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A B S T R A C T

E-mobility plays a crucial role in achieving transport decarbonization and enabling a sustainable energy future. 

However, the increasing penetration of electric vehicles (EVs) introduces challenges, including rising charging de­

mand, potential contributions to peak loads, and the need for improved energy management. This paper proposes 

a hybrid smart charging control strategy that integrates both grid-level and building-level objectives, imple­

mented within a real Energy Management System (EMS) using empirical data. The approach is deployed at the 

Dansmästaren parking garage, a multifunctional building in Uppsala, Sweden, combining a Long Short-Term 

Memory (LSTM) grid prediction model with day-ahead electricity spot prices to optimize charging operations. 

The proposed strategy is validated through both simulations and full-scale implementation, demonstrating its ca­

pability to reduce peak demand and improve grid stability. Simulation results for January 5, 2026, show a peak 

reduction of 21.3% and a 43.1% reduction in charging load during peak demand periods. Experimental results 

following deployment on February 8, 2026, confirm these findings, with a peak reduction of 23.8% and a 43% 

reduction during critical hours. Additionally, an economic evaluation indicates a 9.9% reduction in energy costs. 

The results highlight the effectiveness of the proposed approach in enhancing grid performance while optimizing 

operational costs in real-world scenarios. 

1 . Introduction

EVs play a crucial role in vehicle decarbonization and represent a key 

step toward a cleaner, more sustainable energy future. The 17 United 

Nations (UN) Sustainable Development Goals (SDGs) underscore the 

urgent need for global action through collaborative efforts among all 

nations. In particular, the adoption of e-mobility significantly influences 

the SDGs 7, 9, 11, and 12 [1].

An increasing number of nations have declared ambitious long-term 

targets to achieve net-zero greenhouse gas emissions in the coming 

decades at Conference of the Parties (COP 26), convened by United 

Nations Framework Convention on Climate Change (UNFCCC) [2]. The 

International Energy Agency (IEA) convened a Net Zero Summit to 

assess the expanding list of commitments from countries and corpo­

rations toward the Paris Agreement’s objectives and to highlight the 

essential measures required to transform these net-zero ambitions into 

actionable outcomes, including the acceleration of e-mobility adoption, 

encouraged by the Electric Vehicles Initiative (EVI) multigovernmental 

policy coordinated by IEA [3].

The widespread adoption of EVs offers environmental benefits and 

supports the goal of achieving net zero emissions by 2050. However, it 

also introduces challenges that must be addressed, such as the increased 

demand for EV charging infrastructure, the potential contribution to en­

ergy peaks during periods of high demand, and the need for enhanced 

energy availability [4,5]. In light of these challenges, current research 

should strategically focus on improving the use of existing resources, 

reducing costs and enhancing ancillary services [6,7].

According to Svenska Kraftnät, the organization responsible for 

Sweden’s transmission system, grid capacity limitations pose signifi­

cant challenges to many cities across the country [8]. To address this 

issue, the implementation of smart charging strategies in residential, 

public, and semi-public charging infrastructures is essential to prevent 

grid congestion, maintain power quality and ensure stability [9].
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Multi-functional buildings enhance resource utilization by increas­

ing flexibility, enabling the redistribution of energy consumption over 

time, particularly during peak hours [10]. Current research on multi-

functional buildings focuses on better understanding smart charging and 

flexibility services that can be applied to reduce energy consumption, 

thereby contributing to both economic and environmental sustainability 

[11].

This paper presents findings from Dansmästaren, a multi-functional 

building that serves as an experimental test bed for research on smart 

infrastructure for electric vehicle charging. The analyses focus on the 

Dansmästaren parking garage, which targets two distinct EV owner 

groups: public charger users and those with residential charging access. 

Data are collected through the building’s EMS to gain insights into user 

behaviors and different charging sessions [6].

One example of research carried out at Dansmästaren is the study 

that simulates an energy flow model to demonstrate the potential of a re­

alistically dimensioned smart energy system, showing that smart control 

combined with a relatively small Battery Energy Storage System (BESS) 

can strategically lower the parking’s load demand [12]. The work high­

lights its benefits and the potential of applying smart control strategies 

at the parking facility, as well as the local benefits for the distribution 

grid in Uppsala.

Another study carried out in Dansmästaren focuses on a control 

algorithm for efficient management of the BESS [13]. It employs a 

negative correlation between the facility’s load demand and the lo­

cal grid by increasing the battery capacity and charging/discharging 

power in different scenarios. The results show that peak load and energy 

consumption during periods of high grid demand can be significantly 

reduced, leading to lower distribution fees at Dansmästaren. This was 

achieved by lowering load peaks and shifting consumption away from 

peak-demand hours.

However, the study referenced above is based on the assumption 

that a prediction model is available. This paper addresses the previously 

unaddressed aspect by developing a prediction model tailored to multi-

functional buildings, making it possible to apply smart charging to the 

load demand in Dansmästaren’s parking garage.

Both studies conducted at Dansmästaren focus on optimizing the ca­

pacity of multi-functional buildings by utilizing existing resources to 

meet the increasing energy demands, thereby shaping the future of e-

mobility. Building upon previous work, this study aims to develop a 

predictive model to enhance the accuracy of time series consumption 

forecasts. The ultimate objective is to apply these predictions to fu­

ture smart charging control strategies, contributing to bringing benefits 

[12,13].

For load prediction in this context, the LSTM is a widely adopted 

approach. The LSTM is a type of neural network that is particularly 

well-suited for time series data due to its ability to learn and remember 

patterns over time [14].

One example is the study carried out in Norway that applies a 

Multivariate LSTM to forecast the Nordic power system over a 36-

hour horizon using wind production from Sweden and Denmark [15]. 

Another example is the study that uses LSTM networks to forecast EV 

charging demand for the next few hours using a dataset of more than 

76,000 private EVs in Beijing [16].

Furthermore, these studies highlight the critical importance of load 

forecasting for applications in EMSs. To effectively integrate forecasts 

into EMSs, it is necessary to design EV smart charging strategies that can 

utilize these predictions to achieve local benefits and improve overall 

system performance [17,18].

An example of a study that combines EV charging and load fore­

casting was conducted at the California Institute of Technology, where 

forecasting was used to provide strong support for load management 

in smart grids [19]. Another study applies forecasting to regulate the 

charging behavior of EVs [20]. However, both studies are based on sim­

ulations. This paper aims to address this gap by implementing a smart 

charging strategy in a real-world setting.

1.1 . Aim and scope of this study

This paper applies load forecasting using an LSTM network to pre­

dict day-ahead electricity consumption for Uppsala’s grid. This forecast, 

combined with the daily spot price, is then used to optimize EV charg­

ing by applying a smart charging strategy for the parking garage at 

Dansmästaren, a multifunctional building located in Uppsala, Sweden. 

The smart charging strategy aims to reduce electricity demand during 

peak and high-cost periods while enhancing overall energy efficiency. 

It was implemented in the real system, resulting in a real-world case 

study. Furthermore, real-world data are used to train the model, while 

historical data analysis provides insights into EV charging patterns and 

the behavior of both residential and public users at Dansmästaren.

1.2 . Contribution

This paper contributes by:

• A smart charging strategy that integrates day-ahead LSTM-based 

grid demand forecasts and spot price signals into a combined 

control variable, enabling coordinated peak reduction while ac­

counting for both grid signals and market factors.

• The proposed approach is implemented in an operational EMS, 

demonstrating an end-to-end framework from forecast modelling 

to charging control in a deployed system.

• The method is evaluated using empirical datasets of grid demand, 

EV charging, and electricity prices, and includes an analysis of pub­

lic and residential charging behavior, highlighting their respective 

flexibility and impact on control performance.

The novelty of this study lies in the hybrid control strategy, inte­

grating both grid-level and building-level objectives, with its implemen­

tation in a real EMS and using empirical data. The main contribution 

is therefore the integration of this control formulation into a deploy­

able and full-scale system, rather than introducing a completely new 

standalone methodology. The study demonstrates how smart charg­

ing strategies can simultaneously reduce local peak loads and support 

broader grid stability, bringing together two perspectives that are of­

ten treated separately in the literature. Furthermore, the smart charging 

strategy is not only simulated but also implemented in a full-scale energy 

system, showing measurable impact.

The paper is organized as follows: Section 2 presents the back­

ground, and it is divided into two parts: (i) Smart Charging and (ii) 

Dansmästaren. Section 3 presents the method, and it is divided into (i) 

Grid Load Prediction, presenting the grid data analysis and the LSTM 

model, (ii) Spot Price Control, presenting the EV charging data analysis, 

(iii) Smart Control Strategy. Section 4 presents the results and discus­

sion and is divided into four parts: (i) Prediction Model, (ii) Simulation 

of Smart Charging, (iii) Deployment at Dansmästaren, (iv) Economic 

Evaluation. Finally, concluding remarks are presented in Section 5.

2 . Background

2.1 . Smart charging

EVs play a vital role in the transition toward vehicle decarbonization 

and the adoption of environmentally sustainable solutions. However, 

their widespread adoption also results in an increase in power demand. 

To mitigate this impact, charging can be strategically managed by shift­

ing it to off-peak hours or reducing the load during periods of high 

demand and elevated electricity prices [9].

Currently, e-mobility research focuses mainly on smart charging so­

lutions for EVs and ancillary services that help mitigate peak demand, 

reduce charging costs, optimize the use of existing infrastructure, and 

help balance the supply and the demand [21]. These advancements 

provide benefits for the power grid, EV users, and the environment.

This paper focuses on Vehicle-One-Grid (V1G) strategies, also re­

ferred to as unidirectional charging, which means that the vehicle 

operates as a load, receiving power from the grid. Without any form 
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of control, EVs typically begin charging immediately. V1G allows dy­

namic control of EV charging rates based on specific factors such as 

daily electricity tariffs, grid demand, local load demand, and other 

relevant conditions. Ultimately, EVs determine the charging current ac­

cording to their internal needs and the available supply from the charger 

[22]. V1G control enhances the integration of renewable energy sources, 

helps balance grid demand, and reduces the need for costly infrastruc­

ture upgrades. Additionally, it improves grid stability and contributes 

to the overall sustainability of the electricity system. This technology 

can already be deployed in Dansmästaren and tested in a real-world 

environment using both public and residential chargers.

In the literature, the implementation of smart charging strategies 

in public charging infrastructure remains challenging due to the need 

for precise knowledge of key parameters, such as departure time and 

available charging duration [23,24]. Analyzing the behavior of different 

types of EV users can provide valuable insights into charging patterns 

and help assess the impact on the grid at various times of the day [25].

2.2 . Dansmästaren

Dansmästaren is a multifunctional building. The building includes 

a residential section with 133 student apartments, a commercial area 

with a grocery store, and a parking garage equipped with 60 charg­

ing points. The facility can be seen in Fig. 1. Fig. 2 presents the energy 

and data flows at Dansmästaren. The energy infrastructure is composed 

of the EMS, the BESS, Photovoltaic System (PVS), and EV charging

stations.

This paper focuses on the parking garage, equipped with 30 Charge 

Amps Aura stations, providing a total of 60 charging points, each 

rated at 22 kW and 400 V. The EMS functions as the central control 

system of the building. It is designed according to the principles of 

the Representational State Transfer (REST) Application Programming 

Interface (API) [6]. Furthermore, this paper presents methods and 

models for analyzing and forecasting the load profile, enabling the 

implementation of reliable smart charging strategies through the EMS 

[9]. These approaches facilitate more effective energy management by 

reshaping load demand based on historical data and energy prices, coor­

dinating smart charging to enhance both grid stability and the building’s 

energy demand profile.

Smart charging strategies can be designed from multiple perspec­

tives, taking into account the diverse interests of stakeholders. For 

example, the user perspective is represented by EV owners, who 

aim to minimize charging costs. The building owner’s perspective fo­

cuses on reducing energy consumption during peak hours. Finally, 

the grid operator’s perspective emphasizes energy efficiency, sus­

tainability, and the shifting of EV charging away from grid peak

periods.

Fig. 1. Dansmästaren: Building located in Uppsala, Sweden.

3 . Method

In this section, the methodology is presented, including the collec­

tion and analysis of both grid data and EV charging data. These datasets 

are used to enhance the understanding of the day-ahead LSTM predic­

tion output and the daily spot price, respectively. The LSTM output and 

the spot price curve are then combined, resulting in a reduction curve 

that is subsequently used for smart charging control. The smart charging 

strategy is first simulated and thereafter implemented in a real-life case 

study. Fig. 3 shows the flowchart of the proposed method. The flowchart 

is better explained in the following sections.

3.1 . Grid load prediction

Before applying any predictive model, it is crucial to analyze the 

data to understand patterns, identify outliers, anomalous events, and re­

lationships between different data types, such as correlations. The grid 

data are collected, and an analysis is conducted. This analysis, called 

Exploratory Data Analysis (EDA), enables more reliable predictions and 

helps identify which data should be incorporated into the LSTM for im­

proved performance. The LSTM model integrates the described data, and 

its implementation is presented in detail.

3.1.1 . Grid data analysis

The EDA was performed on the Uppsala’s total grid consumption 

data, which was used to train the neural network. The data has an 

hourly resolution from January 1, 2018, to January 1, 2025, total­

ing seven years of data—an extensive amount for effectively training 

the LSTM model and achieving robust results. The data were extracted 

from Svenska kraftnät, the electricity transmission network operator in 

Sweden, and it is the consumption from the SE3 area, where Uppsala is 

located, as can be seen in Fig. 4.

Fig. 4 reveals a distinct seasonal pattern in energy consumption, 

characterized by increased demand during winter and reduced demand 

in summer. This behavior is consistent with the climatic conditions of 

Sweden, which exhibit pronounced seasonal variations and very low 

temperatures during the winter months.

The grid consumption autocorrelation in Figs. 5 and 6 shows how the 

different forecast horizons impact the analysis. In this case, autocorrela­

tion is a mathematical tool for finding repeating patterns by comparing 

the same variable with itself at different times. It is a dimensionless 

quantity that ranges from −1 to 1.

The graph shown in Fig. 5 makes a correlation between the first hour 

and subsequent hours throughout the day. The autocorrelation reaches 

approximately 0.95 after 24 hours, indicating a strong positive correla­

tion, whereas it drops to around 0.2 after 12 hours, indicating a weak 

correlation. For example, comparing the values at lag 0 and lag 12 is 

analogous to comparing energy demand at 00:00 and 12:00 on the same 

day.

Furthermore, Fig. 5 demonstrates that the same hour on the following 

day is strongly correlated with the previous day, indicating a repeti­

tive behavior in the data. This consistency demonstrates that the dataset 

is well-suited for training an LSTM, as these networks are particularly 

effective at capturing temporal dependencies.

To better understand the day-ahead forecast horizon, a daily analysis 

of autocorrelation was also conducted by resampling the data to capture 

daily patterns and provide additional insights. The autocorrelation of 

daily demand is presented in Fig. 6, which shows that the correlation 

remains high over time with a repeated pattern, suggesting that future 

demand can be reliably predicted based on past data.

A comparison of Figs. 5 and 6 reveals that different scenarios affect 

the data in different ways, resulting in variations in the forecast hori­

zon. The confidence intervals are represented as a cone, which visually 

illustrates the range of likely correlation values over time.

The monthly seasonality plot with data points for each month can be 

seen in Fig. 7. The red horizontal lines represent the mean values for that 
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Fig. 2. Energy flow and data communication [6].

Fig. 3. Flowchart of the proposed method. The description of each element is provided in the section labeled ‘S’ followed by the corresponding number.

month’s data and indicate the mean consumption values of the data for 

each month. The black lines display the variability or uncertainty. The 

consumption is high at the beginning of the year (January–February). A 

steady decline occurs from March to July, reaching the lowest values in 

July. After July, consumption begins to rise again, peaking in December. 

The values drop mid-year during summer and then increase toward the 

end of the year during winter. This plot is useful for identifying seasonal 

patterns and trends in the data.
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Fig. 4. Grid consumption data in Uppsala - Svenska kraftnät.

Fig. 5. Hourly autocorrelation of the Uppsala’s energy consumption Data. The 

blue cone represents a confidence interval of 95%, indicating that autocor­

relation outside this area is statistically significant. (For interpretation of the 

references to colour in this Figure legend, the reader is referred to the web 

version of this article.)

An interesting observation based on data collected by Svenska kraft­

nät is that the majority of the high load hours, considering the Uppsala 

area between the years 2018-2021, take place in the afternoon between 

16:00 and 18:00. Furthermore, the highest load hours occur mainly from 

December to February, principally during weekdays [12].

3.1.2 . LSTM model

A standard, unidirectional LSTM model, as described in [26], was 

used to forecast grid demand for application in EV charging control. 

Fig. 3 presents a flowchart that illustrates the proposed method and the 

step by step procedure to implement the LSTM model. Since different 

approaches and forecast horizons can lead to different results, following 

the steps in the flowchart is crucial for improving performance.

The grid consumption data used for the LSTM model was prepro­

cessed by removing missing values and outliers, and by normalizing the 

data prior to model application. For the analysis, the following tools 

were employed: autocorrelation, feature correlation using resampling, 

and the seasonal decomposition function from the statsmodels library in 

Python. As the next step, the LSTM was built, and subsequently the k-

Fold Cross-Validation and Parameter Tuning were performed to identify 

Fig. 6. Daily autocorrelation of the Uppsala’s energy consumption data. The blue 

cone represents a confidence interval of 95%, indicating that autocorrelation 

outside this area is statistically significant. (For interpretation of the references 

to colour in this Figure legend, the reader is referred to the web version of this 

article.)

Fig. 7. Monthly seasonality.
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the suitable configuration, which was then integrated into the model. 

This approach allows for a robust evaluation of the model’s performance 

across different data subsets and reduces the risk of overfitting. The final 

set of parameters was selected as it provided the best trade-off between 

prediction accuracy and generalization capability. As the last step, the 

LSTM model was executed, and the results were compared and analyzed.

In this study, the target prediction horizons are set to hour-ahead 

and day-ahead forecasts. These horizons were strategically selected to 

align with and support the goal of controlling EV charging sessions at 

Dansmästaren.

The LSTM forecasting model was developed using Keras, a high-level, 

open-source API library built on Python. The hyperparameters to train 

the neural network as seen in Table 1, were chosen based on the param­

eter tuning performed to guarantee reliable results. This study primarily 

aimed to enhance the accuracy of the day-ahead forecast, as its output 

is most effectively applied to the smart charging strategy, aligning with 

the study’s main objective.

In order to build the model, 80% of the data provided by Svenska 

Kraftnät, quoted in Section 3.1.1, is chosen to perform the training, and 

the other 20% of the data is used for testing. The chosen validation split 

is 0.1, meaning that 10% of the data is held out for validation.

Table 2 shows the training and testing data utilized in the LSTM 

model. The column named Values indicates that the 𝑋 must be three-

dimensional for both testing and training data. The inputs to the LSTM 

neural network, denoted as 𝑋, have dimensions corresponding to the 

training samples, time steps, and features, respectively. The output of the 

LSTM network, denoted as 𝑦, depends on the chosen forecast horizon.

The column named 𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 in Table 2 illustrates the training and 

testing process represented by a time-series data. The time-series data is 

defined as [[𝑥0], [𝑥1],… , [𝑥𝑛]] where 𝑥𝑡 is the consumption at hour 𝑡 and 

𝑛 is the number of available measurements. Using this data, the models 

Table 1 

Training hyperparameters.

Name Hyperparameters

Model Sequential

Activation Function Rectified Linear Unit (RELU)

Scaler MinMaxScaler

Loss Mean Squared Error

Optimizer Adam

Types of layers Dense and LSTM

Dense layer (hour-ahead) 1

Dense layer (day-ahead) 24

LSTM Units 128

Epochs 100

Batch Size 16

Validation Split 0.1

Dropout rate 0.1

Table 2 

Training and testing data for the LSTM model.

Prediction Values Description

Hour Ahead Training data:

X = (49094, 24, 1)

y = (49094,)

From 2018-02-01 00:00

until 2023-08-09 17:00.

Starts from 24th observation 

(1 day).

Testing data:

X = (12274,24,1)

y = (12274,)

From 2023-08-09 18:00

until 2024-12-31 23:00.

Day Ahead Training data:

X = (48960,168,1)

y = (48960,24)

From 2018-01-08 00:00

until 2023-08-09 23:00.

Starts from 168th observation 

(1 week).

Testing data:

X = (12241,168,1)

y = (12241,24)

From 2023-08-09 00:00

until 2025-01-01 23:00.

can be trained to predict either the consumption of one specific hour, as 

seen in Eq. (1) or a time series, as seen in Eq. (2).

[[𝑥𝑡−𝑚+1], [𝑥𝑡−𝑚+2],… , [𝑥𝑡−1], [𝑥𝑡]]
𝑓 (.)
→ [[𝑥𝑡+𝑝]] (1)

[[𝑥𝑡−𝑚+1], [𝑥𝑡−𝑚+2],… , [𝑥𝑡−1], [𝑥𝑡]]
𝑓 (.)
→ [[𝑥𝑡+1],… , [𝑥𝑡+𝑝]] (2)

In each equation, 𝑡 is defined as the time of prediction, 𝑚 is the num­

ber of data points used to make the prediction, and 𝑝 is the prediction 

horizon.

In the hour-ahead prediction, the model is trained to predict the con­

sumption of the next hour using the consumption data from the previous 

24 hours. This prediction uses Eq. (1) with 𝑚 = 24 and 𝑝 = 1 to predict 

consumption at 𝑡 + 1, i.e., the next hour.

In the day-ahead prediction, on the other hand, the model is trained 

to predict the consumption of the next 24 hours using one week, or 

168 input values of consumption data. This prediction uses Eq. (2) with 

𝑚 = 168 and 𝑝 = 24 to predict consumption at 𝑡 + 1, 𝑡 + 2,… , 𝑡 + 24, i.e., 

the consumption during the subsequent 24 hours.

Furthermore, 0 < 𝑚 < 𝑛, 𝑚 − 1 ≤ 𝑡 ≤ 𝑛 − 𝑝, 0 < 𝑝. In essence, the 

model will fit the function 𝑓 (.) to predict the next 𝑝 steps based on the 

historical information of the past 𝑚 steps [16].

To assess the performance of the LSTM model, it is essential to em­

ploy appropriate evaluation metrics. In this study, we use the Root Mean 

Square Error (RMSE) and Mean Absolute Error (MAE) to evaluate the 

model’s predictions across different forecasting horizons. It is impor­

tant to note that accuracy itself is not a suitable metric in this case, 

as the LSTM model is designed for time-series forecasting rather than 

classification tasks.

Eqs. (3) and (4) show the calculations of the RMSE and MAE. The 

RMSE is highly sensitive to large differences between observed and pre­

dicted data, making it an effective indicator of model performance. A 

significant discrepancy between the data results in a higher RMSE, and 

its sensitivity to outliers can further amplify this effect [16]. In contrast, 

the MAE provides a measure of the average error between observed and 

predicted grid data, offering a straightforward quantification of model 

accuracy.

𝑅𝑀𝑆𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

𝑙=1
(𝑦𝑖 − 𝑦𝑝)

2 (3)

𝑀𝐴𝐸 =
|

|

|

(𝑦𝑖 − 𝑦𝑝)
|

|

|

𝑛
(4)

The actual value is represented by 𝑦𝑖, the predicted value by 𝑦𝑝, and 

n is the number of observations.

3.2 . Spot price control

In this study, spot price and LSTM grid prediction model are com­

bined to create the smart charging strategy. Spot price is incorporated 

as a key input into the proposed smart charging strategy with the aim 

of achieving local grid benefits, including peak load mitigation and 

improved utilization of existing infrastructure.

Spot price data were obtained from real market information provided 

by the elprisetjustnu platform via an API. The data are recorded at 15-

minute resolution and retrieved daily at midnight, thereby representing 

day-ahead market price conditions [27].

The implementation of spot price control is associated with local 

peak loads. Furthermore, data collection and analysis were performed on 

EV charging activity at the Dansmästaren parking garage. This analysis 

aimed to enhance the understanding of the potential for providing flexi­

bility services, as well as to characterize peak hours, charging behavior, 

and usage patterns of EV users in a real-world setting.

3.2.1 . EV charging data analysis

Dansmästaren offers potential for implementing flexibility services 

and studying the behavior of both public EV users and residential EV 
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owners. This is due to the unique layout of the parking garage, where 

floors 1 and 2 are dedicated to public chargers, while floors 3, 4, 

and 5 are reserved for residential charging. The data is collected from 

November 2023 to February 2026 with a 30-second resolution and is 

organised according to charger number, charging point number, and 

date.

Fig. 8 shows the arithmetic mean power demand in the parking 

garage between December 18, 2023, and February 21, 2024. This period 

represents winter in Sweden, when power demand typically increases 

due to colder weather. The differently colored bands represent the 

contribution of EV charging on each floor to the total power load.

During the early morning hours (00:00–06:00), demand decreases, 

reflecting primarily residential charging during the night. Around 06:00, 

demand begins to rise, likely due to vehicles being charged as occupants 

arrive at the parking garage to start their workday. Demand then re­

mains elevated throughout the day and peaks between 16:00 and 22:00, 

due to increased charging activity after work, as cars are parked for the 

evening on the public and residential floors. This trend highlights us­

age patterns in a parking garage during winter, where demand for EV 

charging is likely higher, particularly during evening periods.

In the observed data, Floor 3 (yellow) and Floor 4 (purple) account 

for the largest share of the total load, particularly during peak hours, 

while Floor 1 (blue) consistently shows the lowest contribution through­

out the day. This indicates that the residential floors contribute more 

significantly to the demand peaks. The arithmetic mean contribution of 

public and residential EV users to the overall load between December 18, 

2023, and February 21, 2024, further supports this finding. Public EV 

users account for 23% of the total load, whereas residential EV owners 

contribute 77% of the total.

Public charging sessions are generally shorter and less predictable 

compared to residential charging, as EV users using public chargers typ­

ically park for short time periods. Residential EV users impact the load 

demand as the sessions are generally longer, lasting for extended periods 

in Dansmästaren.

Fig. 9 illustrates the load demand at the parking facility over two dis­

tinct days, January 8 and February 12, during the winter of 2023–2024. 

Winter days were selected due to their higher grid consumption and peak 

demand, making them more critical for analysis. Both days are chosen 

to be on a Monday to illustrate how demand behavior can vary within 

a short time frame. Notably, demand peaks typically occur later in the 

day. As an example, a comparison at 18:00 reveals a substantial differ­

ence in peak demand: 43.8 kW on January 8 and 89.6 kW on February 

Fig. 8. Arithmetic mean power demand in the parking garage during winter 

2023–2024.

12, indicating a 45.8 kW variation at the same hour, within the same 

season and same weekday, representing approximately a 104.6% vari­

ation. On January 8, two demand peaks are evident, whereas February 

12 exhibits only a single peak, occurring later in the evening.

Furthermore, brief peaks lasting only a few seconds can be observed 

during EV charging. These fluctuations are characteristic of battery 

management processes, such as internal temperature regulation, cell bal­

ancing when energy levels decrease, and energy consumption for vehicle 

acclimatization.

Fig. 10 illustrates the load demand in the parking facility on January 

5, 2026. This day was selected for analysis as it corresponds to a high-

demand day with seasonally low temperatures during the winter of 

2026. January is a month typically associated with increased demand 

at Dansmästaren. January 5, 2026, was a weekday, with high peaks ob­

served in the afternoon. Residential EV charging accounts for 65.3% of 

the total load on this day, whereas public EV charging contributes 34.7% 

of the total. The highest short peak occurs at 21:43, reaching a power 

demand of 88.66 kW.

3.3 . Smart control strategy

A control strategy is formulated to incorporate the predicted values 

and the daily spot price as inputs to the smart charging framework. Both 

input curves are normalized and combined to produce an EV charging 

reduction curve. This reduction curve is then applied to the EV charging 

sessions in Dansmästaren’s parking garage, as can be seen in Fig. 3.

To implement this control strategy, a linear relationship was defined 

that maps both the LSTM output and the spot price to the reduction fac­

tor. The combined effect of these two inputs determines the adjustment 

of the EV charging current. The spot price is recorded at 15-minute inter­

vals, whereas the grid demand data are based on hourly measurements. 

Consequently, the strategy is updated with a 15-minute resolution.

Eq. (5) illustrates the method used to determine the daily current 

reduction. The equation is applied to both the day’s spot price and the 

day-ahead grid demand forecast using a linear mapping approach [6].

Δ(ℎ) =

(

𝑋(ℎ) −𝑋min
) (

𝑟𝑒𝑑max − 𝑟𝑒𝑑min
)

𝑋max −𝑋min
+ 𝑟𝑒𝑑min (5)

Where Δ(ℎ) is the required reduction of the current to the EV chargers 

for a specific time, 𝑋(ℎ) represents either the current spot price or the 

current predicted grid demand, 𝑋min is the lowest value in the current 

day, 𝑋max is the highest value in the current day considering either the 

spot price or the grid prediction, 𝑟𝑒𝑑min is the lowest desired reduction 

in the EV charging current, and 𝑟𝑒𝑑max is the highest desired reduction 

in the EV charging current [6]. The maximum and minimum reduction 

limits, 𝑟𝑒𝑑min and 𝑟𝑒𝑑max, determine the impact of the control and may 

range from 0% to 100%, as long as 𝑟𝑒𝑑max exceeds 𝑟𝑒𝑑min. In this paper, 

𝑟𝑒𝑑max is set to 50%, while 𝑟𝑒𝑑min is set to 0%.

It is important to emphasize that Eq. (5) is applied separately to both 

the spot price curve and the grid demand prediction curve. The term 

Δ𝑔𝑟𝑖𝑑 (ℎ) represents the required reduction based on the current grid de­

mand from EVs, while Δ𝑠𝑝𝑜𝑡(ℎ) denotes the required reduction based 

on the prevailing spot price. The spot price is updated at 15-minute 

intervals, while the grid demand is updated on an hourly basis.

After applying Eq. (5) to both the daily spot price curve and the 

24-hour grid demand prediction, the resulting reduction profiles are 

averaged to obtain a combined reduction curve. This final curve is 

illustrated in red in Fig. 11.

As shown in Fig. 11, the spot price–based reduction tends to increase 

during the later hours of the day, approaching a value of 0.5, which 

corresponds to a 50% reduction. In contrast, the grid demand–based 

reduction follows the characteristic behavior described in  Section 3.1.1, 

with the most pronounced peak occurring in the late afternoon, between 

16:00 and 18:00.
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Fig. 9. Power demand at the parking garage due to EV charging.

Fig. 10. EV power demand in the parking lot on January 5, 2026.

The resulting curve is applied to the initial charging current at the 

time of EV connection, 𝐼𝑖𝑛𝑖𝑡, to obtain the 15-minute maximum allow­

able current, 𝐼max. The parameter 𝐼max represents the maximum current 

available for EV charging and is updated at 15-minute intervals. Eq. (6) 

illustrates how 𝐼max is calculated.

𝐼𝑚𝑎𝑥(ℎ) = 𝐼𝑖𝑛𝑖𝑡

(

1 −
Δ𝑔𝑟𝑖𝑑 (ℎ) + Δ𝑠𝑝𝑜𝑡(ℎ)

2

)

(6)

4 . Results and discussion

This section presents the results for the hour-ahead and day-ahead 

LSTM prediction models. Furthermore, an application on smart charg­

ing based on the day-ahead forecast and daily spot price is developed 

with the goal of verifying the available solutions for optimizing the 

charging control during peak hours. Additionally, this section presents 

a real-world implementation.

Fig. 11. Example of the resulting curve obtained from the normalization of grid 

demand forecasts and spot prices, corresponding to January 5, 2026.

4.1 . Prediction model

The results of the hour-ahead load forecast are presented in 

Fig. 12(a), with a detailed, zoomed-in view in Fig. 12(b). During model 

development, the predicted demand shown in red represents the output 

of the LSTM model. This prediction is compared against the actual grid 

demand, shown in blue, to assess the model’s performance.

In Fig. 12(a) and (b), it is evident that the proposed model accurately 

predicts the actual consumption pattern. The actual grid demand and the 

predicted demand closely align within the 95% confidence interval.

Fig. 14(a) compares the training loss, shown in blue, with the vali­

dation loss, shown in orange, for the hour-ahead prediction. The curves 

exhibit closely matching values, as the graph scale is set to the third 

decimal place. This suggests that the model achieves generalization to 

unseen data.

No signs of underfitting are observed, as both loss values remain con­

sistent while maintaining predictive accuracy. Additionally, the model 
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Fig. 12. Hour-ahead predicted data compared with the actual data. The confidence interval, shown in gray, represents the expected outcome of the model based on 

validation. (For interpretation of the references to colour in this Figure legend, the reader is referred to the web version of this article.)

Fig. 13. Day-ahead predicted data compared with the actual data. The confidence interval, shown in gray, represents the expected outcome of the model based on 

validation. (For interpretation of the references to colour in this Figure legend, the reader is referred to the web version of this article.)

does not show overfitting, as validation loss does not increase after a cer­

tain number of epochs, indicating that the model has reached its learning 

capacity. Using an early stopping criterion with a patience parameter of 

𝑝𝑎𝑡𝑖𝑒𝑛𝑐𝑒 = 20, the training process terminated when no improvement 

in validation loss was observed within this period. For the hour-ahead 

prediction, this resulted in training stopping at epoch 80.

Furthermore, dropout regularization was implemented to mitigate 

overfitting and enhance the model’s generalization capabilities.

The day-ahead load forecast results are shown in Fig. 13(a), with 

a detailed zoomed-in view in Fig. 13(b). The comparison between ac­

tual demand and predicted values demonstrates that the LSTM model 

provides accurate forecasts. The predictions closely follow the observed 

data and predominantly fall within the 95% confidence interval, shown 

in gray.

Fig. 14(b) compares the training loss, shown in blue, with the 

validation loss, shown in orange, for the day-ahead prediction.

The primary focus was to improve the prediction quality of the day-

ahead forecast, since it serves as the main objective of this study for 

application in a smart charging strategy. A further study was conducted 

to avoid overfitting and underfitting. The early stopping function was 

implemented with 𝑝𝑎𝑡𝑖𝑒𝑛𝑐𝑒 = 20. In this case, training stops at the 63rd 

epoch, meaning that the validation loss stops decreasing based on the 

patience period after 63 epochs.

Table 3 compares the RMSE and the MAE based on the results for the 

hour-ahead and day-ahead in MWh. Both prediction scenarios showed a 

great performance. The hour-ahead prediction shows smaller errors, as 

already expected, since the prediction accuracy decreases when the time 

horizon chosen for prediction increases. Furthermore, the day-ahead 

forecast also demonstrated strong performance, as evidenced by the low 

errors. Additionally, experimental observations indicated that the day-

ahead model requires a significantly larger volume of data to achieve 

accurate results.
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Fig. 14. Comparison between training loss and validation loss.

Table 3 

LSTM Error metrics for different sce­

narios.

Error Hour Ahead Day Ahead

RMSE 2.20 MWh 3.19 MWh

MAE 1.66 MWh 2.47 MWh

Fig. 15. Comparison of resulting reduction curves derived from predicted grid 

demand and empirical grid demand, both combined with spot price data, for 

January 5, 2026.

The forecasted grid demand for February 5, 2026, was compared 

with the corresponding curve derived from empirical data, as shown 

in Fig. 15. Since real grid data are only available with a delay of 

two days after February 5, the comparison evaluates the effectiveness 

of using predicted data in practical operation. The reduction curve 

obtained using the predicted grid demand combined with spot price 

data (in red) closely follows the 95% confidence interval when com­

pared with the reduction curve obtained using empirical grid demand 

data combined with spot price data (in blue). This provides evidence 

that the proposed method is sufficiently accurate for the intended

application.

4.2 . Simulation of smart charging

After training, the day-ahead forecasting model was applied to a new 

dataset. This forecasting approach was selected for the proposed strat­

egy and implemented in a simulation reflecting real-world operation at 

Dansmästaren’s parking garage.

The main objective of the smart charging strategy is to integrate both 

the building’s and the grid’s perspectives by implementing control ac­

tions based on daily grid demand prediction—modeled using an LSTM 

network—and daily spot prices recorded at 15-minute intervals. Spot 

price control has been shown to be beneficial from the building’s per­

spective and tends to reduce peaks in the late evening, consistent with 

the behavior of the parking garage observed in Section 3.2.1.

It is important to note that a strategy focusing solely on the grid 

prediction could unintentionally create additional peaks at the end of 

the day, which may be undesirable from the building owner’s perspec­

tive. The EV data analysis presented in Section 3.2.1 confirms that the 

building exhibits a tendency for later energy demand peaks, whereas 

from the grid perspective, demand peaks typically occur in the early af­

ternoon, between 16:00 and 18:00, as confirmed in Section 3.1.1. To 

mitigate this effect, the strategy was designed to combine both perspec­

tives: the grid perspective, which primarily reflects environmental and 

system-level considerations, and the local perspective of the building 

owner.

Based on the analysis of the simulated strategy using historical data 

from Dansmästaren’s parking garage, a reduction of 50% in the charg­

ing current during the hour with the highest predicted grid demand and 

spot price was selected. This value reflects a trade-off designed to miti­

gate subsequent peak periods. Fig. 16 illustrates the total power demand 

curve per floor after the strategy was applied on January 5, 2026, com­

pared to the resulting reduction curve in blue defined in Section 3.3. The 

highest peak at 21:43 was reduced to 69.3 kW, highlighting the benefits 

of the applied strategy during periods of high load. The strategy effec­

tively reduced peaks within the building while mitigating stress during 

high-cost grid hours.

The simulation of the strategy assumes that EV owners maintain 

the same connection and departure times as observed under real-

world conditions, based on available historical EV charging data from 

Dansmästaren’s parking garage. With this approach in mind, it was pos­

sible to determine the required time to implement the strategy after 

shifting the charging sessions.

Fig. 17(a) illustrates the implementation of the smart charging strat­

egy with a 50% load reduction across two distinct charging sessions 

representing residential parking areas. Similarly, Fig. 17(b) illustrates 
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Fig. 16. Power demand in the parking garage on January 5, 2026, after 

implementing the selected strategy.

the strategy’s application with a 50% load reduction, highlighting its 

impact on public charging stations.

The comparison between Fig. 17(a) and (b) clearly illustrates how the 

smart charging strategy operates in different types of EV users. CS 22 and 

CS 26 refer to Charging Sessions 22 and 26, both located on the fourth 

floor (residential). CS 1 and CS 5 correspond to Charging Sessions 1 and 

5 on the first floor (public), while CS 12 on the second floor (public) 

represents Charging Session 12. The “new” curve represents the power 

demand after the strategy is applied, while the “old” curve represents 

the power demand without the strategy.

It can be observed that residential users tend to park for longer peri­

ods, and the charging power is considerably higher compared to public 

users, who typically park for shorter durations, as exemplified by CS 

1 and CS 5. Public users often disconnect their EVs immediately after 

charging, which limits the available time windows for the strategy to 

operate effectively. In contrast, CS 12 demonstrates that when a public 

user parks for a longer period, the strategy is able to deliver the same 

amount of energy, as illustrated in Fig. 18.

Fig. 18. Comparison of energy delivery before and after the application of the 

proposed strategy for residential and public charging users.

In Fig. 18, public charging sessions correspond to CS 1–12, while CS 

13–40 represent charging sessions used by residential users. It can be 

observed that the total energy delivered, before and after applying the 

strategy, is minimally affected, indicating that the users’ routines are 

largely maintained—particularly for residential users.

Fig. 19 illustrates the charging duration for the different charging 

sessions. It can be observed that, for several charging sessions—such as 

CS 17, CS 22, CS 26, CS 27, and CS 31, corresponding to residential 

users—additional charging time was available. In some cases, the strat­

egy optimized the charging process, as observed for CS 24, CS 25, and 

CS 36 to CS 40, where the same amount of energy was delivered while 

the overall charging duration was reduced. This is feasible as the strat­

egy considers the EV’s potential charging demand curve according to 

the initial current requested. It can also be observed that public users 

generally have little to no additional charging time available compared 

to residential users.

Fig. 17. Comparison of charging scenarios on residential and public floors on January 5, 2026. Note that the residential floor vehicles in general charge for a longer 

time with the strategy in place, while this is not always the case for the public floors.
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Fig. 19. A comparative analysis of charging session durations before and af­

ter the implementation of the proposed strategy for both residential and public 

users.

Fig. 20. Comparison of demand before and after strategy implementation on 

February 5, 2026.

In summary, residential users provide more flexibility for curve shav­

ing while maintaining the necessary energy supply. In contrast, public 

users normally provide less flexibility; however, the strategy remains 

effective in distributing demand and supplying the maximum possible 

energy within the available window in these cases. One limitation is that, 

in practice, users may unplug their vehicles earlier than expected; for in­

stance, some public users may depart before the strategy has completed 

the intended charging profile. Nevertheless, the chosen smart charging 

strategy aims to minimize disruption to users’ routines and prevent com­

plaints. For this reason, a 50% load reduction was selected rather than 

higher reductions.

Fig. 20 clearly illustrates the comparison between demand curves 

before and after implementation of the strategy. The main goal was to 

plot the trend of both curves to compare the peak values during the day 

and clearly observe the reductions in demand.

In particular, peak demand during high-cost hours was reduced, re­

sulting in significant energy savings during critical periods for the grid 

Fig. 21. Real-world application of the control strategy, highlighting the initial 

charging current 𝐼init (indicated by the green circle) and the maximum allowable 

current 𝐼max (indicated by the red dotted line). The actual EV charging current 

is denoted by 𝐼och. (For interpretation of the references to colour in this Figure 

legend, the reader is referred to the web version of this article.)

and for the building owners. The peak observed at 21:43 represented the 

highest demand of the day, 88.7 kW, which was reduced to 69.8 kW, cor­

responding to a reduction of 21.3% relative to the original peak demand. 

This reduction is evident when comparing the original power demand 

curve (blue) with the curve after implementing the strategy (red).

The peak at 15:45, the power demand was reduced from 71 kW 

to 40.4 kW, corresponding to a reduction of 30.6 kW, or approxi­

mately 43.1%. Similarly, at 18:00, the power demand was reduced from 

61.9 kW to 54.5 kW, corresponding to a reduction of approximately 

12%. These two cases illustrate contributions during the hours that were 

critical for the grid demand.

Although an individual facility has a limited impact on the grid, 

large-scale adoption at the city level can lead to a significant overall ef­

fect. This underscores the importance of promoting the implementation 

of such strategies at mobility hubs.

4.3 . Deployment at dansmästaren

Following the simulation of the smart charging strategy, the model 

was tested in real-world conditions. It was integrated into the REST API 

of the building’s EMS and deployed at a dedicated research test bed at 

the Ångströmlaboratoriet parking facility. This test bed, equipped with 

equivalent infrastructure, was used to evaluate the real-world perfor­

mance of the implementation before deployment at Dansmästaren. After 

this evaluation phase, the strategy was applied to a selected charging 

section at Dansmästaren, with the aim of facilitating future large-scale 

testing.

Fig. 21 illustrates the experimental result. The initial current, 𝐼init, is 

16.05 A; therefore, the maximum allowable current by the charger, 𝐼max, 

is recalculated every 15min. 𝐼max is calculated based on 𝐼init shown in 

Fig. 21(a) (indicated by the green circle) and, the associated percentage 

reduction for the specified time shown in Fig. 21(b) (indicated by the 

red circles).

As this method does not depend on any site-specific parameters, it 

can be applied to similar facilities and public parking garages. The am­

bition of the Uppsala municipality involved in the project is to replicate 

the method in other multifunctional buildings around the city [28].

As previously mentioned, winter conditions in Sweden represent 

a worst-case scenario for EV charging demand. During this period, 
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Fig. 22. Comparison of demand before and after strategy implementation on 

one of the most critical days in February 2026.

Table 4 

Energy costs for Dansmästaren.

Parameter Cost

Peak demand 54.00 SEK/kW

Peak hours 0.61 SEK/kWh

Off-hours 0.24 SEK/kWh

electricity generation from solar panels in multifunctional buildings is 

minimal, while overall energy demand increases significantly.

During February 2026, a winter month in Sweden, the proposed 

strategy was implemented from 15:00 to 23:59 in the parking garage 

at Dansmästaren. Fig. 22 presents a comparison of peak power demand 

with and without the strategy on February 8, which represents one of 

the most critical days in terms of peak reduction. The maximum peak 

demand was reduced by 23.8%, decreasing from 66.8 kW to 50.9 kW. 

Furthermore, during peak grid demand hours at 17:45, a reduction of 

approximately 43% was achieved, with power decreasing from 66.1 kW 

to 37.7 kW.

In contrast, on February 15, the demand was relatively low. The peak 

reduction was observed from 47.5 kW to 37.1 kW, as shown in Fig. 23, 

corresponding to an approximate reduction of 21.9%. In this case, with­

out the strategy, the highest peak occurred at the same time as the period 

of highest grid demand. The strategy redistributed part of the demand 

to later periods of the day, when electricity prices were lower.

Another noteworthy observation is that, at 17:45, a period typically 

associated with high grid demand, the power decreased from 47.5 kW 

to 25.6 kW, corresponding to an approximate reduction of 46.1%.

4.4 . Economic evaluation

The monthly electrical cost of Dansmästaren is determined by the 

consumption during the peak hours, defined as the time between 06:00 

and 22:00, and the consumption during the off-hours, defined as the 

time between 22:00 and 06:00. An additional cost is determined by the 

peak demand during the month. The prices for these parameters as of 

February 2026 are shown in Table 4.

The prices shown in Table 4 and the demand curves shown in Fig. 22, 

were used to calculate the cost reduction provided by the proposed strat­

egy. The cost reduction for the shifted consumption was calculated using 

the total energy within and outside of the peak hours. While not explic­

itly shown in Fig. 22, some of the consumption shifted by the strategy 

Fig. 23. Comparison of power demand before and after strategy implementation 

on a low-demand day in February 2026.

is shifted to the night i.e., outside the graph. This consumption is ac­

counted for and attributed to the examined day. The strategy reduced 

the cost of the energy consumption by 9.9% while reducing the peak de­

mand by 23%. As the cost of the peak demand is based on the top hour 

of the month, the peak reduction during a single day may not necessar­

ily match the reduced cost during a month. However, as the strategy is 

implemented for each day, the cost reduction due to the reduction of the 

peak demand should be comparable.

5 . Conclusion

This study develops a hybrid control strategy, integrating both grid-

level and building-level objectives, with its implementation in a real 

EMS and using empirical data. The main contribution is therefore the 

integration of this control formulation into a deployable and full-scale 

system.

Accurate prediction of charging behavior is critical, as peak demand 

periods can shift throughout the day, especially when different types 

of users share the same charging facilities. Understanding these dynam­

ics is essential for optimizing grid management and mitigating the risk 

of overload. To evaluate the performance of the LSTM model, both 

hour-ahead and day-ahead predictions are analyzed. Additionally, a 

practical implementation study was conducted to evaluate the feasibility 

of applying the strategy in a full-scale system.

As mentioned, different approaches influence the accuracy depend­

ing on the prediction horizon. EDA analysis is important to better 

understand the dataset and enables the LSTM model to provide reli­

able predictions. During the development of the LSTM model and its 

evaluation across different datasets, it was observed that increasing 

the volume of training and testing data is essential for achieving reli­

able results. This is particularly important for day-ahead predictions, 

which require substantially larger datasets to ensure robust analysis and 

accurate forecasting.

Both the hour-ahead and day-ahead predictions demonstrate strong 

accuracy. The hyperparameters were optimized using cross-validation 

and systematic parameter tuning. The results indicate that the LSTM 

model effectively captures the inherent nonlinearity of time-series 

data, particularly when trained on electricity consumption and demand 

datasets. Furthermore, the reduction curve applied in the proposed 

smart charging strategy, derived from predicted grid demand combined 

with spot price data, closely aligns with the 95% confidence inter­

val when compared to the reduction curve obtained using empirical 
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grid demand and spot price data. This agreement provides strong evi­

dence that the proposed method is sufficiently accurate for the intended

application.

The aim of this study was to develop an algorithm that reshapes 

the charging demand of a parking facility to support the local grid and 

the building’s demand by reducing consumption during peak hours. 

The smart charging strategy, integrating both grid-level and building-

level objectives, successfully achieved its objective to reduce electricity 

consumption during peak-demand and high-price periods, thereby con­

tributing during periods critical to both grid operation and building 

demand.

During the highest building peak demand observed on January 

5, 2026, simulation results indicated that a reduction of 21.3% was 

achieved at 21:43 following the application of the selected control strat­

egy. Additionally, at the beginning of the peak grid demand period, the 

charging load was reduced by 43.1%. These findings are consistent with 

experimental results obtained after the deployment of the strategy at the 

Dansmästaren parking garage on February 8, where the maximum peak 

demand was reduced by 23.8%. Furthermore, during peak grid demand 

hours at 17:45, a reduction of approximately 43% was observed.

The strategy redistributes power consumption by limiting the max­

imum charging current. This energy shifting is aligned with periods of 

lower electricity costs and reduced grid congestion, thereby optimizing 

electricity consumption in accordance with the reduction curve patterns.

An economic evaluation was conducted based on data from February 

8, 2026. The proposed strategy resulted in a 9.9% reduction in energy 

consumption costs while simultaneously reducing peak demand by 23%. 

Assuming that the observed daily peak reduction is representative of the 

peak reduction over the entire month, a comparable level of cost savings 

can be expected.

The strategy effectively lowered peaks by avoiding peak-demand and 

high-price periods, providing benefits to stakeholders while enhanc­

ing overall energy efficiency. Additionally, an analysis of residential 

and public EV users was also conducted, demonstrating that residen­

tial users offer greater flexibility for load shifting and peak shaving 

while still maintaining the required energy delivery. In contrast, public 

users typically provide less flexibility due to shorter parking durations; 

nevertheless, the proposed strategy remains effective in distributing 

charging demand and delivering the maximum feasible energy within 

the available charging window in these cases.

It is important to note that the selected maximum reduction percent­

age (50%) was derived from a data analysis of the Dansmästaren parking 

garage. For other parking facilities, an independent analysis is necessary 

to determine an appropriate reduction level that prevents the forma­

tion of secondary demand peaks and avoids disruption to user routines. 

Furthermore, the open-source data provided via the API key constitutes 

a limitation of the model when applied to real-world facility operations. 

Despite this, the proposed method is broadly applicable and can be repli­

cated in other facilities, provided that local grid data and spot price 

data are available. The methodology itself is not site-specific and can 

be applied to any facility equipped with an EMS capable of controlling 

charging sessions.

The results presented in this paper provide a foundation for exper­

imental validation based on the conducted simulations. The proposed 

approach is implemented in an operational REST API of the building’s 

EMS, demonstrating an end-to-end framework from forecast modeling to 

charging control in a deployed system. The deployment was first carried 

out at a dedicated research testbed at the Ångström Laboratory parking 

facility, and subsequently applied at Dansmästaren. The experimental 

results were successful.

Future work will focus on the full-scale implementation of the pro­

posed approach at Dansmästaren over extended periods, as well as the 

investigation and comparison with alternative smart charging strategies. 

In addition, a comprehensive evaluation of potential economic bene­

fits will be conducted to quantify and further optimize overall system 

performance.
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