable energy sources.
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1. Introduction


Nearly 14 million new electric vehicles (EVs) were registered worldwide, bringing the total to 40 million in 2023. In 2024, global EV sales continue to grow and are expected to reach nearly 17 million, representing almost one EV for every five new vehicles. The International Energy Agency (IEA) projects that by 2035, the global number of EVs will reach 525 million, where one in every four vehicles will be electric [1].



With the growing adoption of EVs, it is necessary to develop robust charging infrastructures to meet the new energy demand generated by charging their batteries. The installation of fast-charging stations alongside highways can promote the use of EVs for medium and long-distance travel.



To meet the local demand created by these stations in a clean manner, nanogrids can be implemented using solar panels (PV), wind turbines (WT), and battery energy storage systems (BESS), integrating renewable energy sources and energy storage to ensure sustainability [2]. In this way, excess energy can be stored and used during peak demand periods or when energy tariffs are high, optimizing the resources of the microgrid.



Due to the intermittency of renewable generation, controlling a nanogrid can be challenging, potentially failing to consistently meet the load demand and causing system instabilities. For this reason, energy storage is essential. By operating either as a load or a generator during charging or discharging modes, it can balance power within the nanogrid, mitigate the impact of fluctuations, and significantly improve nanogrid stability [2].



For proper control of the energy sources and storage, it is essential for the nanogrid to have an Energy Management System (EMS). The EMS oversees the operation and control of the nanogrid system to achieve efficient energy transfer and balance [3]. The literature presents various types of EMS strategies for microgrids and nanogrids, where researchers are developing control and optimization strategies to enhance energy storage efficiency [4]. In [5], a system employing optimization algorithms is introduced to minimize energy costs and BESS utilization, reducing battery usage and extending its lifespan. In [6], a strategy prioritizing loads is proposed, where energy demand is first supplied through solar generation, with the BESS being utilized only when renewable energy cannot fully meet the required demand.



Two management systems are proposed by [7], one rule-based (RBEMS) and another optimization-based (OBEMS). The RBEMS employs rules designed to maintain balance between load and generation with the help of a battery bank, reducing the use of diesel generators. The OBEMS uses a Unit Commitment model to minimize the total operating costs of the microgrid. The work of [8] introduces an optimization approach based on Linear Programming (LP) to optimize daily, monthly, and annual costs for residential and industrial microgrids.



The system proposed by [9] targets microgrids operating in isolated areas, using an RBEMS that evaluates historical data and short-term forecasts to set cost-effective, reliable, and sustainable generation and programmable load setpoints. Another method is the fuzzy controller, as in [10], which stabilizes frequency, voltage, and power in the microgrid bus. Monitored in real-time, this EMS ensures equitable electricity distribution from renewable resources while implementing contingency plans to mitigate renewable energy intermittency.



The study by [11] tests two optimization algorithms: logic-based optimization and reinforcement learning (RL). These algorithms make decisions based on energy consumption patterns, BESS characteristics, photovoltaic generation, and energy tariffs. Mixed-Integer Linear Programming (MILP) was utilized in [12], considering PV and wind generation in a nanogrid, energy tariffs, and charging demands. The algorithm determines the best BESS charging and discharging rates for effective energy storage management.



Principal Contributions of This Work


This study presents the development of a rule-based EMS for a nanogrid composed of PV, WT, EV chargers, and BESS located alongside a highway. The proposed system utilizes a PV generation forecasting model based on an Artificial Neural Network (ANN), parametric estimation for wind generation, and EV charging prediction using an algorithm that employs Monte Carlo Simulation (MCS). The primary objective is to control the charging and discharging of the BESS through the EMS based on the forecasts provided by the developed models. The EMS results are presented for a 5-day operation of the nanogrid.



The principal contributions are:




	
By using predicting models, the created RBEMS can control the energy of the nanogrid, prioritizing the self-consumption of renewable energy;



	
In order to evaluate the system’s performance under various weather and demand conditions, the RBEMS data are examined during a continuous 5-day operation;



	
Examination of the financial impact of PV generation forecast errors, which quantifies the costs related to the uncertainty of the stochastic inputs in the RBEMS.








With an emphasis on using batteries to meet load and storage demands, this study focuses on energy management solutions. Despite being pertinent, alternatives including vehicle-to-grid (V2G) systems and ultracapacitors were not investigated because of the study’s narrow focus. Ultracapacitors are better suited to electrical problems than energy-related ones since they can operate quickly and regulate electrical factors like power spikes. The user profile taken into consideration in this study, however, is incompatible with V2G’s assumption of active user participation in operational models requiring energy return to the grid. This user’s main objective is to charge the car and drive it without requiring any further system interactions. The strategy was solely focused on achieving the energy goals of the study.





2. Energy Management System (EMS)


An energy management system (EMS) performs a variety of functions to ensure the efficient and effective operation of the nanogrid. Energy management is an optimization problem aimed at properly scheduling the short-term operation of generation units, storage systems, and controllable loads to meet system demand while minimizing generation costs. The EMS generates a short-term operational plan to optimize energy sources and loads, considering the forecast results [13]. Figure 1 illustrates the general framework of an EMS.



In the centralized control-based EMS, a single central controller receives all the information, such as energy generation from renewable sources, load profiles, energy tariffs, and weather conditions. Based on these inputs, the central controller optimizes the microgrid’s energy scheduling and then sends these decisions to all local controllers [13]. The basic structure of centralized control is shown in Figure 2.



The control of the microgrid can be divided into primary, secondary, and tertiary levels (Figure 3):




	
Primary Control: Interacts directly with the microgrid devices and responds to the system’s dynamics and transients. It is the base control layer that provides the fastest response. Common primary control functions of the microgrid include islanding detection, converter output control, frequency regulation, voltage regulation, and power sharing control [14].



	
Secondary Control: Responsible for the economic and reliable operation of the microgrid. Key control functions include automatic generation control and the microgrid’s energy management system. The main objective of the EMS is to minimize the operational cost of the microgrid and maximize its reliability [14].



	
Tertiary Control: The highest level of the Microgrid Management System. It coordinates with neighboring microgrids, Distributed Energy Resource Management Systems (DERMS), and Distribution Management Systems (DMS). Typical tertiary control functions include providing active and reactive power support to the transmission system, ancillary services, and intentional islanding. Conventionally, tertiary control is recognized as a subsystem of the utility’s DMS [14].








In order to manage a nanogrid while giving self-consumption of renewable energy priority, the current article concentrates on Secondary Control as previously established, creating a RBEMS which is in charge of the nanogrid’s cost-effective operation.




3. Methodology


The methodology used in this work consists of 5 parts, which include the forecasting of the generation installed in the nanogrid and the forecasting of EV charging, as shown in Figure 4. The proposed methodology is based on:




	1.

	
Forecasting local generation (PV and WT) and forecasting the electricity consumption by EVs;




	2.

	
Using an energy tariff that varies over time, instead of a fixed tariff;




	3.

	
Calculating the cost of local renewable energy generation and BESS usage;




	4.

	
Developing the rules that the RBEMS will follow, prioritizing the self-consumption of locally generated energy;




	5.

	
Evaluating the impact of the RBEMS decisions on the nanogrid;




	6.

	
Quantifying the operational cost of the nanogrid at the end of the evaluated period.









In addition, a stochastic analysis is performed to determine the cost of the PV generation forecast error (item 1) using Monte Carlo. This allows for the generation of new forecasting scenarios and the evaluation of the decisions made by the RBEMS (item 5), as well as the effect on the operational cost of the nanogrid (item 6).



3.1. Solar Power Forecast


The solar power forecast is made by a Multilayer Perceptron Neural Network (MLP) illustrated in Figure 5. Irradiance, wind speed, air temperature, and hour data are used. These data are also used with a 1−h time lag, such as:     irradiance  t − 1     ,     wind speed  t − 1     ,     air temperature  t − 1     ,     numeric hour  t − 1     , and     average power output  t − 1     , where t is the current hour. By using the data with a 1−hour lag, the model can capture temporal patterns and dependencies between the current and past states of the variables, improving its ability to predict dynamic variations in solar energy generation. This increases the model’s accuracy by adding a temporal context that helps identify trends and seasonality.



The neural network model was configured with the ReLU (Rectified Linear Unit) activation function, widely used for its efficiency in capturing complex patterns and mitigating gradient saturation problems. The chosen optimizer was LBFGS (Limited-memory Broyden-Fletcher-Goldfarb-Shanno), a solver based on quasi-Newton methods, suitable for small to medium-sized networks and known for its fast convergence in supervised learning problems. The learning rate was set to 0.001, ensuring gradual updates of the weights to promote stable learning. The network architecture includes three hidden layers with 15, 20, and 20 neurons, respectively, allowing the model to capture nonlinear relationships and complex patterns in the data. The dataset was split with 70% for training and 30% for testing, ensuring a balance between the amount of data used for model adjustment and validation of its generalization.



All data underwent preprocessing, transforming them through the Min/Max scaling, as shown in Equation (1) [15]. Data preprocessing with the MinMaxScaler is crucial for neural networks because it prevents imbalances in the contributions of the variables, ensuring that those with smaller scales do not dominate the calculations. Additionally, it improves training convergence, as the normalized data keeps gradients within stable ranges, reducing issues like exploding gradients. This method also benefits activation functions like ReLU, which operates more efficiently in regular intervals and avoids saturation. Normalization facilitates comparison between different variables, allowing the model to handle their contributions in a balanced way and identify issues more accurately. Finally, it reduces sensitivity problems that affect optimization algorithms, resulting in more stable and effective training.


    Min / Max   Scale =   X −  X min     X max  −  X min      



(1)







In the Min/Max scaling calculation, the values X,    X min   , and    X max    are, respectively, the current value, the minimum value, and the maximum value of the variable.



To evaluate the model, the metrics Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) are used, as shown in Equations (2) and (3) [16]. The MAE reveals the average error in the units of the target variable, providing a clear and interpretable measure of the overall accuracy of the model. It directly reflects the model’s performance by calculating the mean of the absolute differences between the predicted and actual values. A smaller MAE indicates that, on average, the model’s predictions are closer to the observed values, demonstrating good overall estimation ability. On the other hand, RMSE evaluates the overall magnitude of the error, with greater sensitivity to large discrepancies due to squaring the differences before calculating the average. Therefore, it emphasizes predictions that are significantly wrong, making it an effective metric for identifying extreme cases of error. A smaller RMSE suggests that the model exhibits higher consistency and that large errors are less frequent, contributing to the model’s reliability in practical applications. These metrics are commonly used to evaluate PV generation forecasting models [16,17,18,19,20].


   R M S E =    1 N   ∑  i = 1  N     W  f o r e c a s t e d   −  W  t r u e    2      



(2)






   M A E =  1 N   ∑  i = 1  N    W  f o r e c a s t e d   −  W  t r u e      



(3)




where,    W  f o r e c a s t     and    W  t r u e     represent the forecasted photovoltaic power at each time point and the observed/measured photovoltaic power at each time point, respectively, and N is the number of data samples [16].



The use of the MLP was defined after the evaluation of other models such as LSTM (Long Short-Term Memory), Random Forest and XGBoost. All the models were trained with the same data and evaluated with RMSE and MAE metrics as shown in Table 1.



With the lowest RMSE (471.03) and MAE (302.53) values, the MLP demonstrated superior accuracy and a reduced average error in its forecasts. The MLP showed a considerable reduction of 28.96% in RMSE and 28.34% in MAE when compared to the LSTM, indicating a higher level of efficiency in learning the data’s nonlinear patterns. With RMSE reductions of 2.34% and 5.38%, respectively, the MLP also distinguished itself from tree-based models like Random Forest and XGBoost. These findings support the choice of the MLP as the best predictive model since it can better predict outcomes and capture pertinent data elements.




3.2. Power from the Wind Turbine


Since there is no operational history of the wind turbine (WT) to train Machine Learning (ML) or Deep Learning (DL) models, Equation (4) is used. It defines the theoretical power extracted from the wind by a wind turbine based on the wind turbine data, providing a foundation to estimate the power generated by the turbine.


    P  W T   =  1 2  ·  C p  · ρ · A ·  v 3    



(4)




where,    C p    is the power coefficient of the wind turbine,   ρ   is the air density, A is the cross-sectional area swept by the blades, and v is the wind speed [21,22].



The theoretical approach based on Equation (4) offers significant benefits, such as robustness in scenarios without historical operational data, allowing the estimation of wind turbine performance based on physical principles. Additionally, it provides generalization to assess energy potential under different environmental conditions and installation sites, being easily integrated into simulations and scenario analyses. However, the model has inherent limitations, such as the assumption that the wind reaches the turbine uniformly, disregarding effects like turbulence, changes in wind direction, and mechanical losses. It is also important to highlight that the power coefficient (   C p   ) varies with wind speed and the blade pitch angle, requiring adjustments to more accurately represent real operational conditions.




3.3. EV Energy Consumption Forecast


To forecast the EV charging, it is necessary to obtain data from the road of interest, indicating the vehicle flow per hour at that point. Data processing is performed, such as calculating the average vehicle flow for each hour of each month, thus preserving the seasonality throughout the year [23].



The probability of an EV passing on the highway is estimated based on the number of EVs and light vehicles in the study area (Equation (5)).


   p =   Number  of  EVs   Total  number  of  vehicles     



(5)







Based on this data, a survey was conducted to determine the battery storage capacity of the vehicles (in kWh). The algorithm created uses Monte Carlo Simulation (MCS), applying as input the average number of vehicles per hour of the month and the probability of an EV being on the highway. The algorithm simulates all the vehicles passing through the highway each hour, generating a random number to compare with the estimated probability (p) of an EV being among them. When this value is less than or equal to the estimated probability, an EV is counted, and the amount to be recharged is determined based on the battery capacities of the EVs.



Five thousand scenarios are created for each hour of the day, with each scenario containing the predicted number of EVs for that hour and the energy to be recharged. This number of simulations was chosen to ensure a robust representation of the stochastic variability in EV charging patterns while balancing computational efficiency and accuracy. A larger number of scenarios improves the precision of the probability estimates for each event, allowing the EMS to account for a wide range of possible conditions. After generating the scenarios, the probability of each event occurring is calculated. For each hour of the day, there is a frequency distribution of the possible recharging events and the energy demanded by these events. In the end, the algorithm selects the worst-case scenario for each hour based on the number of EVs and builds the forecast for the 24 h of the day. The flowchart of the algorithm is illustrated in Figure 6.




3.4. Proposed Rules-Based EMS (RBEMS)


The RBEMS proposed in this work is shown in Figure 7, consisting of three prediction models to assist in the decisions made by the algorithm. The real-time data for the predictions are collected every 15 min from the APIs, allowing the RBEMS to make a decision every 15 min based on the forecasts and the current state of the nanogrid. The algorithm’s decisions are based on several conditions, including the energy tariff, the battery state of charge (SoC), the renewable energy generation (wind and solar), and the forecasted EV demand.



In order to capture variations in demand within hourly periods and provide a more accurate and flexible response to load fluctuations, 15-min intervals were chosen over 1-h intervals. Additionally, up to four decisions can be made in a single hour by using an algorithm that makes decisions every 15 min rather than every hour. A more dynamic and effective resource management is ensured by the system’s improved capacity to adjust to real-time variations in energy generation and consumption due to the higher decision frequency. As a result, this method helps the system to better predict and react to changes, which lowers inefficiencies and boosts performance.



O RBEMS operates based on three main conditions, as described in Equations (6), (7), and (8), where    E  P V    ,    E  W T     e    E C    represent the forecasted PV energy, the forecasted wind energy, and the energy consumed in the nanogrid, respectively.



3.4.1. Sum of Generation Greater than Consumption



    E  P V   +  E  W T   >  E C    



(6)





	
If an EV is charging: The EMS prioritizes the self-consumption of    E  P V     and    E  W T    . If the SoC of the BESS is less than 80% and there is excess energy, the BESS is charged with the remainder (    E  P V   +  E  W T   −  E C  > 0   ). If the SoC of the BESS is greater than or equal to 80%, the excess energy is sold to the grid.



	
If no EV is charging: If the SoC of the BESS is less than 80%, all the generated energy goes to the BESS. If the SoC of the BESS is greater than or equal to 80%, the generated energy is sold to the grid.







3.4.2. Sum of Generation Less than Consumption



    E  P V   +  E  W T   <  E C    



(7)





	
If an EV is charging: if the BESS SoC is greater than 30%, local generation is self-consumed and the BESS provides the remaining energy (    E C  −  E  P V   +  E  W T   > 0   ). If the BESS SoC is less than or equal to 30%, local generation is self-consumed and the grid provides the remaining energy.



	
If the local generation is zero: If the EV is charging and the BESS SoC is greater than 30%, the BESS is used. If the BESS SoC is less than or equal to 30%, the energy is acquired from the grid.







3.4.3. Consumption Equals Zero



    E C  = 0   



(8)





	
If the SoC of the BESS is less than 80%, the energy tariff is low (off-peak time), and there is no local generation, the BESS is charged from the grid. If the SoC of the BESS is greater than or equal to 80%, there is no EV charging, and there is local generation, the EMS decides to sell the generated energy to the grid.






The SoC of the BESS is maintained between 30 and 80% in order to to ensure a long cycle life of the battery. Deep discharge can also put the battery under internal stress, which can result in other problems like decreased charging capacity and poorer performance [24,25]. If the BESS is at the minimum SoC (30%), it will still supply 60 kWh of energy for an emergency EV recharge in case of losing connection to the network or if the local generation fails.



The EV charging forecast model is used to check if an EV is expected to be charged one hour ahead of the current hour. Thus, if the energy tariff in the next hour is high, there is a forecast of an EV charging, and the current energy tariff is low, the RBEMS decides to use the grid in the current hour and save the BESS for the charging when the energy tariff is high.





3.5. Financial and Stochastic Analysis


To perform a financial and stochastic analysis of the operation cost of the nanogrid, 10,000 scenarios are analyzed through SMC (Figure 8). Initially, a stochastic evaluation of the PV forecasting error was conducted based on the differences between the predicted average power and the actual values, as shown in Equation (9).


    P  E r r o r   =   | R e a l P o w e r − F o r e c a s t P o w e r |   R e a l P o w e r   · 100   



(9)







With the percentage error calculated for each PV forecast, a sample of the error was generated for each hour for each forecast value. The error distribution was modeled through a probability distribution, where the probability of occurrence of each error value for a given hour was derived from the frequency of errors in the dataset. The sampling and application of the percentage error occur for each specific hour of the day, reflecting the uncertainty of the forecasts accurately for different times of the day, since the behavior of forecast errors can vary depending on the hour and weather conditions.



Once the percentage error was sampled, it was added to the actual generated power value to calculate the new stochastic forecast. The sampling and forecast adjustment process was repeated 10,000 times, generating a large number of error scenarios. This is a key feature of the Monte Carlo Simulation, which allows for exploring uncertainty in forecasts by creating a range of possible outcomes that can be used for financial analysis and decision-making.



The analyses are carried out using the Levelized Cost of Energy (LCOE) (Equation (10)) [26] when using PV energy (Equation (11)), WT (Equation (12)), or BESS (Equation (13)), and when energy needs to be purchased from the grid, Equation (14) is used.


   L C O E =   T o t a l  C o s t   T o t a l  E n e r g y  P r o d u c t i o n     



(10)






   E  C  P V   =  ∑  t = 0  23   (  E  PV t   )  · L C O  E  P V     



(11)






   E  C  W T   =  ∑  t = 0  23   (  E  WT t   )  · L C O  E  W T     



(12)






   E  C  B E S S   =  ∑  t = 0  23   (  E  BESS t   )  · L C O  E  B E S S     



(13)






   E  C  G r i d   =  ∑  t = 0  23   (  E  Grid t   )  · E  P t    



(14)




where,    T o t a l      C o s t    is the total investment cost of each component of the nanogrid (PV, WT, and BESS), and    T o t a l       E n e r g y       P r o d u c t i o n    is the total energy to be produced by each of these elements. The calculated LCOE values are presented in Table 2.



After generating the stochastic power output scenarios for the 10,000 simulations, the results were incorporated into the EMS. With the stochastic forecasts integrated into the EMS, it was possible to evaluate the impact of forecasting errors on the system’s operations, especially in terms of cost. The inclusion of uncertainties in the forecasts allows the EMS to make more robust decisions, taking into account the fluctuations in energy generation estimates.



Finally, the cost associated with the forecasting error was calculated. This cost was determined by considering the impact of inaccurate forecasts on the EMS’s behavior, such as the need for increased use of complementary generation resources, the rise in operational costs due to system inefficiency, and other factors related to the variability of renewable energy generation.



The cost calculation was performed using the stochastic forecasts generated by each of the 10,000 simulations, evaluating how the errors influence the system’s control decisions. The error cost was compared between the simulations, allowing for an assessment of the EMS’s sensitivity to uncertainties in the power forecasts.



Thus, it is possible to analyze the behavior of the RBEMS and the microgrid when forecasting errors occur and the financial impact of the error.



For all scenarios, the energy balance of the microgrid is calculated to confirm that the RBEMS is correctly managing the purchase (   E Grid   ), sale (   E Sold   ), generation (   E Gen   ), and consumption (   E C   ) of energy. Based on [27], Equation (15) must be satisfied for an energy-balanced system.


    E Grid  +  E Gen  −  E Sold  −  E C  = 0   



(15)









4. Case Study


4.1. Nanogrid


The nanogrid used in this study is shown in Figure 9. It is composed by a PV generation (10 kWP), WT (24 kW), BESS (215 kWh/100 kW) and an EV fast charger (60 kW DC/44 kVA CA).




4.2. ANN


The ANN was trained with data from NASA Power [28] and data from a 10 kWp PV microgeneration system located in southern Brazil. The data used was collected between 22 February 2023 to 23 March 2024.



The data obtained from NASA includes irradiance, wind speed, and air temperature, while the data collected from the real generation includes the average power generated per hour.




4.3. Wind Turbine


For this work, the following values are defined:    C p    as 0.4; A as 14.8; and   ρ   as 1.225. The relationship between power and wind speed for this model is shown in Figure 10. The cut-in speed is 2.3 m/s, the cut-out speed is 20 m/s, and the nominal speed is 9 m/s.




4.4. EV Energy Consumption


For the battery capacity of the vehicles, data from the National Department of Transit (DENATRAN) were used, which includes the make, model, and quantity of each electric vehicle in the region under study.



For this study, data from the National Department of Transportation Infrastructure (DNIT) [29] on the hourly vehicle flow on BR-101 during the year 2019 were used. In Figure 11, the average vehicle flow on the highway per hour for the month of September 2024 is shown.



The distribution of battery capacities by number of EVs in the state of Rio Grande do Sul (Brazil) in the year 2023 used in this work is shown in Figure 12.




4.5. Energy Price


In this work, only the locally generated energy, the energy purchased from the grid, and the energy tariff under the White Tariff model (Table 3) are considered.



With the exception of those in the Low-Income Residential category and public lighting, Group B consumers in Brazil have the choice to use the White Tariff. Peak, Intermediate, and Off-Peak are the three time intervals into which power costs are separated. Three consecutive hours are covered by the Peak period, which has the highest tariff; one to one and a half hours before and follow the Peak period, which has the intermediate tariff; and all other hours are covered by the Off-Peak period, which has the lowest tariff. Only business days are subject to these varied pricing; weekends and national holidays are subject to the Off-Peak tariff, providing customers with an alternative when they can shift their consumption to less expensive times [30,31,32].





 





Table 3. Energy price in the white tariff modality (Adapted from [33]).






Table 3. Energy price in the white tariff modality (Adapted from [33]).





	Hour
	Energy Price (U$/kWh)





	22:00–15:59
	0.10



	16:00–17:59 and 21:00–21:59
	0.17



	18:00–20:59
	0.26










5. Case Study Results


In this section, the results of the simulation of the nanogrid operation from 20 September 2024 to 20 September 2024 with the developed RBEMS algorithm are presented.



The energy consumed in the nanogrid is shown in Figure 13. This consumption profile was taken from a real fast charging station for EVs located in Rio Grande do Sul, Brazil. It can be observed that the energy consumption reaches close to 40 kWh, with its peak near 42 kWh. Charging events occur every day at different times, confirming the stochastic nature of EV charging.



The forecast for the charging of EVs based on the worst-case scenario for each hour of the day is presented in Figure 14. There is a peak of 80 kWh, which corresponds to the two chargers being used simultaneously, one at 20 kW (AC) and the other at 60 kW (DC). It is noticeable that during the early hours of the morning, there is a reduction in the energy consumption forecast, as fewer vehicles are traveling on the highway at that time, and the peak occurs from around 10 A.M. to 2 P.M.



The actual energy consumption value is 1662.34 kWh, and the worst-case scenario generated by the algorithm is 7883.8 kWh. The worst-case scenario for the 5 days is 4.74 times greater than the actual consumption that occurred in the nanogrid.



This can be attributed to a number of elements that are part of the intricacy of EV energy demand modeling. First, there is a clustering effect at particular EV charging stations due to the restricted number of stations, which limits the distribution of vehicles across multiple sites. Predicting charging patterns, which are impacted by variables including driver behavior, trip itineraries, and charging preferences, is made more stochastic by this unequal distribution.



Furthermore, it is difficult to precisely forecast the significant degree of variability and randomness in EV charging requirements. Despite these challenges, the prediction showed a clear trend that highlighted variations in energy usage between the day and night. However, the difficulty of capturing such unpredictable behaviors is highlighted by the algorithm’s inability to accurately match the real energy use. Even though the overestimation in the worst-case scenario does not match the actual observed demand, it shows a cautious approach and guarantees that adequate capacity is taken into account in planning.



5.1. Solar and Wind Power Generation


The locally generated PV energy and the PV energy forecasted by the prediction algorithm are illustrated in Figure 15. The forecast behavior remained similar to the actual generation on the 15th, 16th, 17th, and 18th, with disturbances occurring on the 19th and 20th. For this 5-day period, the RMSE value was 1249.46 W, and the MAE was 901 W, indicating a reasonable accuracy. The RMSE represents 15.6%, and the MAE represents 11.3% of the maximum forecast value (8 kW).



The MAE indicates that, on average, the model made an error of 901 W in the forecasts. Being less sensitive to extreme values, it suggests a reasonable consistency in the predictions. On the other hand, the RMSE penalizes larger errors more strongly, indicating the presence of more significant discrepancies, as observed on the 19th and 20th, when disturbances occurred. This suggests that the errors accumulated from the earlier days of prediction may have contributed to the deviations observed on these days. Forecasting directly for the 19th and 20th, without the influence of previous predictions, might yield more optimal results. The difference between the RMSE and MAE shows that these deviations influenced the model’s performance, but the results still indicate an acceptable level of accuracy, especially on days with less variation.



The wind generation estimation is shown in Figure 16, where it is possible to observe significant generation peaks at night, which can be beneficial as it complements the PV generation that only occurs during the day.




5.2. BESS


In Figure 17, the behavior of the BESS SoC during the operation of the nanogrid is shown. It remains between 30% and 80%, as stipulated by the RBEMS rules. This way, in the event of a network failure or local generation failure, the BESS is able to supply 60 kWh of energy for emergency charging.




5.3. Stochastic Analysis


The distribution of forecast errors is shown in Figure 18. The x-axis represents the forecast error values, while the y-axis shows the number of occurrences of these errors within each interval. Most of the errors are close to 0, indicating that the predictions were generally quite accurate. However, there are cases where larger errors occur (ranging from 3000 W to nearly 7000 W), indicating imprecision in the forecasts at certain times.



In Figure 19, the PV energy generation over time is presented, comparing simulated scenarios with real data. The purple line shows the distribution of results from multiple scenarios generated by MCS, representing the expected variability in PV energy generation. The red line indicates the average of the values simulated by the Monte Carlo scenarios. Finally, the blue line represents the real PV generation data for that period. The real generation closely follows the average of the Monte Carlo simulated scenarios, indicating that the simulations are close to the expected real behavior of the system.



After generating 10,000 scenarios of predicted PV generation, they are added to the RBEMS to perform the control and calculate the operational costs of the nanogrid. The distribution of the error costs (in dollars) is shown in Figure 20.



The histogram has an approximately normal shape, with the most frequent value around US$ −2, indicating that most of the costs are concentrated near this value. The error cost values range from about US$ −10 to US$ 6, with the highest frequency concentrated between US$ −4 and US$ 2.



The operational cost of the nanogrid was US$ 197.15 and the mean of the 10,000 MCS scnearios is US$ 195.42. This suggests that the PV generation forecast model tends to slightly underestimate the actual power generation. The small difference of US$ 1.73 indicates that, on average, the model’s predictions are quite accurate in capturing the behavior of the PV system, though they consistently slightly underestimate the true power generation.





6. Conclusions


This work presented the development of an RBEMS for a microgrid that uses renewable energy generation forecasting models and electric vehicle charging forecasting to enhance decision-making. Real data from PV generation and energy consumption from a charging station were used to perform simulations and validate the model.



The proposed methodological approach combines stochastic simulation with the assessment of the impact of forecast errors in an energy management system. Through Monte Carlo simulation, the methodology enables the generation of realistic error scenarios, providing a robust analysis of uncertainties in the forecasts. This process offers valuable insights into the inefficiency of forecasting models in error scenarios and helps optimize EMS operations, minimizing the costs associated with these uncertainties.



With the stochastic analysis, it can be concluded that the developed PV generation forecasting model is slightly conservative, underestimating the local energy generation and leading the RBEMS to make more moderate decisions, resulting in cost savings for the microgrid’s operation.



The RBEMS is capable of making decisions every 15 min based on the current data from the nanogrid and the data predicted by the models. The developed algorithm was able to balance energy generation, consumption, and grid purchase for all the analyzed scenarios. Thus, it becomes a robust model for energy management in nanogrids for EV charging stations.



To enhance the effectiveness of the RBEMS, it is recommended that future studies employ a wind generation forecasting model rather than an estimating model. The estimation model was applied because of the lack of real data of the WT, so it was not possible to train a proper ML or DL model. The use of a trained model could improve the results obtained in this paper. Also, the cost of forecasting errors from this novel model in the nanogrid operation should also be examined stochastically.



Achieving improved real time operational outcomes can be greatly advanced by incorporating optimization techniques within the RBEMS. It would be feasible to adjust control decisions in real time while taking into account the inherent uncertainties of renewable generation, electric vehicle loads, and storage system constraints by using strategies like multi-objective optimization, genetic algorithms, or linear programming-based approaches.
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Figure 1. General diagram of the EMS (Adapted from [13]). 
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Figure 2. Centralized control structure [13]. 






Figure 2. Centralized control structure [13].



[image: Energies 18 00026 g002]







[image: Energies 18 00026 g003] 





Figure 3. The nanogrid/microgrid control hierarchies [14]. 
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Figure 4. Methodology applied to this work. 
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Figure 5. Multilayer perceptron network used in this work. 






Figure 5. Multilayer perceptron network used in this work.



[image: Energies 18 00026 g005]







[image: Energies 18 00026 g006] 





Figure 6. EV charge forecast using MCS. 
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Figure 7. Proposed RBEMS. 
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Figure 8. Stochastic Analysis flow. 
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Figure 9. Nanogrid used in this work. 
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Figure 10. Wind Power extracted from the WT using Equation (4). 
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Figure 11. Highway vehicle flow. 
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Figure 12. EVs batteries distribution. 
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Figure 13. Energy consumption of the nanogrid. 
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Figure 14. EV charge worst scenario forecast. 
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Figure 15. Real and forecasted PV generation. 
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Figure 16. Wind power generation estimation. 
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Figure 17. BESS SoC. 
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Figure 18. Forecast Error Distribution. 
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Figure 19. MCS scenarios, mean and real data. 
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Figure 20. Cost of Error Distribution. 
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Table 1. RMSE and MAE calculated for different models during the training stage.
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	Model
	RMSE
	MAE





	MLP
	471.03
	302.53



	LSTM
	663.50
	422.14



	Random Forest
	482.34
	306.08



	XGBoost
	497.84
	329.29










 





Table 2. Calculated LCOEs.
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	Item
	LCOE (U$/kWh)





	PV
	0.034



	WT
	0.066



	BESS
	0.272
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