
This is a repository copy of Assess changes in electric vehicle usage behaviour: 
Comparison between 2018 and 2021.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/224171/

Version: Accepted Version

Article:

Cui, D. orcid.org/0000-0001-8489-6286, Liu, P. and Wang, Z. (2025) Assess changes in 
electric vehicle usage behaviour: Comparison between 2018 and 2021. Transportation 
Research Part D Transport and Environment, 141. 104661. ISSN 1361-9209 

https://doi.org/10.1016/j.trd.2025.104661

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/

Reuse 

This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence 
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the 
authors for the original work. More information and the full terms of the licence here: 
https://creativecommons.org/licenses/ 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 



Assess Changes in Electric Vehicle Usage Behaviour: 

Comparison between 2018 and 2021 
Dingsong Cui1,2, Peng Liu2,3*, Zhenpo Wang2,3 

1 Institute for Transport Studies, University of Leeds, 34-40 University Road, Leeds LS2 9JT, UK 

2. Collaborative Innovation Centre for Electric Vehicles, Beijing, China, and National Engineering Research 

Centre for Electric Vehicles, Beijing Institute of Technology, Beijing 100081, China 

3. Beijing Institute of Technology Chongqing Innovation Centre, Chongqing, 401120, China 

 

Abstract-With advancements in power battery technology, all-electric driving range (AER) of electric 

vehicles (EVs) and charging infrastructures have improved significantly in recent years. These improvements 

may change usage behaviour and reduce range anxiety. Herein, this paper collects nearly 90,000 EV real-

world operation data in 2018 and 2021. EV travel and plug-in habits are analysed with descriptive analytical 

methods and statistical tests. Range anxiety is also assessed using the ordinary least squares algorithm. The 

results show a 15% rise in daily distances for electric taxis, alongside a 26.5% increase in AER and a 29.9% 

increase in charging power. In contrast, personal EV travel distance shows little change, despite a 50.8% 

increase in AER and a 13.9% increase in charging power. The results also indicate that as charging power 

increases, there is a significant decline in range anxiety calculated by the state-of-charge before charging, a 

trend not observed with increasing AER. 

Keywords- Electric vehicle; real-world data; vehicle kilometre travelled; comparative study 

1. Introduction 

Electric vehicles (EVs) are increasingly replacing internal combustion engine vehicles (ICEVs) as part of the 

global effort to reduce carbon emissions and air pollutants associated with traffic (Isik et al., 2021; Wei et al., 

2021). ICEVs constitute threatening adverse environmental impacts, which may continue to persist over an 

extended period (Xia et al., 2023). There is a notable trend towards the electrification of light-duty passenger 

cars in China, Japan, the USA, and Europe, which collectively represent over 50% of the global market. 

Moreover, with the increasing daily travel demand, the all-electric driving range (AER) of EVs has also grew 

gradually in these years and the deployments of EV charging facilities also increase significantly. However, 

the growing adoption of EVs with higher battery capacities and less charging duration raises a question: How 

will users’ vehicle usage habits change based on different AERs and charging powers? (Langbroek et al., 2018; 

Falchetta and Noussan, 2021; Calearo et al., 2021; Zhao et al., 2023a; Williams et al., 2024)? 

The usage behaviour features of EVs are critical for both automobile manufacturers and power suppliers, 

that can provide a comprehensive understanding about the usage demand and energy consumption, especially 

in the scenario with a high EV penetration in 2030 and even further. For example, designing EVs with large 

battery capacities could lead to material waste and increased energy consumption, ultimately placing 

additional strain on the electrical grid (Giansoldati et al., 2018; Liu et al., 2023). Langbroek et al. (2018) 

suggested that it will be useful to analyse the usage changes of EVs from the early stage, because the EV has 

been a relatively new mobility carrier in the last decade. In the early stage of EV deployment, drivers facing 

range limitations are more likely to make use if alternative means of transportation. Inadequate planning of 

EV charging infrastructure can also result in inconvenience for users. Moreover, some private users would 

like to make an EV as secondary rather than primary household cars in cities with license plate restrictions 

(Zhao et al., 2023a). However, much progress has been developed of EV power battery technologies and a 

number of EV charging infrastructures in the past five years (Zhao et al., 2023b).  

Data-driven investigations (Zhao et al., 2021; Gellrich et al., 2022; Hu et al., 2022; Lei et al., 2022; Yang 

et al., 2022; Siddique et al., 2022; Cui et al., 2022, 2023; Tian et al., 2023; Wang et al., 2023; Zhao et al., 

2023c; Zhang et al., 2023; Hecht, 2023) are the primary approaches to solve this problem, providing detailed 

and comprehensive information. This method offers the most direct insight into vehicle usage patterns.  

Calearo, Marinelli and Ziras (2021) conducted a comprehensive review of major studies on EV usage, 

including surveys, trials of ICEVs and EVs, and charger trials prior to 2022. This literature review was both 

thorough and insightful, offering a solid framework for further research. It should be noted that some available 



data is considerably older than ten years, and new data from today may be already different from users driving 

in 2025/2030. Therefore, new data should be analysed to provide a state-of-the-art understanding. Built on the 

review of data sources for EV charging and driving studies provided in previous study (Calearo et al., 2021), 

this paper focuses on some data-driven studies published after 2022. In general, the data can be collected from 

the vehicle side or charging station side. We summary the purpose for analysing EV operation data into 

behaviour analysis, load analysis, charging demand, energy consumption and range anxiety. A summary of 

the relevant literature is provided in Table 1. 

The volume of data collected for EV usage behaviour analysis has shown a noticeable increase compared 

to earlier studies (Cui et al., 2022; Hu et al., 2022; Sandström et al., 2023; Siddique et al., 2022; Zhang et al., 

2023; Zhao et al., 2023c). Additionally, the application scenarios analysed become more abundant (Cui et al., 

2022, 2023; Pan et al., 2023). However, these studies mostly focused on the behaviour description rather than 

the changes with different vehicle technologies and charging facility deployments. For example, Zhao et al., 

(2021) utilised a large-scale EV operation data to assess the battery utilisation of different application 

scenarios. The study reported that light-duty EVs with higher battery capacity will always suffer higher 

maximum unavailable battery state-of-charge (SOC). They also provided an integrated data-driven model for 

large-scale EV operation analysis. The impact of the EV charging on the electricity grid has been concerned 

more due to the higher electricity demand (Chen et al., 2018; Muratori, 2018; Powell et al., 2022). These 

studies simulated the EV usage based on the limited features collected from real-world data or questionnaires.  

Considering the long-term usage behaviour analysis, Hecht (2023) collected a long-term EV charging 

record from the charging station from 2019 to 2022, and noticed that the mobility pattern changed over time 

has an impact on the EV charging prediction model performance. Lyu et al. (2024) collected the EV operation 

data in some metropolis of China from 2019 to 2020, and assessed the carbon reduction and emission reduction. 

Jenn (2020) analysed the emissions benefits of EVs in Uber and Lyft ride-hailing services. The charging 

records between January 2017 to May 2018 have been collected to calculate the average charging emissions. 

Nevertheless, the AER was often ignored owing to the coverage of samples taken. This requires not only that 

the data collected has an enough time span, but also that the vehicle battery technology in the area where it is 

collected is rapidly evolving. Using the data from charging station side can support the operation of the power 

distribution network, but it is not possible to create a complete cycle of energy use and consumption. Thus, 

the paper aims to provide a comprehensive data analysis for the EV usage behaviour changed with different 

AER distributions and charging power levels to fill this gap.  

A large-scale, long-term and unique EV operation data collected from the National Big Data Alliance of 

New Energy Vehicles OpenLab in China provided us a substantial environment to address this study. The 

main contributions of this paper are provided as follows: 

(1) The paper establishes a real-world EV operation database including 1,352 electric taxis and 7,639 

personal EVs operating in 2018, and 1,140 electric taxis and 85,518 personal EVs in 2021 in Beijing. 

The data samples are more than that of most previous studies.  

(2) Based on these real-world data, the paper analyses the improvements of AER and charging power, and 

then calculates distance-based, utilisation-based, SOC-based and time-based indicators to assess the 

potential changes in travel habits and plug-in habits with descriptive methods (average and quartiles) 

and statistical tests. The quantitative results are provided in detail, which was always examined by 

questionnaires.  

(3) The paper finally examines the changes of range anxiety, which is concerned by most potential and 

current EV users, based on the remaining mileage and SOC before charging. An ordinary least squares 

(OLS) algorithm is used to assess the impact of AER and charging power improvements on the range 

anxiety. The assessment has not been addressed using this sort of large-scale real-world dataset. The 

results indicate that as charging power increases, there is a significant decline in range anxiety.  



Table.1 Literature review of the new data resource after 2022. 

Refs. Data resources Purpose 

Cui et al., (2022) 26,060 personal EVs, electric taxis and rental EVs operating in Beijing in 2018 Behaviour analysis 

Yang et al., (2022) 76,774 personal EVs operating in Beijing in 2018 Behaviour analysis 

Siddique et al., (2022) 189,864 supply-side charging session data over 13 months from 821 charging stations in Illinois from ChargePoint Behaviour analysis 

Gellrich et al., (2022) Data from 3,279 charging stations with 6,615 EV service equipment in three weeks Behaviour analysis 

Tian et al., (2023) 168 personal EVs operating in Beijing in 2020 Behaviour analysis 

Hu et al., (2022) 228,440 charging records of 7,426 light-duty EVs in 2019. Behaviour analysis 

Zhao et al., (2023c) 230,000 light-duty EVs operating in Beijing in 2021 
Behaviour analysis 

Load analysis 

Zhang et al., (2023) 25,489 private EVs and electric taxis operating in Beijing Charging demand 

Cui et al., (2023) 1,458 private EVs, electric taxis and rental EVs operating in Beijing in 2018 Charging demand 

Wang et al., (2023) 2,529 battery swapping events from 36 battery swap stations in Beijing in 2019 Charging demand 

Lei et al., (2022) 20,130 electric taxis operating in Shenzhen in 2019 Charging demand 

Hecht, (2023) Charging records collected from charging stations in Germany from 2019 to 2022 Charging demand 

Pan et al., (2023) 7 electric taxis, electric online car-hailing, and personal EVs in Shanghai in 2019 Energy consumption 

Yang et al., (2023) 2,658 personal EVs operating in Beijing in 2018 Load analysis 

Sandström et al., (2023) 159,000 charging sessions from 900 chargers from Swedish EV charging product supplier Load analysis 



This paper is organized as follows: Section 2 introduces the data collection and processing methods. Section 

3 provides an analysis of AER from vehicle side and charging power from charging facility side. Section 4 

provides an understanding analysis of the vehicle kilometre travelled (VKT), battery utilisation rate and 

distance between two continues charges for EVs. Section 5 analyses the EV plug-in charging habits changes, 

including plug-in time and battery SOC relations, power selection and remaining mileage when charging. 

Range anxiety is assessed based on EV travel habits and plug-in charging habits in Section 6, followed by a 

discussion about behaviour changes and range anxiety changes. The last section presents the conclusions and 

limitations based on the results of this work. 

2. Data collection and illustration 

The EV operation data are collected from the National Big Data Alliance of New Energy Vehicles OpenLab 

in this study. The data collection standard is GB/T 32960-2016 (https://www.chinesestandard.net/PDF.aspx/ 

GBT32960.2-2016). The EV operation data in March 2018 is used as a comparison group for the benchmark. 

To eliminate the impact of COVID-19 on user behaviour, the situation in March 2021 is used to compare and 

analyse the behaviour changes, because there was almost no lockdown in this period in Beijing. Finally, 

considering the public usage of the light-duty passenger cars, there are 1,352 electric taxis operating in 2018 

and 1,140 in 2021, respectively. The sample represents about 15% of the total electric taxies in Beijing in 

2021. This study also assesses the behaviour changes for the personal EV usage. There are further 7,639 

personal EVs collected during 2018, while the sample amount has increased into 85,518 in 2021. The sample 

represents about 25% of the total personal EVs in Beijing in 2021. 

As shown in Table 2, vehicle operation data, battery operation data and timestamp can be collected from 

the data platform. According to the vehicle model, the paper collects AER and battery capacity from the 

disclosure by the institutes of the government. There is a raw operating data example of an EV provided in 

Appendix A. The vehicle state includes driving, parking and grid charging. Based on the integration of the 

vehicle state, the raw EV data are processed into a statistical database. There is also a statistical data example 

provided in Table 3. The initial and end states of the vehicle and battery are extracted from the raw data (e.g., 

start timestamp, end battery SOC).  

Table 2 Data illustration. 

Resource Item Unit 

From the platform 

Vehicle model - 

Vehicle ID - 

Velocity km/h 

Mileage km 

Battery SOC % 

Battery pack voltage V 

Battery pack current A 

Vehicle state Driving/Charging/Parking 

Timestamp hour:minute:second 

From the disclosure 
AER  km 

Battery capacity kWh 

 

Table 3 Statistical data example of an EV. 

Vehicle state Start timestamp End timestamp Start battery SOC End battery SOC Start mileage End mileage 

Charging 2018/3/1 0:27 2018/3/1 4:35 52.0% 100.0% 88,967.0 km 88,967.0 km 

Parking 2018/3/1 4:35 2018/3/1 8:05 100.0% 100.0% 88,967.0 km 88,967.0 km 

Driving 2018/3/1 8:05 2018/3/1 12:36 100.0% 40.0% 88,967.0 km 89,056.0 km 

Parking 2018/3/1 12:36 2018/3/1 13:20 40.0% 40.0% 89,056.0 km 89,056.0 km 

… … … … … … … 

 

 

 

https://www.chinesestandard.net/PDF.aspx/GBT32960.2-2016
https://www.chinesestandard.net/PDF.aspx/GBT32960.2-2016


3. Vehicle- and Charging Technology Improvement 

This section focuses on two types of technology improvements, including enhancing AER from the vehicle 

side and improving charging power from the facility side (Noel et al., 2020). These two factors are likely the 

most critical indicators of changes in user behaviour, which have been widely discussed in previous studies  

(Langbroek et al., 2018; Lin and Yang, 2024; Williams et al., 2024; Zhang et al., 2021). Rather than delving 

into the technical theory behind these advancements (such as higher density battery materials), the practical 

situations are focused on in this section.  

3.1 AER Changes 

 

Fig.1. AER distributions of a personal EVs and b electric taxis in 2018 and 2021.  

AER is very critical to EV users, directly affecting their driving experience and purchase decision (Franke 

and Krems, 2013; Giansoldati et al., 2018; Zhou et al., 2023). The AER distributions of personal EVs and 

electric taxis are provided in Figs. 1 a-b, respectively. More than 70% of personal EVs have an AER between 

250 and 300 km in 2018. While the AER selected by subsequent users is much higher in 2021. Significantly, 

the proportion of EVs with AER between 400 and 450 km is more than 30.0%. The major groups of electric 

taxis have transited from the interval between 200 and 250 km to that of more than 300 km between 2018 and 

2021.  

A Kolmogorov-Smirnov normality test is first conducted to assess the shape of the distribution (Habla et 

al., 2021; Huang et al., 2023). The normality results of each AER distribution indicate a significant violation 

of the normality assumption (p < 0.05). Due to the non-normality of data, the Mann-Whitney U (M-W U) test 

is performed to determine whether there is a statistically significant difference between two years (Huang et 

al., 2023). Although the comparison only has a 3-year difference, the advanced power battery technology has 

improved the maximum AER significantly for personal EVs (an average increase of 50.8%, M-W U test, 

p<0.001) and slightly for electric taxis (an average increase of 26.5%, M-W U test, p<0.001) in the case of 

passenger car electrification in Beijing.  

3.2 Charging Power Changes 

Battery charging technology is another important factor in determining EV usage behaviour. In terms of 

charging technology standards, there are many different requirements and ranges in different regions. Amer 

et al. (2024) summarised recent charging technology standards which can be inferred that it is hard to 

distinguish the charging type only with charging current, voltage and power. There is also a significant data 

fluctuation in the real-world data collection. Moreover, due to the charging records being collected from the 

vehicle side, therefore, it could be difficult to recognise the direct current (DC) charging or alternating current 

(AC) charging directly. However, focusing on the EV charging load impact on the power distribution network, 

             
             

  
         
         



fast-charging or slow-charging loads are also important for the power distribution operation. Therefore, 

considering the standards in China, Europe and the USA, 10 kW is used as a threshold to distinguish slow-

charging (including AC 1.9 kW, 3.8 kW, 4 kW, 7 kW, 7.6 kW and 8 kW) and fast-charging (including AC 

15.3kW and 27.7 kW and DC). The charging power calculation method is provided in Appendix. B.  

The slow-charging power distributions are shown in Figs. 2a-b. Charging power is categorised into three 

clusters: 1.9 kW, 4 kW, and 7 kW based on the distributions. However, no strict clustering algorithm is applied 

due to fluctuations in real-world data. By 2021, more chargers in the cluster of 7 kW are deployed for personal 

EVs and electric taxis, accounting for 23.1% and 42.3% of the total, respectively. Some private chargers 

constructed in 2018 with 4 kW are still survived 2021. Only a small number of personal EV owners install 1.9 

kW chargers, as these require private space, which is not feasible for most taxi drivers. As a result, taxi drivers 

rely more on public chargers. Additionally, the increase in fast-charging power is notable, with more chargers 

exceeding 45 kW being used in 2021 for both personal EVs and electric taxis (see Figs. 2c-d). Statistically, 

the average fast-charging power increased by approximately 13.9% for personal EVs (M-W U test, p<0.001) 

and 29.9% for electric taxis (M-W U test, p<0.001). 

 

Fig.2. Slow-charging power distributions of a personal EVs b electric taxis and fast-charging power of c 

personal EVs d electric taxis in 2018 and 2021, respectively.  

  

  

    
    

    
    

    
    

    
    



4. Understanding EV Travel Habits. 

Owing to the obviously different travel demand on weekdays and weekends, the travel habit features of 

EVs have been divided into these two periods. The study focuses on the user-based analysis rather than result 

of a certain day or period. Therefore, one EV user can only get one feature in the statistical period. For example, 

considering the daily travel distance of one EV in a month, it is more suitable to use the average result rather 

than about 30 results to describe the user’s habits.  

4.1 Average Daily VKT 

 

Fig.3. Daily VKT of EVs on weekdays and weekends operating in 2018 and 2021. a Average daily VKT 

distributions for electric taxis and personal EVs. b Maximum daily VKT distributions for electric taxis and 

personal EVs. 

This paper examines the daily VKT of EVs through descriptive analysis and statistical tests. The 

comparisons are based on the day of use and the year of use. The method for calculating VKT is detailed in 

Appendix C, with results presented in Fig. 3a. The specific statistical results are provided in Appendix E. 

The analysis compares differences between two years within the same application scenarios and time periods. 

For the average of electric taxis operating on weekdays, the difference between 2018 and 2021 is statistically 

significant at the 1% level (M-W U test, p<0.001). The results also show an increase of about 3 km in the 

average daily VKT of personal EVs on weekdays between 2018 and 2021, with the difference in means being 

statistically significant (M-W U test, p<0.001). On weekends, there is a statistically significant increase in the 

average daily VKT for electric taxis (M-W U test, p<0.001), no significant change is observed for personal 

EVs during the same period (M-W U test, p=0.067). In summary, comparing the results between 2018 and 

2021, the average daily VKT of personal EVs increased by 7.9% (p<0.001) on weekdays, with no significant 

change observed on weekends. In contrast, the average daily VKT of electric taxis increased by 13.5% 

(p<0.001) on weekdays and 17.1% (p<0.001) on weekends.  

In terms of the distribution shape, the quartiles of personal EVs operating on weekdays show a slight 

increase, particularly in the third quartile, which rises from 49.4 km to 54.2 km. The first quartile of electric 

taxis slightly decreases on weekends, indicating a reduction in low-mileage electric taxis, while the third 

quartile increases significantly from 152.2 km to 187.5 km, reflecting a notable rise in higher daily VKT. On 

weekdays, the third quartile shows a substantial increase from 164.4 km to 204.4 km, also suggesting more 

electric taxis with longer trips. 

The maximum daily VKT is calculated to assess the maximum usage intensity for EV users (see Fig. 3b). 

It can be noted that the average maximum daily VKT of personal EVs change from 80.7 km to 88.3 km on 

weekdays (M-W U test, p<0.001) and from 80.0 km to 77.8 km on weekends (M-W U test, p=0.003); while 

electric taxis increase slightly from 246.0 km to 271.8 km on weekdays (M-W U test, p<0.001) and from 190.9 

                                                              

  



km to 225.6 km on weekends (M-W U test, p<0.001). All above, under the condition of p<0.001, the maximum 

daily VKT of personal EVs has increased by 9.4% on weekdays, while the results of electric taxis increase 

10.4% on weekdays and 18.3% on weekends, respectively.  

4.2 Average Battery Utilisation Rate 

Considering the potential material waste of the increasing AER, battery utilisation rate is calculated to assess 

the proportional values rather than absolute values. Because larger battery capacity sometimes may result in 

more purchase cost (Yang, 2022), higher energy consumption (Nykvist et al., 2019; Yang, 2022; Zhao et al., 

2023) and even more environmental pollution when recycling batteries (Dehghani-Sanij et al., 2019). It should 

be found that the maximum battery utilisation rate for personal EVs in 2021 is lower than that in 2018 (see 

the comparisons of green- and blue line, and orange- and red line in Figs. 3a-b). The calculation method is 

provided in Appendix D. Specifically, about 2.1% of personal EV users had a maximum daily VKT exceeding 

100% AER in 2018, but this situation almost disappears by 2021. Almost no personal user travels more than 

the vehicle AER in one day. No more than 24.5% (9.3%) of personal EV users uses more than 50% of AER 

in a day on weekdays (weekends) in 2018. This proportion becomes 15.7% on weekdays and 9.5% on 

weekends in 2021. The increasing AER would keep more battery materials in standby states in the daily usages 

of personal EVs. The travel demand determines the battery usage. In terms of application scenarios for electric 

taxis, the maximum battery utilisation rate to reach 100% AER drops from 59.1% to 48.2% on weekdays 

between 2018 and 2021, while it has a similar proportion on weekends (35.3% and 33.4%, respectively). It 

can be illustrated that although daily VKT of electric taxis has increased significantly, the battery material 

usage intensity still declines slightly with the increasing power battery capacity.  

 

Fig.4. Battery utilisation rate for EVs operating in 2018 and 2021. The cumulative density function of the 

maximum battery utilisation rate for a personal EVs and b electric taxis, respectively. 

4.3 Distance between Two Charges 

Another distance-related analysed in this paper is the distance travelled between two continuous charging 

events. Similarly, the descriptive results are provided firstly and examined with M-W U test to illustrate the 

significance difference, shown in Fig.5. The specific figures are provided in Appendix E.  



 

Fig.5. a Distance and b battery utilisation rate between two continuous charging events. 

On the one hand, the average of electric taxis increases by approximately 20.0% from 113.7 km to 136.5 

km (M-W U test, p<0.001), while the average distance of personal EVs increase by 16.7% from 131.9 km to 

153.9 km (M-W U test, p<0.001). In terms of quartiles, the first quartile of personal EVs increases slightly 

(approx. 4.6%) while the third quartile increases significantly (approx. 19.8%), illustrating significant growth 

in personal users with higher distance travelled between two charges. Distance between two charges of electric 

taxis in the first quartile increases from 93.5 km in 2018 to 112.3 km in 2021, the third quartile increases from 

132.6 km to 156.9 km, and the median increases from 114.2 km to 131.1 km. It suggests that the distributions 

of electric taxis move in the direction of longer mileage.  

On the other hand, with the increase of the AER, it can be noted that the battery utilisation rates (i.e., the 

proportion between distance between two continuous charging events and AER) have a similar distribution 

for electric taxis in 2018 and 2021. The average rate only changes from 50.1% to 49.5% (M-W U test, p=0.231). 

There are also no major differences in the distribution of quartiles with an average AER increase of 26.5%. In 

contrast, the total distribution of personal EVs decreases significantly. The average rate reduces from 51.2% 

to 42.1% (M-W U test, p<0.001).  

5. Understanding EV Plug-In Charging Habits.  

EV charging plug-in habits should be focused on much more, especially for the ramping EV amount in 

recent years. Understanding when, where, and how often drivers plug in their EVs is crucial for optimising 

charging infrastructure and energy management (Li et al., 2023; Powell et al., 2022). As the EV market 

expands, focusing on charging behaviours can help prevent grid overload (Williams et al., 2024), keep the 

safety of power quality (Kalla et al., 2019), improve charging station availability (Bin Irshad et al., 2020), and 

enhance overall user experience. Specifically, plug-in time and plug-in battery SOC determine the influence 

period of EVs on the power gird. Power selection affects the magnitude of impact. Plug-in battery SOC and 

remaining mileage represents the attitude of EV users. The analysis and comparison not only focus on 

individual features but also related these features with different application scenarios and different charging 

levels in different years in this section. Different from the travel habits, we provide the plug-in charging 

behaviour feature distributions from event-based and analysed the total probability changes from user-based. 

5.1 Plug-in Time and Battery SOC 

The first finding of plug-in charging habits is about the relationship between EV charging plug-in time and 

plug-in battery SOC. Because the operation of the power distribution network has a strong periodicity, the 

plug-in time and access duration both have an implication on the peak-to-peak load and peak-filling capacity. 

The results for electric taxis are provided in Fig.6. The time distributions have shown significant changes for 

                                                              

  



both fast- and slow-charging on weekdays and weekends between 2018 and 2021 (all M-W U test, p<0.001). 

Previous fast-charging habits from 9 a.m. to 6 p.m. transfers into a significant peak at 16:00 p.m. Some other 

fast-charging events can be found after 11 p.m. until the morning-peak. While previous slow-charging habits 

concentrate at around 10 p.m. transfers into other time slots, therefore, we compare and analyse the time 

transition between two continuous charging events. It’s important to note that in 2018, most taxi drivers charge 
their vehicles at around 10 p.m. The percentage of slow charging at 10 p.m. on two continuous days is about 

5.7%. The proportion of transitions between charging from 10 a.m. to 2 p.m. and from 6 p.m. to 10 p.m. 

reaches 26.5%. However, by 2021, fast charging becomes more prevalent, leading to a significant drop in slow 

charging at night, with the percentage of charging at 10 p.m. falling to less than 1% on both the day before 

and the day after. In contrast, the proportion of transitions between two charges from 11 a.m. to 3 p.m. and 

from 8 p.m. to midnight rises to 25.1%.  

 

Fig. 6 Electric taxi plug-in time and initial battery charging SOC. a Fast-charging habits and b slow-

charging habits on weekdays; c Fast-charging habits and d slow-charging habits on weekends. 

In terms of the plug-in battery SOC of electric taxis, the average values and quartiles are provided in Table 

4. There shows a negligible change in average slow-charging initial battery SOC on weekends (M-W U test, 

p=0.618), while a significant change of fast charging (M-W U test, p<0.001). However, from the perspective 

of quartiles, there shows a trend moving to lower SOC. Moreover, the average of fast-charging initial battery 

SOC on weekdays is almost no change (M-W U test, p=0.271), while the average of slow-charging increases 

approximately 2.5 % (M-W U test, p<0.001). There is also a similar trend in quartiles.  

Table 4 Statistical results of the initial battery SOC for electric taxis in 2018 and 2021 

Day Mode Year Average/% First quartile/% Median/% Third quartile/% 

Weekend 

Fast 
2018 43.4 28.0 42.0 57.0 

2021 41.4 25.0 40.0 56.0 

Slow 
2018 44.9 27.0 44.0 62.0 

2021 44.6 24.0 42.0 63.0 

Weekday 

Fast 
2018 43.8 30.0 43.0 57.0 

2021 43.5 28.0 43.0 58.0 

Slow 
2018 42.5 25.0 41.0 58.0 

2021 45.1 26.0 44.0 62.0 

The results of personal EVs are provided in Fig.7. The fast-charging habits have not changed too much on 

weekends between 2018 and 2021 (M-W U test, p=0.025), whereas there has been more fast-charging at 

morning- and evening peaks on weekdays in 2021 than that in 2018 (M-W U test, p<0.001). More concentrated 

distribution of the slow-charging plug-in time around 6 p.m. to 8 p.m. is observed both on weekdays (M-W U 

test, p<0.001) and weekends (M-W U test, p<0.001) in 2021 than that in 2018. However, this period is the 

evening peak of the power grid. The proportion of the charging events between 8 p.m. and 2 a.m. reduces 

from approximately 28.1% (~30.2%) to 21.4% (~22.8%) on weekends (weekdays), while the proportion of 

the period between 6 p.m. to 8 p.m. increases about 4.3% (~9.2%) in 2021. The shift on weekdays is more 

significantly. Although the slow-charging power remains concentrated at the original levels (see Fig. 2), it can 



be inferred that more EV charging impact for personal EVs may be on the night peak of the power distribution 

network, especially with a ramping deployment amount.  

 

Fig. 7 Personal EV plug-in time and initial battery charging SOC. a Fast-charging habits and b slow-

charging habits on weekdays; c Fast-charging habits and d slow-charging habits on weekends. 

In terms of plug-in battery charging SOC of personal EVs, shown in Table 5, the average changes 

significantly both for fast- (increase about 2.0%) and slow-charging (reduces about 2.0%) on weekdays, and 

slow-charging on weekends also has a significant change (also reduces about 2.8%). However, the change of 

average fast-charging plug-in battery SOC doesn’t change a lot (M-W U test, p=0.025). Furthermore, the 

quartiles of fast charging all increase slightly, while the values of slow charging reduce a few with more 

pronounced in high SOC intervals. Nevertheless, all plug-in battery SOC doesn’t change a lot, and it is only 
a relative value involving battery capacity. Thus, it is necessary to assess the absolute value of the changes 

considering AER increases.  

Table 5 Statistical results of the initial battery SOC for personal EVs in 2018 and 2021 

Day Mode Year Average/% First quartile/% Median/% Third quartile/% 

Weekend 

Fast 
2018 38.4 22.0 36.0 52.0 

2021 39.1 24.0 37.0 53.0 

Slow 
2018 50.8 33.0 51.0 69.0 

2021 48.0 32.0 47.0 64.0 

Weekday 

Fast 
2018 37.9 22.0 35.0 52.0 

2021 39.9 24.0 38.0 54.0 

Slow 
2018 50.5 33.0 50.0 68.0 

2021 48.5 33.0 48.0 64.0 

5.2 Charging Power Selection 

The charging power selection distributions in each hour of the day are shown in Fig.8. It can be noted that 

the charging method of personal EVs between weekdays and weekends are similar in each year. However, 

more slow-charging proportion is observed in 2021 than in 2018 during most hours in a day. Conversely, 

electric taxi drivers have more intentions to charge the vehicle with a fast-charging method. The main 

difference between 2018 and 2021 is the proportion of the fast charging for electric taxis during the period of 

the night peak and the early morning. In addition, the percentage choosing fast charging between 10 a.m. and 

12 a.m. on weekdays and 8 a.m. and 12 a.m. on weekends drops by 8.2% and 14.1% on average, respectively. 

In general, the proportion of fast charging for personal EVs is about 22.2% in 2018 and 23.9% similarly in 

2021, while the fast-charging proportion for electric taxis is about 43.3% in 2018 and increased into 56.1% in 

2021. Significant fast-charging technology applications of electric taxis was observed in 2021.  

    
    

                                                   
    
    

    
    

    
    

                                                     

  
  
  

  
  
  



 
Fig.8. The plug-in time distribution of the charging method section proportion in 2018 and 2021. 

Personal EVs on a weekdays and b weekends; Electric taxis on c weekdays and d weekends. 

 

5.3 Remaining Mileage when Charging 

Differ from the results of initial battery charging SOC in Section 5.1, the remaining mileage at the start of 

charging is an absolute value. In previous studies, when considering assessing or analysing the range anxiety, 

some used SOC (Pevec et al., 2020; Zhang et al., 2021) while others used remain mileage (Yuan et al., 2018; 

Pevec et al., 2020; Rainieri et al., 2023) to reflect the user psychology. It is tight to determine which indicator 

can reflect the range anxiety more significantly. The distributions of the remaining mileage at the start of 

charging are provided in Fig.9. The statistical results of average and quartiles are shown in Appendix E.  

                          

                        

                          

                          

  



 

Fig. 9 Remaining mileage at the start of charging.  Electric taxis on a weekdays and b weekends; Personal 

EVs on c weekdays and d weekends. 

For electric taxis, the average value increases by around 10.1% of fast charging and 22.5% of slow charging 

on weekends (M-W U test, p<0.001). On weekdays, the increases are even higher, with fast charging rising 

by approximately 16.3% and slow charging by 33.3% (M-W U test, p<0.001). The growth rates of the first 

quartiles are lower than that of the third quartiles both on weekends and weekdays, illustrating that taxis with 

a higher remaining range might charge more frequently.  

For personal EVs, the average remaining mileage when charging increases by 42.8% of fast charging and 

32.0% of slow charging on weekends (M-W U test, p<0.001). This is different from the results of electric 

taxis, whereas higher growth in fast-charging behaviours than that in slow-charging behaviours. On weekdays, 

the situation is similar, that 45.0% increases in fast charging and 33.4% increase in slow charging (M-W U 

test, p<0.001). In terms of the shape of the distributions, there shows a quite high-proportion fast-charging 

first quartile of the remaining mileage in 2018. The values for all quartiles are significantly higher in 2021 but 

remain more concentrated in the first quartile.  

6. Implication of Range Anxiety 

6.1 Assessments 

All in all, the purpose of enhancing AER and charging power is to improve usage confidence and experience 

of EV users. Range anxiety is the most important indicator affecting the development of EVs from the 

perspective of users. Therefore, we use initial battery SOC and remaining mileage when charging to assess 

the changes of range anxiety between 2018 and 2021. There two indicators are persuasive and always analysed 

in previous studies (Yuan et al., 2018; Pevec et al., 2019, 2020; Zhang et al., 2021; Rainieri et al., 2023; 

                                              

                                          

  

  



Carbon and Gebauer, 2017; Shrestha et al., 2022). However, it still has some arguments about which one is 

much more suitable to be used in assessment. For instance, Rainieri et al. (2023) figured out that people are 

more influenced by the remaining driving range than the SOC when making decisions about how far they are 

willing to drive to reach another charging station. In contrast, Zhang et al. (2021) considered that battery SOC 

is the determining factor of the charging decision. Nevertheless, we assess these two indicators using ordinary 

least squares (OLS) algorithm (Zhang et al., 2021; L. Zhao et al., 2023a). The aim for this assessment is to 

describe the real-world situation and its changes rather than argue which indicator is more suitable to define 

the range anxiety, because it operates as a rhetorical construction that is neither purely technical nor 

psychological (Noel et al., 2019). The basic models for SOC and remaining mileage are provided as equations 

(1) and (2). The logarithm is used in this paper, because it can reduce the absolute value of the data to facilitate 

calculation and easily eliminate heteroskedasticity in the obtained data (Zhang et al., 2021).  

 , 0 , 0 , 0 0 0ln ln ln , ,
i y i y i y

SOC P AER X i I y Y    = + + + +    (1) 

 , 1 , 1 , 1 1 1ln ln ln , ,
i y i y i y

RM P AER X i I y Y    = + + + +    (2) 

 , , , 100, ,
i y i y i y

RM SOC AER i I y Y=     (3) 

where ln SOCi,y refers to the SOC of the i-th charging event in y-th year; ln RMi,y refers to the remaining 

mileage of the i-th charging event in y-th year. As the variables affecting range anxiety, we expect that more 

SOC and mileage left, the greater the user’s anxiety. The relation between RM and SOC is provided in equation 

(3). ln Pi,y represents the charging power of the i-th charging event in y-th year; ln AERi,y is the AER for the 

vehicle of the i-th charging event in the y-th year. X represents the control variables, including ln CuMi,y, ln 

DBSi,y, Dayi,y and Timei,y. α and β represent the regression coefficient. ε is the random error term, and ξ 
represents a constant term. Among the control variables, ln CuMi,y represents the natural logarithm of the total 

mileage for the vehicle of the i-th charging events in the y-th year. ln DBSi,y is the natural logarithm of the 

distance since last charge of the i-th charging events in the y-th year, which is analysed in Section 4.3. Day 

represents the charging event is on a workday or non-workday, which is in the line with the results in previous 

sections. Time is the plug-in time, which is analysed in Section 5.1.  

The natural logarithm used in this model makes it to be interpreted as elasticity, i.e., implicit variable 

changes proportionally with independent variables. The results are provided in Table 6. According to equation 

(3), the difference between ln SOC and ln RM is in the terms of ln AER and constant, thus, ln P and other 

control variables are not provided in the results of ln RM.  

Table 6 Results of initial battery charging SOC for regression analysis. 

 Variables 
Personal EVs Electric taxi 

y=2018 y=2021 y=2018 y=2021 

ln SOC 

ln P 
-0.143*** 

(0.003) 

-0.124*** 

(0.001) 

0.012*** 

(0.004) 

-0.055*** 

(0.005) 

ln AER 
0.202*** 

(0.019) 

0.115*** 

(0.003) 

0.344*** 

(0.019) 

-0.059*** 

(0.022) 

Day 
0.001 

(0.006) 

0.045*** 

(0.002) 

-0.017** 

(0.007) 

0.072*** 

(0.010) 

ln CuM 
-0.008*** 

(0.002) 

-0.004*** 

(0.001) 

-0.075*** 

(0.004) 

-0.008** 

(0.006) 

ln DBS 
-0.276*** 

(0.004) 

-0.292*** 

(0.001) 

-0.370*** 

(0.004) 

-0.292*** 

(0.005) 

Time 
-0.146*** 

(0.010) 

-0.156*** 

(0.003) 

-0.307*** 

(0.013) 

0.009 

(0.015) 

Constant 
4.315*** 

(0.110) 

4.763*** 

(0.019) 

4.340*** 

(0.093) 

5.478*** 

(0.143) 

ln RM 

ln AER 
1.202*** 

(0.019) 

1.115*** 

(0.003) 

1.344*** 

(0.019) 

0.941*** 

(0.022) 

Constant 
-0.291*** 

(0.111) 

0.158*** 

(0.018) 

-0.266*** 

(0.093) 

0.873*** 

(0.143) 



Note: (i) Entries in parentheses are standard error. (ii) *, **, *** indicate significant at the statistical level of 

10%, 5% and 1% respectively. 

In terms of personal EVs, charging power has a negative impact on the initial battery charging SOC both in 

2018 (α=-0.143) and 2021 (α=-0.123). This result is same as the findings of previous studies emphasising that 

the increase of charging power can alleviate range anxiety are consistent (Zhang et al., 2021). Moreover, the 

regression coefficient on the AER in 2018 and 2021 shows a positive relation between AER and SOC, 

indicating that longer AER users will leave more SOC. The same trends are in the regression coefficient on 

the AER to RM. There is a change in correlation of electric taxis between 2018 and 2021. The regression 

coefficient on the charging power is 0.012 in 2018, while it changes into -0.055 in 2021, illustrating the initial 

charging SOC for electric taxis decreases with the increased charging power in 2021.  The impact of AER on 

initial charging SOC is 0.344, while it also changes into negative (β=-0.059) in 2021. Considering the 

influence of AER on remaining mileage, the regression coefficient changes of electric taxis in 2018 and 2021 

suggests that higher AER results in more remaining mileage left when electric taxi driver charging their 

vehicles.  

6.2 Discussions 

Based on the statistical results in this paper, the first notable observation is that charging power and AER 

have increased significantly in 2021. However, there have been only minor increases in average and maximum 

daily VKT on weekdays for personal EVs, despite a 50.8% rise in AER and a 13.9% increase in average 

charging power (see Section 3). Additionally, the distance between charges has only increased by 16.7%, 

which is much lower than the AER increase (see Section 4.3). Our findings suggest that current EVs can meet 

the daily travel demands of more than 99.5% of personal EV users in 2021 (see Section 4.2). However, 

compared to the 2009 survey results on ICEVs, Zhou et al., (2020) concluded that a 300-mile range is 

necessary to cover 90% of drivers' travel needs in Beijing. Based on the cumulative probability distribution of 

daily travel mileage for consumers in China, Liu et al., (2023) suggested that a 300-km range EV can satisfy 

98.6% of people’s daily travel scenarios. In contrast, the average AER of personal EVs in this study is only 

around 230 miles. The data analysed reflect the results under current AER constraints, meaning we are unable 

to assess users who typically drive longer daily VKTs with ICEVs. This indicates that high-intensity EV users 

remain relatively uncommon in our sample, inferring more EV usage in daily commuter scenarios (Cui et al., 

2022). It should also be noted that with a higher AER, more battery materials are left idle. Our analysis shows 

about a 40% increase in idle materials in 2021 (combining the results on weekdays and weekends), based on 

the remaining mileage when users charge their vehicles. The increased use of battery materials could lead to 

more environmental pollution, especially in battery manufacturing and recycling processes (Nie et al., 2024). 

As a result, many studies have focused on determining the optimal AER for different EV users (Noel et al., 

2020; Zhou et al., 2020, 2023). Increasing battery capacity also raises costs, potentially affecting users with 

lower usage intensity (Liu et al., 2023; Yang, 2022; Zhou et al., 2023). In contrast, the effect of increased AER 

and charging power on electric taxis has been relatively obvious. A 26.5% increase in AER and a 29.9% 

increase in charging power are observed alongside approximately a 15.2% rise in daily VKT (see Sections 3 

and 4). Around 48% of electric taxi users can meet their daily travel demands with the vehicle’s battery 
capacity (average AER is about 177 miles). This is lower than the finding that electric taxis with a 220-mile 

range can meet the needs of about 90% of drivers (Zhou et al., 2020). However, the gap in daily VKT between 

electric- and traditional taxis has been narrowing, though a difference of around 100 km remains (Hao et al., 

2020). Nevertheless, batteries store energy through chemicals, while fuel tanks do not convert energy by being 

mere containers themselves. If the battery is designed for excessive mileage, like a fuel tank, then the balance 

among material usage rate, cost and energy consumption need to be well thought out (Meinrenken et al., 2020).  

Another issue discussed in this paper is range anxiety. Based on the study results, it is evident that increasing 

charging power has a greater effect on mitigating range anxiety than extending the AER (see Section 6.1). A 

longer AER results in drivers charging their vehicles with more remaining mileage, and the initial battery 

charging SOC has shown only slight variation between 2018 and 2021. This doesn't mean that longer AER 

will lead to more range anxiety, however it is consistent with previous research suggesting that charging 

technology is more effective at alleviating users' range anxiety than gains in AER (Melliger et al., 2018; 

Shrestha et al., 2022; Liu et al., 2023). Therefore, it may be inferred that remaining SOC is more suitable for 

assessing range anxiety because the hypothesis of more AER will bring less remaining mileage is not true. 

The convenience and availability of more charging options may give users greater confidence in using their 



vehicles without worrying about running out of charge, such as more public charging stations, private charging 

piles and higher charging power (see Sections 3.2 and 5.2). Unlike traditional refueling behavior, where the 

filling stations are not spread throughout every neighbourhood and street, charging infrastructure offers more 

frequent opportunities to replenish energy. For instance, in Beijing, the number of public charging stations 

increased from 2,100 in 2018 to 5,850 in 2021, and the number of charging piles rose from 21,100 to 96,000. 

According to Beijing’s 14-th Five-Year Plan, 60% of new EVs should be accompanied by supporting personal 

charging facilities. While we couldn't find 2018 data for comparison, it can be believed that, with policy 

support, the 2021 figures are certainly higher than those of 2018. Therefore, although AER has increased, the 

results of distance between two charges and SOC distributions suggest that users are not waiting until their 

batteries are fully depleted before charging. This is likely because they now have more opportunities to charge 

their vehicles both spatially and temporally.  

7. Conclusions 

Based on a large-scale real-world EV operation data in Beijing, this paper provides an in-depth 

understanding of EV travel habits and plug-in habits between 2018 and 2021. In these two different years, the 

AER of personal EVs increases about 50.8%and the results of electric taxis increases about 26.5%. Besides, 

charging power also has a 13.9% increase for personal EVs, while it increases more for electric taxis, about 

29.9%. Compared to the vehicle technology and charging technology in 2018, it has a significant improvement 

in 2021.  In the condition of possible less charging duration and longer travel distance, we find that the daily 

VKT of electric taxis increase by 13.5% on weekdays and 17.1% on weekends. However, there only about 

7.9% increase of personal EVs in weekdays. Moreover, the maximum daily VKT of personal EVs can be 

covered by the AER without a charge in 2021, while this value is about 98% in 2018. It shows a more battery 

utilisation of electric taxis in 2021. In terms of distance between two charges, there are both a few increases 

for personal EVs (16.7%) and electric taxis (20.0%). However, the results of SOC between two charges of 

electric taxis are not significant, and it shows a 9.1% reduction in personal EVs. In terms of charging habits, 

more concentrated distribution of the slow-charging plug-in time around 6 p.m. to 8 p.m. is observed both on 

weekday and weekends in 2021 than that in 2018. The average slow-charging plug-in battery charging SOC 

of personal EVs reduce about 2.0% on weekdays and weekends, while the average fast-charging initial SOC 

increases 2.0% on weekdays between 2018 and 2021. Charging time distributions of electric taxis has changed 

a lot between 2018 and 2021. The average of slow-charging increases approximately 2.6% on weekdays, while 

the average of fast-charging reduces about 2.0% on weekends. The remaining mileage before charging for 

both personal EVs and electric taxis has increases significantly. Finally, the results also indicate that as 

charging power increases, there is a significant decline in range anxiety calculated by the state-of-charge 

before charging (rather than remaining mileage before charging), a trend not observed with increasing AER. 

There are some limitations of this paper, including: 

1. User attributes are important for assessing the range anxiety, which is always collected from traditional 

questionnaires. However, limited by the collection path, the EV data has not been matched with user 

information. If it is possible to combine data-driven method with survey in the future, the results can 

be more abundant and detailed. For example, analysing user behaviour based on different attributes 

such as age, income, or driving experience could provide valuable insights into how various 

demographic groups experience and manage range anxiety. This approach would enable a more tailored 

understanding of user behaviour, potentially improving the design of charging infrastructures and EV 

features to better meet diverse user demands. 

2. During the SOC and mileage calculation, the battery aging was excluded because we cannot require the 

true real-time battery capacity. Battery health estimation is a complex process. Although we considered 

cumulative mileage of EVs, these errors may still affect vehicles with a long total distance. The impact 

of battery state-of-health on behaviour changes can be considered in future studies. An accurate battery 

health estimation model could be integrated into the range anxiety assessment model to provide more 

reliable insights into how battery degradation influences range anxiety and usage patterns over time.  

Acknowledgments 

This work was jointly supported by National Key Research and Development Program of China under 

Grant 2022YFE0103000 and Beijing Nova Program under Grant 20220484105.  



Reference 

Amer, M., Masri, J., Dababat, A., Sajjad, U., Hamid, K., 2024. Electric vehicles: Battery technologies, charging 

standards, AI communications, challenges, and future directions. Energy Convers. Manag. X 24, 100751. 

https://doi.org/10.1016/j.ecmx.2024.100751 

Bin Irshad, U., Rafique, S., Town, G., 2020. Stochastic modelling of electric vehicle behaviour to estimate available 

energy storage in parking lots. IET SMART GRID 3, 760–767. https://doi.org/10.1049/iet-stg.2020.0011 

Calearo, L., Marinelli, M., Ziras, C., 2021. A review of data sources for electric vehicle integration studies. Renew. 

Sustain. Energy Rev. 151, 111518. https://doi.org/10.1016/j.rser.2021.111518 

Carbon, C.-C., Gebauer, F., 2017. The Safe-Range-Inventory (SRI): An assistance tool for optimizing the charging 

infrastructure for electric vehicles. Transp. Res. Part F Traffic Psychol. Behav. 47, 101–113. 

https://doi.org/10.1016/j.trf.2017.04.011 

Chen, X., Zhang, H., Xu, Z., Nielsen, C.P., McElroy, M.B., Lv, J., 2018. Impacts of fleet types and charging modes 

for electric vehicles on emissions under different penetrations of wind power. Nat. Energy 3, 413–421. 

https://doi.org/10.1038/s41560-018-0133-0 

Cui, D., Wang, Z., Liu, P., Wang, S., Zhang, Z., Dorrell, D.G., Li, X., 2022. Battery electric vehicle usage pattern 

analysis driven by massive real-world data. Energy 250, 123837. 

https://doi.org/10.1016/j.energy.2022.123837 

Cui, D., Wang, Z., Liu, P., Wang, S., Zhao, Y., Zhan, W., 2023. Stacking regression technology with event profile for 

electric vehicle fast charging behavior prediction. Appl. Energy 336, 120798. 

https://doi.org/10.1016/j.apenergy.2023.120798 

Dehghani-Sanij, A.R., Tharumalingam, E., Dusseault, M.B., Fraser, R., 2019. Study of energy storage systems and 

environmental challenges of batteries. Renew. Sustain. Energy Rev. 104, 192–208. 

https://doi.org/10.1016/j.rser.2019.01.023 

Falchetta, G., Noussan, M., 2021. Electric vehicle charging network in Europe: An accessibility and deployment 

trends analysis. Transp. Res. Part Transp. Environ. 94, 102813. https://doi.org/10.1016/j.trd.2021.102813 

Franke, T., Krems, J.F., 2013. What drives range preferences in electric vehicle users? Transp. Policy 30, 56–62. 

https://doi.org/10.1016/j.tranpol.2013.07.005 

Gellrich, M., Block, A., Leikert-Böhm, N., 2022. Spatial and temporal patterns of electric vehicle charging station 

utilization: a nationwide case study of Switzerland. Environ. Res. Infrastruct. Sustain. 2, 021003. 

https://doi.org/10.1088/2634-4505/ac6a09 

Giansoldati, M., Danielis, R., Rotaris, L., Scorrano, M., 2018. The role of driving range in consumers’ purchasing 
decision for electric cars in Italy. Energy 165, 267–274. https://doi.org/10.1016/j.energy.2018.09.095 

Habla, W., Huwe, V., Kesternich, M., 2021. Electric and conventional vehicle usage in private and car sharing fleets 

in Germany. Transp. Res. Part Transp. Environ. 93, 102729. https://doi.org/10.1016/j.trd.2021.102729 

Hao, X., Wang, H., Lin, Z., Ouyang, M., 2020. Seasonal effects on electric vehicle energy consumption and driving 

range: A case study on personal, taxi, and ridesharing vehicles. J. Clean. Prod. 249, 119403. 

https://doi.org/10.1016/j.jclepro.2019.119403 

Hecht, C., 2023. Usage overview, prediction, and siting optimization for electric vehicles public charging 

infrastructure with machine learning and big data methods (Dissertation). Rheinisch-Westfälische Technische 

Hochschule Aachen. 

Hu, D., Zhou, K., Li, F., Ma, D., 2022. Electric vehicle user classification and value discovery based on charging big 

data. Energy 249, 123698. https://doi.org/10.1016/j.energy.2022.123698 

Huang, Z., Loo, B.P.Y., Axhausen, K.W., 2023. Travel behaviour changes under Work-from-home (WFH) 

arrangements during COVID-19. Travel Behav. Soc. 30, 202–211. https://doi.org/10.1016/j.tbs.2022.09.006 

Isik, M., Dodder, R., Kaplan, P.O., 2021. Transportation emissions scenarios for New York City under different 

carbon intensities of electricity and electric vehicle adoption rates. Nat. Energy 6, 92–104. 

https://doi.org/10.1038/s41560-020-00740-2 

Jenn, A., 2020. Emissions benefits of electric vehicles in Uber and Lyft ride-hailing services. Nat. Energy 5, 520–525. 

https://doi.org/10.1038/s41560-020-0632-7 

Kalla, U.K., Suthar, R., Singh, B., 2019. Improved power quality charging scheme for heavy‐duty vehicle battery 
swapping stations. IET Power Electron. 12, 3422–3437. https://doi.org/10.1049/iet-pel.2018.6168 

Langbroek, J.H.M., Franklin, J.P., Susilo, Y.O., 2018. How would you change your travel patterns if you used an 

electric vehicle? A stated adaptation approach. Travel Behav. Soc. 13, 144–154. 

https://doi.org/10.1016/j.tbs.2018.08.001 

Lei, T., Guo, S., Qian, X., Gong, L., 2022. Understanding charging dynamics of fully-electrified taxi services using 

large-scale trajectory data. Transp. Res. Part C Emerg. Technol. 143, 103822. 

https://doi.org/10.1016/j.trc.2022.103822 

Li, X., Wang, Z., Zhang, L., Sun, F., Cui, D., Hecht, C., Figgener, J., Sauer, D.U., 2023. Electric vehicle behavior 

modeling and applications in vehicle-grid integration: An overview. Energy 268, 126647. 

https://doi.org/10.1016/j.energy.2023.126647 



Lin, B., Yang, M., 2024. Changes in consumer satisfaction with electric vehicle charging infrastructure: Evidence 

from two cross-sectional surveys in 2019 and 2023. Energy Policy 185, 113924. 

https://doi.org/10.1016/j.enpol.2023.113924 

Liu, X., Zhao, F., Geng, J., Hao, H., Liu, Z., 2023. Comprehensive assessment for different ranges of battery electric 

vehicles: Is it necessary to develop an ultra-long range battery electric vehicle? iScience 26, 106654. 

https://doi.org/10.1016/j.isci.2023.106654 

Lyu, W., Hu, Y., Liu, J., Chen, K., Liu, P., Deng, J., Zhang, S., 2024. Impact of battery electric vehicle usage on air 

quality in three Chinese first-tier cities. Sci. Rep. 14, 21. https://doi.org/10.1038/s41598-023-50745-6 

Meinrenken, C.J., Shou, Z., Di, X., 2020. Using GPS-data to determine optimum electric vehicle ranges: A Michigan 

case study. Transp. Res. Part Transp. Environ. 78, 102203. https://doi.org/10.1016/j.trd.2019.102203 

Melliger, M.A., Van Vliet, O.P.R., Liimatainen, H., 2018. Anxiety vs reality – Sufficiency of battery electric vehicle 

range in Switzerland and Finland. Transp. Res. Part Transp. Environ. 65, 101–115. 

https://doi.org/10.1016/j.trd.2018.08.011 

Muratori, M., 2018. Impact of uncoordinated plug-in electric vehicle charging on residential power demand. Nat. 

Energy 3, 193–201. https://doi.org/10.1038/s41560-017-0074-z 

Nie, S., Cai, G., Huang, Y., He, J., 2024. Deciphering stakeholder strategies in electric vehicle battery recycling: 

Insights from a tripartite evolutionary game and system dynamics. J. Clean. Prod. 452, 142174. 

https://doi.org/10.1016/j.jclepro.2024.142174 

Noel, L., Zarazua De Rubens, G., Kester, J., Sovacool, B.K., 2020. Understanding the socio-technical nexus of Nordic 

electric vehicle (EV) barriers: A qualitative discussion of range, price, charging and knowledge. Energy 

Policy 138, 111292. https://doi.org/10.1016/j.enpol.2020.111292 

Noel, L., Zarazua De Rubens, G., Sovacool, B.K., Kester, J., 2019. Fear and loathing of electric vehicles: The 

reactionary rhetoric of range anxiety. Energy Res. Soc. Sci. 48, 96–107. 

https://doi.org/10.1016/j.erss.2018.10.001 

Nykvist, B., Sprei, F., Nilsson, M., 2019. Assessing the progress toward lower priced long range battery electric 

vehicles. Energy Policy 124, 144–155. https://doi.org/10.1016/j.enpol.2018.09.035 

Pan, Y., Fang, W., Zhang, W., 2023. Development of an energy consumption prediction model for battery electric 

vehicles in real-world driving: A combined approach of short-trip segment division and deep learning. J. 

Clean. Prod. 400, 136742. https://doi.org/10.1016/j.jclepro.2023.136742 

Pevec, D., Babic, J., Carvalho, A., Ghiassi-Farrokhfal, Y., Ketter, W., Podobnik, V., 2020. A survey-based assessment 

of how existing and potential electric vehicle owners perceive range anxiety. J. Clean. Prod. 276, 122779. 

https://doi.org/10.1016/j.jclepro.2020.122779 

Pevec, D., Babic, J., Carvalho, A., Ghiassi-Farrokhfal, Y., Ketter, W., Podobnik, V., 2019. Electric Vehicle Range 

Anxiety: An Obstacle for the Personal Transportation Revolution? Presented at the 2019 4th International 

Conference on Smart and Sustainable Technologies (SpliTech), IEEE, Split, Croatia, pp. 1–8. 

https://doi.org/10.23919/SpliTech.2019.8783178 

Powell, S., Cezar, G.V., Min, L., Azevedo, I.M.L., Rajagopal, R., 2022. Charging infrastructure access and operation 

to reduce the grid impacts of deep electric vehicle adoption. Nat. Energy 7, 932–945. 

https://doi.org/10.1038/s41560-022-01105-7 

Rainieri, G., Buizza, C., Ghilardi, A., 2023. The psychological, human factors and socio-technical contribution: A 

systematic review towards range anxiety of battery electric vehicles’ drivers. Transp. Res. Part F Traffic 
Psychol. Behav. 99, 52–70. https://doi.org/10.1016/j.trf.2023.10.001 

Sandström, M., Huang, P., Bales, C., Dotzauer, E., 2023. Evaluation of hosting capacity of the power grid for electric 

vehicles – A case study in a Swedish residential area. Energy 284, 129293. 

https://doi.org/10.1016/j.energy.2023.129293 

Shrestha, S., Baral, B., Shah, M., Chitrakar, S., Shrestha, B.P., 2022. Measures to resolve range anxiety in electric 

vehicle users. Int. J. Low-Carbon Technol. 17, 1186–1206. https://doi.org/10.1093/ijlct/ctac100 

Siddique, C., Afifah, F., Guo, Z., Zhou, Y., 2022. Data mining of plug-in electric vehicles charging behavior using 

supply-side data. Energy Policy 161, 112710. https://doi.org/10.1016/j.enpol.2021.112710 

Tian, H., Sun, Y., Hu, F., Du, J., 2023. Charging Behavior Analysis Based on Operation Data of Private BEV 

Customers in Beijing. Electronics 12, 373. https://doi.org/10.3390/electronics12020373 

Wang, S., Chen, A., Wang, P., Zhuge, C., 2023. Short-term electric vehicle battery swapping demand prediction: Deep 

learning methods. Transp. Res. Part Transp. Environ. 119, 103746. https://doi.org/10.1016/j.trd.2023.103746 

Wei, W., Ramakrishnan, S., Needell, Z.A., Trancik, J.E., 2021. Personal vehicle electrification and charging solutions 

for high-energy days. Nat. Energy 6, 105–114. https://doi.org/10.1038/s41560-020-00752-y 

Williams, B., Bishop, D., Hooper, G., Chase, J.G., 2024. Driving change: Electric vehicle charging behavior and peak 

loading. Renew. Sustain. Energy Rev. 189, 113953. https://doi.org/10.1016/j.rser.2023.113953 

Xia, Y., Liao, C., Chen, X, Zhu, Z., Chen, X, Wang, L., Jiang, R., Stettler, M.E.J., Angeloudis, P., Gao, Z., 2023. 

Future reductions of China’s transport emissions impacted by changing driving behaviour. Nat. Sustain. 6, 
1228–1236. https://doi.org/10.1038/s41893-023-01173-x 



Yang, C., 2022. Running battery electric vehicles with extended range: Coupling cost and energy analysis. Appl. 

Energy 306, 118116. https://doi.org/10.1016/j.apenergy.2021.118116 

Yang, X., Peng, Z., Wang, P., Zhuge, C., 2023. Seasonal variance in electric vehicle charging demand and its impacts 

on infrastructure deployment: A big data approach. Energy 280, 128230. 

https://doi.org/10.1016/j.energy.2023.128230 

Yang, X., Zhuge, C., Shao, C., Huang, Y., Hayse Chiwing G. Tang, J., Sun, M., Wang, P., Wang, S., 2022. 

Characterizing mobility patterns of private electric vehicle users with trajectory data. Appl. Energy 321, 

119417. https://doi.org/10.1016/j.apenergy.2022.119417 

Yuan, Q., Hao, W., Su, H., Bing, G., Gui, X., Safikhani, A., 2018. Investigation on Range Anxiety and Safety Buffer 

of Battery Electric Vehicle Drivers. J. Adv. Transp. 2018, 1–11. https://doi.org/10.1155/2018/8301209 

Zhang, B., Niu, N., Li, H., Wang, Z., He, W., 2021. Could fast battery charging effectively mitigate range anxiety in 

electric vehicle usage?Evidence from large-scale data on travel and charging in Beijing. Transp. Res. Part 

Transp. Environ. 95, 102840. https://doi.org/10.1016/j.trd.2021.102840 

Zhang, J., Wang, Z., Miller, E.J., Cui, D., Liu, P., Zhang, Z., 2023. Charging demand prediction in Beijing based on 

real-world electric vehicle data. J. Energy Storage 57, 106294. https://doi.org/10.1016/j.est.2022.106294 

Zhao, L., Ottinger, E.R., Yip, A.H.C., Helveston, J.P., 2023a. Quantifying electric vehicle mileage in the United 

States. Joule 7, 2537–2551. https://doi.org/10.1016/j.joule.2023.09.015 

Zhao, Y, Jiang, Z., Chen, X., Liu, P., Peng, T., Shu, Z., 2023c. Toward environmental sustainability: data-driven 

analysis of energy use patterns and load profiles for urban electric vehicle fleets. Energy 285, 129465. 

https://doi.org/10.1016/j.energy.2023.129465 

Zhao, Y., Wang, Z., Shen, Z.-J.M., Sun, F., 2021. Assessment of battery utilization and energy consumption in the 

large-scale development of urban electric vehicles. Proc. Natl. Acad. Sci. 118, e2017318118. 

https://doi.org/10.1073/pnas.2017318118 

Zhao, Y., Wang, Z., Sun, Z., Liu, P., Cui, D., Deng, J., 2023b. Data-Driven Lithium-Ion Battery Degradation 

Evaluation Under Overcharge Cycling Conditions. IEEE Trans. Power Electron. 38, 10138–10150. 

https://doi.org/10.1109/TPEL.2023.3280576 

Zhou, W., Cleaver, C.J., Dunant, C.F., Allwood, J.M., Lin, J., 2023. Cost, range anxiety and future electricity supply: 

A review of how today’s technology trends may influence the future uptake of BEVs. Renew. Sustain. Energy 
Rev. 173, 113074. https://doi.org/10.1016/j.rser.2022.113074 

Zhou, Y., Wen, R., Wang, H., Cai, H., 2020. Optimal battery electric vehicles range: A study considering 

heterogeneous travel patterns, charging behaviors, and access to charging infrastructure. Energy 197, 116945. 

https://doi.org/10.1016/j.energy.2020.116945 

 

Appendix. A. Raw operating data example. 

Table A.1 Raw operating data example of an EV. 

Timestamp 
Velocity 

(km/h) 

Mileage 

(km) 

Battery SOC 

(%) 

Battery pack voltage 

(V) 

Battery pack current 

(A) 
Vehicle state 

2021-03-02 19:03:47 33.6 137,021.0 65.0 336.2 15.8 Driving 

2021-03-02 19:13:47 39.9 137,021.0 65.0 336.5 3.1 Driving 

2021-03-02 19:13:57 42.7 137,021.0 65.0 338.0 -38.6 Driving 

2021-03-02 19:14:07 37.2 137,021.0 65.0 336.4 8.1 Driving 

2021-03-02 19:14:17 42.2 137,021.0 65.0 337.1 -11.7 Driving 

… … … … … … … 

2021-03-02 20:20:06 0.0 137,053.0 55.0 328.6 -9.2 Charging 

2021-03-02 20:20:16 0.0 137,053.0 55.0 328.7 -9.2 Charging 

2021-03-02 20:20:26 0.0 137,053.0 56.0 328.7 -9.2 Charging 

2021-03-02 20:20:36 0.0 137,053.0 56.0 328.7 -9.2 Charging 

2021-03-02 20:20:46 0.0 137,053.0 56.0 328.8 -9.2 Charging 

… … … … … … … 

 

Appendix. B. Charging Power. 

Charging power is calculated by battery voltage and battery current. Real-time charging power can be 

calculated using the multiple between voltage and current. Due to these two parameters will be changing 

during the charging process, and the total charging power will show a reduction trend. Therefore, in order to 

recognise what kind of charging is, the average charging power in first 10 timeframes are used to determine 

the charging power selection. If the value is more than 10 kW, it will be determined as a fast-charging process; 

vice versa. The calculation should be followed by equation (s.1). 
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Ave =
t t

t

P U I dt
=
  (s.1) 

where P is the charging power, kw; U is the battery voltage at timeslot t, V; I is the battery current at timeslot 

t, A. 

Appendix. C. Daily Vehicle Kilometre Travelled. 

VKT is an important indicator to assess the intensity of the vehicle usage. It can be divided into different 

time dimensions, while daily VKT is used to analyse the daily mobility of EV users. Based on the statistical 

dataset for EVs in Table IV, all driving events should be integrated into a daily dimension. This process should 

be followed by equation (s.2) – (s.3). 

 ( ),daily d state =drving ,trip

v i n n

n N

VKT i I


=   (s.2) 

 ( ).max-daily max daily ,
v v i

VKT VKT i I=   (s.3) 

where daily VKTv,i is the result of the vth EV in the ith day, km; I is statistical period with the index of the day 

i; dtrip is the nth segment with the state of driving, km; Max-daily VKTv is the maximum daily VKT of the vth 

EV in the whole period (i.e., one month in this paper), km.  

Appendix. D. Battery Utilisation Rate. 

The calculation method of the BUR can be found in the paper proposed by Zhao et al., 2021. It can be used 

to assess the battery material waste of EVs. The calculation should be followed equation (s.4). Considering 

the maximum BUR (Max-BUR), the calculation method can be changed into equation (s.5), which is used in 

this paper.  

 
, , AER

v i v i v
BUR dailyVKT=   (s.4) 

 max- max-daily AER
v v v

BUR VKT=  (s.5) 

where BUR is the result of the vth EV in the ith day, %; max-BUR is the maximum result of the vth EV, %.  

Appendix. E. Statistical results. 

Table E.1 Statistical results of the daily VKT for electric taxis and personal EVs on weekdays and 

weekends in 2018 and 2021. 

Scenario Day Year Average/km First quartile/km Median/km Third quartile/km 

Personal 

Weekend 
2018 44.8 25.5 38.7 56.8 

2021 44.7 24.6 38.7 57.0 

Weekday 
2018 39.5 22.3 33.5 49.4 

2021 42.6 23.3 36.3 54.2 

Taxi 

 

Weekend 
2018 119.1 83.0 116.4 152.2 

2021 139.5 79.0 133.2 187.5 

Weekday 
2018 132.5 100.5 130.0 164.4 

2021 150.3 91.7 144.7 204.4 

 

Table E.2 Statistical results of the distance (battery utilisation rate) between two charges for electric taxis 

and personal EVs in 2018 and 2021 

Scenario Year Average/km (%) First quartile/km (%) Median/km (%) Third quartile/km (%) 

Personal 
2018 131.9 (51.2) 103.5 (40.4) 130.4 (50.6) 159.8 (61.7) 

2021 153.9 (42.1) 108.3(31.6) 146.4 (40.9) 191.5 (51.4) 

Taxi 
2018 113.7 (50.1) 93.5(41.0) 114.2 (49.2) 132.6 (58.4) 

2021 136.5 (49.5) 112.3 (41.2) 131.1(48.9) 156.9 (57.3) 

 



Table E.3 Statistical results of remaining mileage at the start of charging of electric taxis in 2018 and 2021 

Day Mode Year Average/km First quartile/km Median/km Third quartile/km 

Weekend 

Fast 
2018 105.9 65.8 100.0 138.0 

2021 116.3 70.6 111.8 156.0 

Slow 
2018 105.9 60.0 99.0 142.0 

2021 129.8 70.0 118.0 183.0 

Weekday 

Fast 
2018 104.4 66.0 98.7 135.0 

2021 121.4 77.0 116.4 160.5 

Slow 
2018 97.0 56.0 90.0 130.0 

2021 129.9 73.8 122.0 177.0 

 

Table E.4 Statistical results of remaining mileage at the start of charging of personal EVs in 2018 and 2021 

Day Mode Year Average/km First quartile/km Median/km Third quartile/km 

Weekend 

Fast 
2018 101.4 58.2 92.2 136.6 

2021 144.7 83.5 131.4 192.7 

Slow 
2018 130.8 81.0 126.9 177.1 

2021 172.3 106.6 160.6 227.2 

Weekday 

Fast 
2018 100.3 55.6 91.1 136.6 

2021 145.1 84.7 132.0 192.8 

Slow 
2018 129.6 80.9 125.4 174.5 

2021 172.3 108.5 161.2 225.9 

 


