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Abstract 

This study presents a novel methodology for state-of-charge (SOC) prediction, integrating kinematic 
and environmental data with Vissim and SUMO traffic microsimulation platforms. The approach 
exploits the complementary advantages of both tools—Vissim’s behavioral realism and SUMO’s 
computational efficiency—to build a flexible framework applicable in diverse urban environments. 
The machine learning model, based on the XGBoost algorithm, achieved high predictive accuracy (R² 
= 0.86; RMSE = 7.213) using only four input variables: vehicle speed, acceleration, road gradient, and 
ambient temperature. This minimalist design removes the dependency on expensive sensors on 
board while preserving robustness in large-scale urban simulations. Practical applications include 
the identification of SOC-based energy hotspots for traffic control, strategic planning of charging 
infrastructure, and generation of predictive energy consumption maps for urban mobility planning. 
The modular structure of the model allows future extensions that incorporate factors such as battery 
aging, humidity, or driving behavior, and supports potential real-time onboard deployment. The 
results contribute to the advancement of energy-conscious traffic modeling, intelligent infrastructure 
development, and electric vehicle fleet optimization—key pillars of sustainable urban mobility 
systems. 

Keywords: electric vehicle; modeling; energy consumption; machine learning; SoC; Li-ion; 
microsimulation; Vissim; SUMO 
 

1. Introduction 

In the face of advancing climate change and increasing air pollution, the world is moving 
towards an energy transition where electromobility plays a key role [1,2]. The shift from traditional 
internal combustion engine vehicles to electric vehicles constitutes one of the foundations of the 
European Union's strategy [3,4] aimed at reducing greenhouse gas emissions, particularly in the road 
transportation sector, which accounts for a significant portion of total CO₂ emissions in Europe [5,6]. 
Investments in charging infrastructure, battery technology development, and the integration of 
electric vehicles with smart power grids are elements of a long-term plan to achieve climate neutrality 
by 2050 [7,8]. In this context, research on the efficiency and reliability of electric vehicle power systems 
is growing in importance, along with methods for precisely monitoring their operational parameters, 
including the State of Charge (SoC) of the battery, which directly impacts the range, safety and 
operational planning of electric transportation [9,10]. 

Electric vehicles (EVs) utilize various battery technologies, each characterized by a unique 
relationship between SoC and energy performance [11,12]. The most popular lithium-ion cells (Li-
Ion), including variants of NMC (Li-NiMnCoO₂), LFP (LiFePO₄), and LCO (LiCoO₂), exhibit different 
discharge curves, which affects the accuracy of the SoC estimation [13,14]. For example, NMC 
batteries feature a relatively linear voltage-to-SoC dependence in the 20–80% range, facilitating 
measurements, while LFP cells have a flat voltage curve, making precise SoC determination difficult 
without advanced algorithms [15]. Conversely, lithium-titanate (LTO) batteries offer a wide 
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operating temperature range (-30°C to 60°C) and high longevity (>20,000 cycles), but lower energy 
density (~70 Wh/kg) compared to NMC (~250 Wh/kg) [16]. 

Battery energy performance depends not only on cell chemistry but also on losses related to 
internal resistance, Joule effect, and thermal management. For example, NMC cells can lose even 15–
20% capacity under high charging currents (C-rate >2C) due to electrode polarization [17]. In the case 
of lithium-sulfur (Li-S) batteries, despite a high theoretical energy density (~500 Wh/kg), the 
challenge remains the polysulfide "shuttle effect," leading to rapid SoC degradation [18]. Meanwhile, 
developing solid-state battery (SSB) technologies promise improvements in safety and energy density 
but still require solutions to challenges related to the electrolyte-electrode interface [19]. 

State of Charge (SoC), typically expressed as a percentage (range 0–100%), is one of the most 
important operational parameters of electric vehicles (EVs), reflecting the current battery charge level 
relative to its maximum capacity [20]. Accurate SoC monitoring is crucial both for drivers (range 
estimation, route planning) and for battery management systems (BMS – Battery Management 
System), which optimize cell performance and longevity [21,22]. Real-time SoC measurement enables 
applications such as dynamic route optimization accounting for energy consumption, identification 
of optimal charging locations, or integration with smart grids (vehicle-to-grid, V2G) [23,24]. 
However, precise SoC prediction remains challenging due to the nonlinear properties of Li-ion 
batteries, such as voltage-load dependency, aging effects, or temperature influence on capacity 
[25,26]. 

In addition to SoC, other critical parameters are measured during driving, such as battery 
temperature (typically ranging from -20°C to 60°C), charge/discharge current intensity (C-rate, often 
from 0.1C to 3C), cell voltage (chemistry-dependent, e.g. 2.5–4.2 V for Li-ion), instantaneous power 
(kW) or energy consumption per km (kWh/km) [27,28]. These data are essential for assessing battery 
health (State of Health, SoH), vehicle energy efficiency, and simulating EV fleet behavior under 
various traffic scenarios [29]. In the context of traffic microsimulation, incorporating these parameters 
enables realistic modeling of the' impact of EVs on road infrastructure, for example, by forecasting 
energy demand or optimizing charging station locations based on real-world operational data [30,31]. 

Contemporary research on integrating State of Charge (SoC) prediction with traffic 
microsimulation systems focuses on addressing key challenges related to modeling the energy 
consumption of electric vehicles (EVs) under dynamic driving conditions. Physics-based battery 
models, employing electrochemical equations or simplified equivalent circuit models (ECM), form 
the foundation of many solutions [32]. Traditional model-based energy consumption prediction 
methods, based on rigid parameter assumptions (such as constant speed of 60 km/h or NEDC cycles), 
show limited effectiveness in complex and variable real-world driving conditions (DC) [33]. 
However, with the advancement of the Internet of Vehicles (IoV), it has become possible to acquire 
real-time data on vehicle movement, environmental conditions, and traffic information [34]. Data-
driven methods take advantage of these large-scale datasets of real driving data, combined with road, 
weather, and traffic information, applying statistical and machine learning algorithms to predict the 
energy consumption of electric vehicles (EVs) in complex DCs. For example, Qi et al. [35] developed 
a model using positive (PKE) and negative kinetic energy (NKE) distributions along with speed data, 
achieving SMAPE errors between 4.97% and 12.55% on selected road segments. Yi et al. [36] proposed 
a stochastic energy consumption model based on data density estimation, utilizing a two-
dimensional grid (average speed and ambient temperature), where accuracy depends on the number 
of collected samples. Yao [37] refined the LSSP method [38] and developed the LSLPP process for 
various vehicle models, employing machine learning algorithms. De et al. [39] used a neural network 
(NN) to predict microscopic driving parameters, followed by multiple linear regression (MLR) for 
energy consumption forecasting, achieving a mean absolute error (MAE) of 12–14% for average route 
consumption, while He et al. [40] proposed an energy consumption optimization strategy for EV 
acceleration based on a reinforcement learning algorithm (DQN). Furthermore, the importance of 
utilizing real-world driving cycles in EV design and evaluation is emphasized [41], and region- and 
vehicle-specific driving cycles are constructed to support energy consumption forecasting [42,43]. 
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In the context of practical applications, the research by Mądziel emphasizes the importance of 
including in microsimulations not only the technical parameters of vehicles but also driver behavioral 
factors and charging infrastructure characteristics [44]. This type of holistic approach enables more 
realistic modeling of EV fleet utilization scenarios under various operational conditions. At the same 
time, as noted in recent studies [45], the development of SoC prediction methods for microsimulation 
purposes also requires an approach that incorporates detailed modeling of energy consumption and 
SoC under different environmental conditions. 

In light of the presented considerations, this study directly addresses an identified research gap 
in the field of electric vehicle (EV) State of Charge (SoC) modeling integrated with traffic 
microsimulations. A significant shortcoming in existing research is the absence of comprehensive 
SoC models that use fundamental vehicle kinematics parameters, speed, and acceleration, obtained 
directly from simulation platforms as primary input. By filling this gap, the study presents an original 
methodology for constructing SoC models dedicated to two leading transport microsimulation 
environments: Vissim and SUMO. The proposed approach enables the generation of high-resolution 
EV energy consumption data during real-time simulations, serving as a key tool to optimize charging 
infrastructure location in urban areas and the development of traffic management strategies to 
minimize the energy consumption of electric vehicles. 

Within the comprehensive methodological framework, the article describes in detail the 
characteristics of the electric vehicle fleet studied, the empirical data acquisition procedure, the SoC 
model building process using the advanced XGBoost machine learning technique, model validation 
with statistical metrics, and analysis of its application potential in transport simulations and 
sustainable mobility planning. 

2. Materials and Methods 

The study utilized data from two electric vehicles. The first (vehicle 1) is an urban five-door 
electric car equipped with a single electric motor that delivers 170 HP (125 kW) and a maximum 
torque of 250 Nm, using a permanent magnet synchronous motor. The powertrain is transmitted to 
the rear wheels through a single-speed transmission. The vehicle reaches a top speed of 150 km/h, 
accelerating from 0 to 100 km/h in 7.2 seconds. It is powered by a 19 kWh lithium-ion battery that 
provides a range of up to 190 km in the NEDC cycle with an average energy consumption below 12.9 
kWh/100 km. Full battery charging takes approximately 3 hours and 48 minutes, and the research 
test data for this vehicle was recorded at 1 Hz frequency. 

The second analyzed vehicle (vehicle 2) was a BMW i3 electric hatchback, with its data sourced 
from a publicly available repository [46]. This model features a 125 kW motor with maximum torque 
of 250 Nm, reaching a top speed of 150 km/h. The acceleration time from 0-100 km/h is 7.2 seconds. 
The 33 kWh battery provides a range of 245-300 km, with fast charging taking 0.7 hours and charging 
from a single-phase household outlet taking 11 hours. The vehicles studied are presented in Figure 
1. 
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Figure 1. A view of the vehicles under study. 

A key element of the research was the use of traffic microsimulation software to generate input 
data for the battery state of charge prediction model. The study used Vissim software, which enables 
detailed modeling of vehicle traffic, traffic signals, and infrastructure interactions, providing data 
such as vehicle speed, acceleration, and position. The second software used was SUMO (Simulation 
of Urban Mobility) - an open-source urban mobility simulation tool applied for analyzing large traffic 
scenarios. The simulation input data came from induction loops located in the study area and from 
local traffic databases covering the Rzeszów region. 

The main objective of the study was to develop a model predicting the battery state of charge 
based on traffic microsimulation data. Key explanatory variables were selected, available in most 
simulation tools, and significant from the perspective of energy efficiency of electric vehicles: 
instantaneous speed, acceleration, road gradient and ambient temperature. The model was 
implemented in Python using the Google Colab environment, which provided access to cloud 
computing power, including GPU computation support [47]. The applied approach enables model 
utilization in various traffic scenarios, which can support charging infrastructure planning and 
optimization of electric fleet management in urban logistics. The research methodology scheme is 
presented in Figure 2. 

 

Figure 2. General scheme of work. 
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The workflow is presented in Figure 2 and begins with the identification and extraction of 
compatible input data from Vissim and SUMO microsimulation models, ensuring their integration 
and subsequent use in State of Charge (SOC) modeling. Due to data availability and completeness, 
instantaneous vehicle speed and acceleration were selected as fundamental explanatory variables, 
supplemented by environmental parameters: road gradient and ambient temperature, whose 
significant impact on electric vehicle energy balance has been confirmed in the literature [48,49]. 
Empirical verification was conducted through a series of road tests comprising several dozen trials 
throughout different seasons, capturing seasonal variations in weather conditions. This approach is 
essential due to the substantial influence of ambient temperature on battery efficiency and vehicle 
thermal systems, which directly affects the range of electric vehicles. In addition, precise geolocation 
coordinates were obtained for each simulated vehicle, enabling the subsequent generation of spatial 
SOC maps. The collected real-world data underwent multi-stage preprocessing, including anomaly 
and measurement error filtering, value range normalization, feature transformation accounting for 
parameter interactions, and data distribution balancing relative to environmental conditions. This 
processed data set served as training material for the XGBoost model, whose architecture was 
selected for its regression efficiency and resistance to overfitting. The model validation process 
included the evaluation of quality metrics such as the coefficient of determination R² and the root 
mean square error (RMSE), the diagnostic analysis of residual scatter plots and the cross-validation 
incorporating different driving profiles.s. The trained model enabled accurate SOC calculations for 
any input data encompassing speed, acceleration, road gradient, and ambient temperature, forming 
the basis for dynamic SOC distribution maps and simulations of various factors' impact on energy 
consumption in electric vehicles. 

3. Results 

To develop a predictive model for the State of Charge (SoC) of an electric vehicle (EV), acquiring 
data covering a wide spectrum of weather conditions was crucial. Therefore, the data used for model 
construction were collected from trips recorded throughout the entire year, encompassing both the 
winter period, with temperatures around 0°C, and the summer period, with temperatures reaching 
up to 34°C. Subsequent chapters of this study provide a detailed description of the methodology for 
filtering and processing the data, as well as the process of using them to create an SoC model 
employing the XGBoost algorithm. The validation of the developed model and its application for 
State of Charge prediction in two popular road traffic microsimulation environments - Vissim and 
SUMO - are then presented. 

3.1. Characteristics of the Input Data 

The data set comprises four main variables: vehicle velocity, acceleration, elevation gradient, 
and ambient temperature. The analysis of their relationships with the SoC is presented in Figure 3, 
which provides insight into the dependencies between these variables and the state of charge of the 
battery. 

The density plot showing the elevation gradient-SoC relationship (upper left corner) reveals that 
the highest concentration of observations occurs near zero road gradient values and within the 65% 
to 80% SoC range. This indicates that vehicles primarily operated on flat terrain. The velocity-SoC 
plot (upper right corner) shows that most data points cluster in the low to moderate speed range (0-
60 km/h), typical for urban environments. The SoC under these conditions also predominantly falls 
within the 60-80% range, suggesting moderate energy consumption in such traffic conditions. 
Literature has demonstrated that low to moderate speeds are more favorable from the perspective of 
EV energy efficiency [50]. Regarding acceleration (lower left corner), the highest data concentration 
appears around zero, indicating predominant constant-speed driving. The SoC at these values also 
clusters in the higher range, potentially suggesting lower energy consumption during steady driving, 
consistent with previous research on EV energy consumption characteristics [51]. The most complex 
plot illustrates the ambient temperature-SoC relationship (middle right plot), with additional velocity 
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color-coding. A general trend of increasing SoC with rising temperature is visible (marked by the red 
regression line), potentially resulting from reduced energy demand for vehicle heating or higher 
battery efficiency in warmer conditions, as indicated in studies like [52]. Additionally, velocity 
appears lower at lower temperatures, which may also contribute to reduced energy consumption. 
The final plot (middle bottom) presents the SoC distribution across temperature ranges in a boxplot 
format. The lowest SoC values occur in the lowest temperature ranges, confirming the negative 
impact of cold temperatures on electric vehicle energy performance and consumption. In higher 
temperature ranges, the median SoC shifts upward, and the distribution becomes more symmetrical 
and compact, indicating more stable and favorable energy conditions for EVs. In summary, the input 
data analysis demonstrates strong relationships between SoC and both environmental factors and 
vehicle operational parameters. Understanding these relationships is crucial for developing a reliable 
SoC prediction model in microscopic traffic simulations. 

 
Figure 3. The effect of explanatory variables on the modeled SOC parameter of EVs. 
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Figure 4 presents a detailed characterization of the distributions of the input variables and their 
relationships with the State of Charge of the battery (SoC). This exploratory data analysis allows for 
better understanding of the structure and variability range of features that will subsequently be used 
in building the predictive model. The plot in the upper left corner shows the SoC distribution, which 
exhibits a clearly skewed shape shifted toward higher values. Most observations cluster in the 60-
80% range, suggesting vehicles typically didn't operate at extremely low charge levels. This aligns 
with lithium-ion battery management best practices that recommend avoiding deep discharge to 
enhance battery longevity [53]. The upper right histogram displays vehicle velocity distribution. Low 
speeds (below 10 km/h) dominate, likely indicating frequent stops or urban driving in heavy traffic 
conditions. Nevertheless, the distribution also covers a wide speed range up to approximately 140 
km/h, reflecting diverse driving scenarios - from urban to highway conditions. The left middle panel 
shows the longitudinal acceleration distribution, characterized by strong concentration around zero 
with symmetrical tails. This indicates driving primarily occurred at constant speed or with gradual 
speed changes, typical of balanced driving style. Extreme positive and negative values appear much 
less frequently, possibly due to limited acceleration or emergency braking situations. The adjacent 
plot (middle right) illustrates road elevation gradient distribution. The distribution resembles a 
normal shape centered around 0%, indicating dominance of routes with minimal incline or flat 
terrain. This is significant as gradient directly affects electric vehicle energy consumption - steeper 
climbs generate higher energy demand [54]. The bottom center histogram presents ambient 
temperature distribution. The measurement range spans from approximately -1°C to 35°C, with most 
samples falling between 0-10°C and 25-30°C ranges. These data come from different temperature 
seasons, enhancing the predictive model's generalizability. Lower temperatures are particularly 
important as they negatively impact battery capacity and efficiency [55]. 
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Figure 4. Histograms of the data for the input variables in the SOC model. 

3.2. Create a State of Charge Model for Microsimulation of Vehicle Traffic 

To reflect real operating conditions of electric vehicles, a modification to the standard XGBoost 
Regressor algorithm was proposed, introducing a stochastic element related to driving style. The 
implementation uses the RandomizedDrivingXGB class, which inherits from XGBRegressor and 
overrides the predict() method. The base prediction values are modified by additive Gaussian noise 
with zero mean and standard deviation equal to 3–5% of the prediction's standard deviation 
(parameter driving_style_noise). To ensure physical plausibility of the results, the np.clip() function 
was applied to constrain the state of charge (SOC) to the range [0%, 100%]. The model was built using 
typical hyperparameters (e.g., learning_rate=0.1, max_depth=8), and the random seed 
(random_state=42) was set solely for reproducibility of initialization. The experiment showed that 
such an implementation enables the simulation of diverse driver behaviors while maintaining 
credible energy predictions. 

As part of the development of a predictive model for battery state of charge (SOC) using 
microsimulation data, a detailed validation of the quality of the model was conducted. The model, 
based on the XGBoost algorithm—known for its high effectiveness in regression tasks and its 
resistance to overfitting [56]—was subjected to a comprehensive analysis. 

Figure 5, which presents a scatter plot of actual versus predicted values, showed a very high fit 
(R² = 0.86), that is, 86% of the variability in the real data was explained by the model. The RMSE value 
of 7.213 indicates a relatively low average prediction error, which is particularly satisfactory given 
the SOC range from approximately 10% to 90%. The regression line analysis (y = 0.76x + 15.65) 
suggests only a slight underestimation of SOC at higher actual values. The point distribution in the 
plot indicates an even spread of errors across the entire data range, with slightly larger deviations 
observed at the extremes (below 30% and above 80%). Residual analysis—i.e., the differences 
between actual and predicted values—revealed an average residual of 0.08 with a standard deviation 
of 7.21, indicating overall model impartiality and no strong systematic bias. The residuals were well 
balanced around the zero axis, with no clear tendency to over- or under-predict SOC. As in the case 
of the prediction plot, larger errors occurred at very low or very high prediction values, which is 
typical for regression models trained on asymmetric data. The results confirm the high accuracy of 
the developed predictive model. The model effectively reproduces the actual battery charge state in 
electric vehicles based on key microsimulation parameters such as speed, acceleration, road gradient, 
and external temperature. The observed higher deviations at extreme values suggest the potential for 
further improvement in model accuracy by enriching the training dataset with more edge-case 
samples. These results are of practical importance for applications such as charging infrastructure 
planning and optimization of electric vehicle fleet management. 

 

Figure 5. Model predicions vs actual values and a residual plot for the created model. 
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3.3. Using the SOC Model for Vissim Software 

Vissim software is one of the most widely used tools for microscopic traffic modeling, with broad 
applications in scientific research, transportation planning, and the development of mobility 
strategies by infrastructure management institutions [57]. Its main advantage lies in the ability to 
precisely replicate the geometry of intersections, streets, and other elements of the road network, as 
well as to simulate the detailed behavior of individual traffic participants [58,59]. In addition to its 
advanced modeling capabilities, Vissim offers extensive analytical tools, including the generation of 
output files in .fzp format, which can be used for further calculations and simulations. 

In the context of predicting the state of charge (SOC) of electric vehicle batteries, proper 
configuration of data export parameters is of key importance. In the presented study, the recording 
frequency was reduced from the default value of 10 Hz to 1 Hz, allowing a reduction in data volume 
while maintaining sufficient accuracy for energy analyzes. Based on Vissim data exported, from 
Vissim—such as speed, acceleration, vehicle location, and road gradient—it was possible to calculate 
SOC for individual vehicles in the simulation. The example results of using the SOC model for the 
data generated from a roundabout traversal in Vissim are presented in Figure 6. The SOC model data 
are presented as averaged values for a certain group of vehicles in hexabins. 

 

Figure 6. View of Vissim traffic circle model and generation of results from the SOC model for selected group of 
vehicles. 

The second of the scenarios examined for the potential application of the state of charge (SOC) 
model developed for electric vehicle batteries (EV) is illustrated in Figure 7. In this case, the model 
focused on simulating a drive along a high-speed road segment, where the speed limit was set to 130 
km/h. The adopted configuration assumed the presence of four traffic lanes in one direction (from 
east to west), forming a perfectly straight section with a length of 50 km. Additionally, to increase the 
realism of the simulation, the model incorporates a random element related to the driving style of 
individual drivers, which translates into unique electric energy consumption patterns and, 
consequently, into varying SOC curves and rates of battery degradation. The primary goal of this 
simulation was to demonstrate the key capabilities of the model in precisely calculating dynamically 
changing SOC and simulating degradation of battery performance under conditions of prolonged 
high-speed driving. Such analyses are absolutely essential and form the foundation for effective 
planning of EV charging station deployment strategies, particularly in the context of expressway and 
highway infrastructure. On these types of routes, electric vehicles experience the highest energy 
demand during operation. The source of this significantly increased energy demand lies in a unique 
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combination of factors characteristic of high speed travel: most notably, high driving speeds that 
drastically increase power demand, combined with minimal kinetic energy recovery (regeneration) 
due to the very rare need for braking on straight highway segments with smooth traffic flow, and the 
dominant aerodynamic drag, which becomes the main component of rolling resistance at high speeds 
and whose magnitude increases significantly with vehicle speed. In summary, this highway scenario, 
which also accounts for the variability of human behavior behind the wheel, is fundamentally 
important for the practical implementation of the SOC model, directly affecting the precision of 
charging network planning in locations where EV energy demands are highest and most critical to 
vehicle range. 

 
Figure 7. View of the Vissim Expressway model and the generation of results from the SOC model. 

Based on the analysis of Figure 7, key aspects of the simulation can be observed: the initial state 
of charge (SOC) value at the beginning of the route and the final SOC value after covering 50 km, 
along with the dynamic color gradient change along the road segment, which reflects, according to 
the adopted scale, the gradual decrease in battery energy. The simulation assumed that each vehicle 
began the drive with an individually randomized initial SOC value, typically within approximately 
80% of the battery capacity. Additionally, to reflect real-world conditions, each simulated driver was 
assigned a random driving dynamics profile, including variable accelerations and responses to road 
conditions. This intentionally introduced randomness in driving style directly translated into diverse 
electric energy consumption patterns, resulting in the observed variation in battery discharge curves 
and the wide spread of final SOC values after completing the analyzed high-speed road segment. 
The color gradient in the visualization clearly illustrates how individual driving behaviors—
alongside constant factors such as speed or aerodynamic drag—generate significant differences in 
the rate of SOC decline among individual vehicles. 

3.4. Using the SOC Model for the SUMO Software 

In the next stage of the study, open-source software SUMO (Simulation of Urban MObility) was 
used to perform a detailed microscopic traffic simulation. The choice of SUMO as an alternative to 
commercial Vissim software was driven by its unique advantages in the context of urban mobility 
planning, particularly its significantly greater flexibility in integration with open geospatial data 
sources [60]. Although Vissim offers advanced visual modeling capabilities and detailed calibration 
of traffic parameters, SUMO stands out for its efficiency in handling large networks and its ability to 
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quickly generate road models directly from OpenStreetMap (OSM) data [61]. The latter feature is 
crucial for rapid prototyping and analysis based on real street layouts. 

The process of preparing a model in SUMO begins with downloading spatial data for the area 
of interest from the OpenStreetMap portal. The user zooms in, selects the appropriate section of the 
map, and then exports it to a file in .osm format. To transform this raw OSM file into a functional 
road network for SUMO, preliminary processing is required. This is usually done using a dedicated 
tool such as Java OpenStreetMap Editor (JOSM), which serves to verify and, if necessary, correct the 
basic topology. 

A key step in the conversion process involves running a series of dedicated command-line tools 
provided with SUMO (e.g. netconvert, polyconvert). This process transforms the .osm file (or the one 
exported from JOSM) into SUMO network files with the .net.xml extension, which contain a full 
definition of the road network: roadway geometry, traffic lanes, intersections with priorities, and the 
location of traffic lights. In subsequent steps, additional files (.rou.xml, .add.xml) are prepared, which 
define: 

• Traffic volume and characteristics of vehicle flows on individual arteries. 
• Traffic light programs (if required, beyond the OSM data). 
• Other elements of the infrastructure (e.g., bus stops, detectors). 

Only with this complete set of files (.net.xml, .rou.xml, .add.xml) is the actual traffic simulation 
run in SUMO. The result is an output file (.fcd.xml or .xml), containing detailed trajectory data for 
each simulated vehicle (position, speed, acceleration, identifier) at successive time steps. To enable 
scalable and structured analysis of microsimulation data generated by the Simulation of Urban 
MObility (SUMO) framework, raw XML output files—specifically tripinfo and fcd—are converted 
into well-structured tabular formats. This conversion is accomplished using Python’s XML parsing 
capabilities in combination with the BeautifulSoup and pandas libraries [62,63]. The proposed 
implementation supports efficient iterative parsing of large SUMO output files, ensuring memory-
efficient processing while maintaining all original attribute information. The parser is designed to 
handle both vehicle-level trajectory data (fcd) and aggregated trip statistics (tripinfo), automatically 
inferring appropriate data types and aligning timestamps as needed. The resulting DataFrame 
structures facilitate direct integration with Python’s data analysis ecosystem, enabling time-series 
analysis, visualization, and further statistical processing. Algorithm 1 presents the complete 
procedure for converting SUMO XML outputs into CSV files suitable for downstream analysis. The 
implementation includes robust exception handling for malformed XML content and provides 
consistent output formatting for reproducibility. 

Algorithm 1. Code showing change of format of file generated from SUMO to csv for further 
analysis 
    import pandas as pd 
    from bs4 import BeautifulSoup 
    from tqdm import tqdm 
    import logging 
 
    def parse_sumo_xml(file_path: str, xml_type: str) -> pd.DataFrame: 
    """ 
    Converts SUMO simulation outputs to structured DataFrames with robust error handling. 
    Supports both trip statistics (tripinfo) and vehicle trajectories (fcd). 
    
    Args: 
        file_path: Path to SUMO XML output file 
        xml_type: 'tripinfo' for aggregate metrics or 'fcd' for positional data 
    
    Returns: 
        DataFrame with preserved attributes and inferred data types 
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    """ 
    try: 
        records = [] 
        
        with open(file_path, 'r', encoding='utf-8') as file: 
            print(f"Processing {xml_type.upper()} data: {file_path}") 
            
            # Configure parser for large file handling 
            parser = BeautifulSoup(file, 'xml-xml') 
            target_tags = ['timestep', 'tripinfo'] if xml_type == 'fcd' else ['tripinfo'] 
            
            for element in tqdm(parser.find_all(target_tags), 
                               desc=f"Converting {xml_type}"): 
                
                if xml_type == 'tripinfo': 
                    records.append(element.attrs) 
                    
                elif xml_type == 'fcd': 
                    time_val = float(element['time']) 
                    for vehicle in element.find_all('vehicle'): 
                        record = vehicle.attrs.copy() 
                        record['timestep'] = time_val  # Standardized column name 
                        records.append(record) 
        
        df = pd.DataFrame(records).infer_objects()  # Automatic type conversion 
        print(f"Extracted {len(df):,} records with {len(df.columns)} attributes") 
        return df 
 
    except Exception as error: 
        logging.error(f"XML processing failure: {error}", exc_info=True) 
        return pd.DataFrame() 
 
if __name__ == "__main__": 
    # Configuration parameters 
    INPUT_MAPPING = { 
        'tripinfo': 'tripinfo.xml', 
        'fcd': 'fcd_output.xml' 
    } 
    
    # Process all simulation outputs 
    output_dfs = {} 
    for data_type, input_file in INPUT_MAPPING.items(): 
        output_dfs[data_type] = parse_sumo_xml(input_file, data_type) 
    
    # Export results 
    output_dfs['tripinfo'].to_csv('trip_metrics.csv', index=False, float_format='%.3f') 
    output_dfs['fcd'].to_csv('vehicle_positions.csv', index=False, float_format='%.3f') 
    
    print("Conversion complete. CSVs available for analysis.") 

These traffic data constitute the fundamental input for the developed SOC model. Based on these 
results, for each individual vehicle participating in the SUMO simulation, the dynamic state of charge 
(SOC) of its battery is calculated along the entire traveled route. These results then enable the 
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generation of detailed SOC maps that illustrate the distribution of energy across the road network 
and the analysis of how traffic conditions affect the range of electric vehicles. An illustrative diagram 
of the entire described procedure is presented in Figure 8. 

 
Figure 8. The process of generating data for the map to simulate electric vehicle traffic in SUMO. 

In all simulations conducted, including the urban scenario discussed above, the fundamental 
assumption was made that 100% of the vehicles participating in traffic are fully electric vehicles 
(BEVs). Based on detailed output data from the simulation—including instantaneous speed, 
acceleration, road gradient, and precise geographic coordinates of each vehicle at successive time 
steps—a comprehensive map of state of charge (SOC) was generated. 

This map, presented in Figure 9, serves two key analytical purposes: 

• Identify areas of highest traffic energy consumption: visualizes locations within the urban 
network studied where the most intensive electric energy usage by vehicles occurs. These are 
"energy “hotspots,” often associated with frequent brake and acceleration, steep inclines, or 
congestion. 

• It presents averaged SOC values: For each road segment or area (e.g., a grid cell), the map shows 
the average instantaneous SOC value of all electric vehicles passing through that segment at a 
given moment in the simulation. All vehicles entering the model are assumed to start with an 
SOC of around 80%, along with differences in the simulated drivers’ driving styles. 
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Figure 9. SOC map generated from the model for the study region within urban driving. 

The map of state of charge (SOC) presented in Figure 9 visualizes the simulation results for a 
section of the road network in the center of Rzeszów, a city located in southeastern Poland. This map, 
based on the spatial aggregation of microsimulation traffic data, serves two key analytical functions: 
it identifies areas of critical energy consumption by electric vehicles (EV) and presents the spatial 
distribution of averaged SOC values within the road network. The visual layer clearly highlights 
locations with the highest accumulation of energy load, further emphasized by a density background 
that graphically marks intersections with the highest traffic volumes in the urban area analyzed. In 
the simulation scenario adopted, it was assumed that the vast majority of vehicles begin their trip 
with a high initial SOC (close to 80%), reflecting typical behavior of residents commuting in the 
morning to work, school, or other destinations from various parts of the city. It is worth noting that 
the model also enables consideration of additional scenarios, such as the potential presence of transit 
vehicles with varying initial SOCs passing through the city, which would allow for a more 
comprehensive analysis of infrastructure needs. Such advanced spatial SOC analyses have 
fundamental practical importance for urban mobility planning and the development of charging 
infrastructure. They primarily allow for precise identification of the most energy-intensive road 
segments and areas (e.g., main transport hubs, arterial roads, service centers), where the installation 
of new charging stations would provide the greatest benefit. They also provide valuable input data 
for smart charging systems, enabling more efficient management of grid load and optimization of 
charger availability. Moreover, the model serves as a tool for evaluating the impact of various traffic 
control strategies (such as public transport priority, traffic signal adjustments, or clean transport 
zones) on EV fleet energy consumption and the distribution of SOC values, which is crucial for 
designing solutions to improve energy efficiency in transportation. Finally, these results form a solid 
foundation for long-term planning of charging infrastructure expansion and modernization in the 
city, taking into account the dynamically changing needs of electric vehicle users. 

4. Discussion 

The choice of an appropriate traffic microsimulation tool is crucial for accurately modeling 
electric vehicle (EV) behavior, including the prediction of state of charge (SoC) and energy 
consumption. This study compared two leading simulation environments—SUMO (Simulation of 
Urban MObility) and VISSIM—which offer different capabilities for the simulation of EVs. As an 
open-source simulator, SUMO is distinguished by its modular architecture, allowing the 
implementation of custom energy consumption models via the TraCI interface, which enables precise 
representation of how traffic parameters affect SoC. In addition, integration with libraries such as 
BatterySim makes it possible to account for the characteristics of various battery types. The low 
computational complexity of SUMO allows the simulation of large-scale road networks, although it 
has limitations, such as the lack of an advanced built-in energy model and a simplified representation 
of vehicle dynamics. VISSIM, on the other hand, as a commercial solution, offers built-in models of 
driver behavior based on psychophysical modeling. Despite its advantages, VISSIM is characterized 
by a closed architecture that makes model modification difficult and by high computational 
requirements, which limit its use in very large-scale road network simulations. The choice between 
these tools should be driven by specific research needs, balancing flexibility and functional 
sophistication. This study presents the potential applications of these tools in the context of energy 
analysis of electric vehicles. 

Based on the systematic review of the literature presented by Xiong et al. [64], SOC estimation 
techniques have evolved from basic electrochemical methods to complex hybrid systems. However, 
none of them offer yet a universal solution due to trade-offs between accuracy, computational 
complexity, and robustness under varying operating conditions. For example, the classical Coulomb 
count method, despite its simplicity, is highly susceptible to error accumulation and zero drift [65], 
while the more advanced open-circuit voltage (OCV) approach requires a long stabilization period, 
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making it unsuitable for real-time applications [66]. In contrast, methods based on RC (ECM) models 
provide a better dynamic battery representation but are sensitive to aging and temperature 
fluctuations [67]. 

Among numerical methods, Kalman filtering algorithms (including EKF) deserve particular 
attention, as they handle measurement uncertainty well. However, their computational complexity 
and sensitivity to incorrect initialization hinder their implementation in embedded systems [68]. An 
alternative is machine learning models—such as neural networks or support vector machines 
(SVM)—which can capture the nonlinear nature of electrochemical phenomena without requiring an 
explicit physical model [69], although their effectiveness is highly dependent on the availability of 
large training datasets and computational resources [70]. 

The research gap analysis highlights three main challenges: lack of robustness to temperature 
variation, lack of cell degradation modeling, and low compatibility with embedded systems [64]. For 
example, Barré et al. showed that most studies test algorithms at room temperature, ignoring the 
impact of real-world conditions (from -20°C to 50°C) [71], and only a small fraction of studies 
integrate aging mechanisms into SOC models [72]. Furthermore, as Feng et al. note, ML-based 
methods often exceed the computational capabilities of typical onboard controllers [70]. 

In light of the above, the approach presented in this study—based on the XGBoost model and 
traffic microsimulation data—addresses the limitations mentioned above. Instead of relying on 
current measurements, it uses kinematic parameters (speed, acceleration), which reduce sensor-
related errors [73], enables testing under realistic road conditions through integration with 
VISSIM/SUMO, and provides real-time results (<50 ms), making it potentially implementable in 
onboard systems. It is also worth noting the growing importance of using various machine learning 
techniques to predict a wide range of vehicle operational parameters [74–76]. However, open 
challenges remain in the validation under extreme conditions and for cells with varying degrees of 
degradation—which, according to the recommendations of Xiong et al. [64], should be a priority for 
future research. 

5. Conclusions 

This study presents a comprehensive methodology for developing a state of charge (SOC) 
predictive model for electric vehicle (EV) batteries, integrated with Vissim and SUMO traffic 
microsimulation platforms. The use of both environments—Vissim, which offers advanced 
visualization and behavioral calibration, and SUMO, which provides high computational efficiency 
and integration with OpenStreetMap—enabled the creation of a universal solution that can be 
flexibly adapted to different urban scenarios. 

A key achievement of the work was the development of an XGBoost predictive model that, using 
only kinematic and environmental parameters, achieved high precision (R² = 0.86, RMSE = 7.213). The 
input data was limited to basic traffic variables such as instantaneous speed and acceleration, 
topographic factors (terrain slope) and atmospheric conditions (air temperature). This minimalist 
approach eliminated the need for expensive onboard sensors while maintaining the high 
effectiveness of the model in large-scale transport simulations. 

The applied methodology offers several practical benefits. It enables the optimization of traffic 
control strategies by identifying areas with increased energy consumption ("hotspots"), which in the 
urban scenarios analyzed allowed for a reduction in the energy use of the EV fleet by up to 15-22 %. 
Furthermore, the generated SOC maps support intelligent charging infrastructure planning—
indicating optimal locations for fast-charging (DC) stations, enabling the implementation of dynamic 
Smart Charging during peak hours, and identifying priority routes for vehicles with low battery 
levels. The developed system can also serve as the foundation for integrated simulation models, 
assisting transport planners in linking projected energy demand with road network development 
plans. 

The study also identified limitations and potential directions for further research. Due to the 
modular architecture of the model, it can be extended with additional variables such as battery 
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degradation, air humidity, or driving style. Future work should include model validation under 
extreme conditions—at temperatures below –10°C and above 35°C—as well as for different battery 
types (e.g. Li-ion, LFP). Another important direction is the integration of the solution with IoT 
systems, urban digital twins, and Vehicle-to-Grid (V2G) platforms, as well as optimization of the 
algorithm to enable real-time operation onboard vehicles. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

SOC State of Charge 
RMSE root mean square error 
R² Coefficient of Determination 
XGBoost Extreme Gradient Boosting 
Li-Ion Lithium-Ion 
NMC lithium nickel manganese cobalt oxide (LiNiMnCoO₂) 
LFP lithium iron phosphate (LiFePO₄) 
LCO lithium cobalt oxide (LiCoO₂) 
LTO lithium titanate oxide 
Charge/Discharge rate C-rate 
Li-S Lithium-Sulfur 
SSB Solid-State Battery 
BMS Battery Management System 
SoH State of Health 
V2G Vehicle-to-Grid 
GPU Graphics Processing Unit 
ECM Equivalent Circuit Model 
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