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Abstract

:

Current trends are showing that the popularity of electric vehicles (EVs) has significantly increased over the last few years, causing changes not only in the transportation industry but generally in business and society. This paper covers one possible angle to the (r) evolution instigated by EVs, i.e., it provides the data science perspective review of the interdisciplinary area at the intersection of green transportation, energy informatics, and economics. Namely, the review summarizes data-driven research in EVs by identifying two main research streams: (i) socio–economic, and (ii) socio–technical. The socio–economic stream includes research in: (i) acceptance of green transportation in countries and among different populations, (ii) current trends in the EV market, and (iii) forecasting future sales for the green transportation. The socio–technical stream includes research in: (i) electric vehicle battery price and capacity and (ii) charging station management. This kind of study is especially important now when the question is no longer whether the transition from internal-combustion engine vehicles to clean-fuel vehicles is going to happen but how fast it will happen and what are going to be implications for society, governmental policies, and industry. Based on the presented literature review, the paper also outlines the most significant open questions and challenges that are yet to be solved: (i) scarcity of trustworthy (open) data, and (ii) designing a generalized methodology for charging station deployment.
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1. Introduction


In the last five years, electric vehicles (EVs) have gained increased popularity [1]. There are multiple reasons behind that fact. Firstly, technology is constantly advancing, and considering research and development trends today, wide acceptance of EVs is a step in the evolution of public and private transport. Secondly, the transportation sector is considered to be one of the main contributors to CO2 emissions, one of the crucial factors behind climate change [2]. Wider acceptance of EVs, and of green transportation in general, is one of the possible solutions to lower those emissions that are part of the greenhouse gases (GHG), as stated by Saber and Venayagamoorthy [3]. Finally, from the economics point of view, EVs are sustainable (i.e., when they are sourced through renewable sources, such as solar energy, wind energy, or biomass energy) and the price of electricity is by order of magnitude lower than the price of fossil fuels (Granovskii et al. [4]) which is an important factor for consumers.



Even with the current growing trend of the EV market share, there are several main obstacles for EVs to release their full potential: battery capacity, battery price, charging time, and availability of charging stations. Nowadays, EV batteries have limited range that they can cover while being fully charged, and as the range increases, so does the price of the battery, which based on our literature review (see Section 4 and Section 4.1), is a major influence between potential EV owners. In 2014, the price for an average EV battery, i.e., 30 kWh, was around 12,000 USD and EVs powered by that kind of battery could travel approximately 100 km [5]. The forecast is that in the following years, due to technological advances, the price of batteries will significantly drop [6]. Apart from batteries, a particular focus is placed on charging infrastructure development, i.e., infrastructure used by EV owners to recharge their EVs. The main problem with charging stations is that their infrastructure is scarce, especially in underdeveloped countries [7] (e.g., Croatia has a small number of charging stations, and their placement and control is decentralized and unplanned). Also, before-mentioned factors (i.e., small battery capacity and underdeveloped charging infrastructure) together result in the phenomenon known as range anxiety. Neuber and Wood [8] define range anxiety as fear of running out of electricity before reaching an available (i.e., unoccupied) charging station (CS). Despite the increase in the number of EVs on the road, range anxiety is still one of the key negative factors for the potential new EV owners [9].



There are many studies related to EVs. Since the technology related to EVs is relatively new, the majority of those studies are in the field of electrical engineering. The first research papers date to mid-1960s and they are mostly progress reports (Hender [10]) and discussions on recent developments in the field of EVs (e.g., development of EV batteries and engine by Rees et al. [11]). Up until the 90’s, the concept of EVs was not widely accepted and research centered around them was scarce and oriented towards electrical engineering. In early 90’s, the first papers from the field of Information and Communication Technology (ICT) started to appear (e.g., Golob et al. [12], which deals with the problem of forecasting the market penetration of electric and clean-fuel vehicles). Nowadays, there are ever-increasing numbers of EV-related papers from many fields, including:




	
social studies (e.g., influence of sustainable transport on society and environment, such as Tanaka et al. [13]);



	
economics (e.g., market penetration and economical changes due to increase in electric power consumption, such as [6]);



	
informatics (e.g., computational algorithms for managing charging infrastructure, such as Pevec et al. [14], Babic et al. [15]);



	
telecommunications (e.g., protocols for communicating with charging stations or for payment, such as Buamod et al. [16] and van Amstel et al. [17]);



	
electrical engineering (e.g., development of low cost batteries, power electronics for the chargers, the motor driver, and improving existing technologies, such as Ruiz et al. [18] and Yilmaz et al. [19].)








This paper is a review which explores EVs from the aspect of three interdisciplinary studies—green transportation, energy informatics, and economics—as depicted in Figure 1. That perspective gives us a clear view of the current state and the future development of private transport. Even though green transportation is a generic term for zero-emission vehicles (e.g., cars, trains, and buses), within this work, we use the term green transportation to refer to battery electric vehicles (BEV) and plug-in hybrid electric vehicles (PHEV). Energy informatics is also a generic term that includes a broad field of research with a focus on information in energy systems. This paper only observes energy informatics studies that are strongly associated with EVs (e.g., charging of electric vehicles, the impact of EVs on a power grid). Economics is a highly relevant research domain since the EVs introduce great changes in the petrol industry and vehicle market. Previous three research fields will be observed from the data science point of view. Data science, according to the Van Der Aalst [20] can be defined as a combination of classical disciplines, i.e., statistics, data mining, databases, and distributed systems, for solving various challenges using domain-related datasets. The focus of this paper is an intersection of all four domains and to the best of our knowledge, this is the first review that aims to systematically provide such an overview of this interdisciplinary research field.



Figure 2 gives an overview of entities relevant to the interdisciplinary research targeted by this paper, as well as presents relationships among them. An EV owner, who charges her/his EV on a charging station that is connected to a power grid and interacts with other people is in the domain of green transportation. The flow of information from the owner to the power grid can result in an energy efficiency increase, what is the key idea behind energy informatics that studies how to use information and communication technologies to tackle the energy domain challenges. Advanced operations using information flow (e.g., predicting utilization with the goal to optimally allocate charging stations) us characteristic for the data science field of research.



The rest of the paper is organized as follows. Section 2 describes the methodology used to perform the review (e.g., keywords for querying several scientific databases, and filters applied). Section 3 describes methods through which EV-related data can be acquired as well as popular EV data sources, while Section 4 provides outlook of socio–economic factors of green transportation: EV market, together with different forecasts for future of EVs (e.g., market penetration, cost of EVs, or cost of EV batteries). The socio–technological aspect of green transportation is presented in Section 5. Section 6 proposes a research agenda by synthesizing open research questions, while Section 7 concludes this paper.




2. Review Methodology


We now explain the methodology used for the literature review. This review focuses on papers that were published between 2011 and 2018 since, as described in the Introduction Section, studies from earlier years are mainly focused on the electrical engineering aspect of the research area. The next filter is about the subject area: this paper focuses only on computer science and mathematics since the primary focus is placed on data science in the area of EVs and those two broad areas are employing data science relevant methodologies. Lastly, we only consider publications that are either conference papers or articles. The three scientific databases that were used are Scopus, the Elseviers’ database of peer-reviewed literature [21], and IEEE Xplore Digital Library [22].



The keyword that the search was based upon was applied to the title of a paper, the abstract, and keywords of the paper. The core search term was “electric vehicles”, which corresponds to our definition of green transportation (see Figure 1), and with all applied filters as described above, this search resulted with 5612 papers. Both search engines that were used have an option to search within results (i.e., within those 5612 papers), and since area of interest is intersection between four research areas (see Figure 1), search was further refined using three new keywords to cover the remaining three research areas: charging station, data, and market (see Figure 3). Note that the same paper can appear in multiple categories since e.g., one paper can have keywords data and charging station.



The “data” science part is covered with keywords: analysis (1140 results), prediction (370 results), and big data (81 results). Since the keyword analysis returned 1140 different results, that branch was further extended with keywords: descriptive, context, and behavior so we can differentiate studies that analyze the effect of surroundings (context analysis), and the effect of user behavior on EVs. This group of papers is especially interesting, since this group can cover more topics, including the ones mentioned before (i.e., charging stations and market).



The “market” part covers the area of economics. That branch of related papers is further extended with keywords: forecast and review with 129 and 479 papers with those keywords. Papers in this area are mainly focused on market penetration, battery prices, and the forecast of previously mentioned.



Lastly, the “charging stations” keyword covers the area of energy informatics, after further extending the search for keywords: deployment and location, in this branch of related papers, there were 182 and 264 papers respectively.



The detailed taxonomy of keywords used for the related work is depicted in Figure 3. Each child node is derived from the search results of the parent node (e.g., the keyword prediction returns 370 papers that are all between 1705 papers that were returned by search with the keyword data). After this step, relevant papers were hand-picked after reading their abstract and with regard to the number of citations and relevance for the area of interest.



All papers in this review that are published before 2011 are taken directly from the references of papers found with the previously described method, because of their high relevance and value for the respective research field. The final number of papers that were processed in this review is 96.




3. Role and Sources of Data in the Electric Vehicle Domain


Nowadays, data is one of the most important components in all fields of research which is not surprising as the amount of data generated is constantly growing [23,24]. For example, Kaggle is one of the most popular community-driven data science platforms, that provides numerous interesting datasets and organizes competitions in solving various data science problems [25]. The increase of the data that is being generated is especially significant in the field of transportation, since the transportation sector is responsible for one of its biggest evolutionary steps since the second industrial revolution—electrification of vehicles [26]. The increased flow of data greatly impacts the energy informatics field, as stated by Watson et al. [27,28]: the higher granularity of data the better information system can be developed for optimizing the energy consumption in highly complex systems. The data in this interdisciplinary research field can be obtained through different sources and with different methods. We now describe some of the most popular data sources and methods for data gathering that are used in EV-related studies.



Data repositories have a significant role in enforcing studies in this field since aggregated data they provide can help scientists to conduct the research without the need to perform data collection. Some of the most popular EV-related data repositories besides Kaggle include:




	
Alternative fuels data center [29] which contains data about EV sales and charging stations for each state of USA;



	
Alternative fuel vehicle data [30] which also contains information about alternative fuel vehicles for USA;



	
EV volumes [31] that contains informations about world sales of EVs; and



	
data.gov [32] which is a search platform for various datasets.








The valuable data can also be collected through publicly available APIs (application programming interface). Frequently utilized APIs in this research field are:




	
Nokia HERE API that is used for routing and calculating distances between geographical coordinates with many advanced parameters, similarly to Google Maps API and Open Street Map API;



	
Oplaadpalen API that provides information about charging stations around the world same as Open charge map; and



	
Vehicle API by edmunds that provides the data about vehicles (e.g., manufacturer or engine type).








Besides data repositories and APIs, surveys can also be valuable source of the data. For example, the National Household Travel Survey [33] is an organization that conducts various surveys and provides results via their Web page. If the regulated data is not available, researchers may opt to conduct surveys themselves.



The data can also be obtained through companies. The example of a third-party data provider is ElaadNL, one of the charging infrastructure providers in the Netherlands. It often collaborates with researchers providing them the data about their charging infrastructure transactions [34]. Another example is Renault that is also known to share their data with researches in order to analyze their vehicles’ potential [35].



Some researchers have developed their own methodology for data gathering. For example, the authors in [14,36] conceptualized data gathering of EV-related data by combining data provided by a company as well as several APIs. The other method is to use existing on-board sensors or to install new sensors for collecting and transmitting the data to the cloud for research purposes. Svendsen et al. [37] have developed previously described methodology to derive the EV driving patterns.



In contrast to the above-mentioned research examples, in which the data is available from the deployed system, researches of the energy systems of the future often use simulations to augment the existing data and to tackle interesting research challenges. For example, Babic et al. [38] have developed the agent-based simulation model which as a result provides the data about different business models (in article referred as parking policies) related to charging service. Studies by Ketter et al. [39,40] also employ simulation platforms to obtain data for solving various problems in the field of energy informatics.



One of the common divisions of the data is into primary and secondary data [41]. Primary data is the data collected with methods specifically developed for solving domain-specific problem (i.e., Table 1: Smart ED Platform and manual data collection methods), while secondary data is the data that is collected by someone other than the user (e.g., Table 1: data repositories, or the National Household Travel Survey).



All previously described data gathering methodologies are summarized in Table 1. Category ‘other’, means that the data is initially created to be private but can be shared with others for scientific reasons.




4. EV Market: Data for Modelling Economic Factors


The EV market is an interesting field of research, because it does not only cover the sales number, but also innovations and current trends in the EV industry from the marketing perspective, (potential) EV owners motivations, constraints, and various forecasts (e.g., sales, battery capacity, etc.). Statistics about the number of EVs and prices are given through various reports on global and local scale.



The number of EVs is growing more and more each year, however the growth is not as steep as expected, as stated by Carty [55], United States, in 2009, invested over 2 billion dollars into development and subsidies for electric cars with goal to increase the number of EVs in US to at least 1 million until the end of 2015. Since at the end of 2016 the number of EVs in US was around 570,000 (Figure 4), one can conclude that the goal was not reached despite the forecasts. One of the main reasons behind that fact is range anxiety and the unfamiliarity of the potential EV owners with the electric vehicles, as we described in Section 4.1. More recent reports [56] suggest that in the 2017 and 2018 cumulative sales of BEVs and PHEVs was around 550,000 which almost doubles the number of EVs in the USA.



In contrast to well-established car manufacturers of internal combustion engines (ICVs), EV-only manufacturers such as Tesla, become well known in the last decade due to popularity of EVs [58], and they are partially responsible for speeding up the transition to EVs (i.e., competition with other car manufacturers was one of the factors for traditional ICE car manufacturer switching to EVs [59]).



Another fact that supports the claim that EVs are the future of private and public transportation is the end of ICE vehicles (i.e., removing ICE vehicles from the market). Great Britain and France set the year 2040 as the year when ICE vehicles will be removed from the market, and every vehicle that is sold will have electric motor [60,61,62]. Germany had a similar initiative; the plan was to ban ICE vehicles from the market by 2030, which was proven to be unrealistic and therefore declined [63]. Other countries that have the same initiatives to ban the ICE vehicles are either highly developed and environmentally friendly countries (e.g., Netherlands or Norway) or countries with great air pollution (e.g., India or China) [64].



Figure 5 depicts the popularity of EVs in the global market by the end of 2016. As it can be seen, despite Tesla’s advanced technology, due to the price of the competitors’ vehicles, it is not the most popular option. Instead, Nissan Leaf takes the first spot with nearly 40% market share, although, Tesla plans to change that with the introduction of their Model 3 with the best price-to-range ratio [58].



4.1. EV Acceptance


To increase potential EV owner’s familiarity with electric vehicles, research based on the potential EV owner’s preferences (e.g., range, speed, and comfort) is crucial. The following paragraphs describe studies for parameters that have the highest influence on a decision to buy or not to buy an EV in five regions with the highest EV market penetration. Figure 6 depicts the main findings of those studies. The focus is on the potential EV owners and each circle represents the factor that influences the potential EV owners (i.e., the inner circle is positive, while outer is the most negative).



Ko and Hahn [65] (2013) stated the importance of knowing the potential EV owner’s preferences about electric vehicles. They further research their preference through the questionnaire among 250 households at the end of June 2009 in Korea. They used six key attributes to asses the willingness to pay for an EV: battery price, holding tax, subsidies type, subsidies level, battery swappability, and availability of recharging infrastructure. As expected, potential EV owners are willing to pay more if EV has a swappable battery and if charging infrastructure is developed and easy to access, since that considerably lowers the range anxiety. The consumers also prefer lump-sum payment over the installment payment of subsidies. This research was of great importance for car manufacturers, governments, and the charging infrastructure providers, because it gives an insight into user preferences for adoption of EVs.



Wee et al. [66] (2018) looked into subsides and what effect they have on the EV adoption rate. Authors used rich data set from 50 U.S. states about semi-annual new EV registrations from 2010 to 2015 to develop subsidy-dependent models. Authors conclude that 1000 $ increase in the subsidies for the specific model in a specific state led to around 10% increase in that model registrations number.



Zhang et al. [67] (2016) presented a framework used to estimate the elasticity of the demand and supply of EVs. Authors took into consideration the price of EVs, their technology, and incentives (i.e., bus lane access, toll waiver, and charging station density). To test their framework, the data from the organization of actors in the transport sector in Norway was used. The data consists of BEV sales from 2011 to 2013. The authors confirmed their hypothesis that the price is a negative factor, while innovative car technology is a very significant positive factor. Incentives are also positive factors, except access to bus lanes, which in the case of personal consumers can be negative. There is also a significant difference between personal and business potential EV owners—business potential EV owners are less affected by price and technology. However, this work could be further improved by adding the estimated influence of other incentives (e.g., taxes, subsidizing the purchase of EVs) or different data, since Norway has a very specific EV market (i.e., around 25% of vehicles on the road are electric [6]). Authors also stated that higher density of charging stations has a high influence on potential EV owners; since 2013, battery technology has improved and range that EVs can cover has nearly doubled, which means that charging station density should not be critical, but instead smart allocation of charging stations is highly important.



As the studies before, research from Hidrue et al. [68] (2011) is based on the data from more than five years ago, collected using on-line survey with the purpose to asses the willingness to pay for electric vehicles. The data was collected in US for 2009. Attributes that were taken into consideration were: price, driving range, time to charge for 50 km driving range, acceleration, pollution, the fuel cost of a preferred gas vehicle. Attributes price and pollution are compared to a preferred gas vehicle. With statistical methods, authors found that driving distance, charging time, performance, and pollution (in that order) have a high impact on potential EV owners. The most important factor is saving (i.e., compared to gas vehicles, since the price of electricity is lower than the price of gas). Authors have explained that behavior with interest to save fuel since long drives consume more fuel. The survey also suggests that younger, educated, and people with a green lifestyle are more likely to buy a EV.



Hoen and Koetse [69] (2014) conducted similar research as previous authors. In the Netherlands survey was conducted among 15,221 households with one or more cars (2011). Attributes considered were: car type, price, monthly cost, driving range, recharge/refueling type, additional detour time to reach a fuel or charging station, number of available models, and policy measure. Results show that potential EV owners prefer more conventional technologies (i.e., gas-fueled cars), than alternative fueled vehicles. The main reasons behind that were limited driving range and long refueling time. The novelty of this work is the segmentation of participants into second-hand and new buyers, where second-hand buyers are more sensitive about price than new car buyers. This paper stated that low range and high refueling times are the main factors behind lower acceptance of EVs.



Tanaka et al. [13] (2014) explore differences between US and Japanese potential EV owners regarding alternative fueled vehicles. The dataset used was collected over an on-line survey, with around 4000 participants from each state. Attributes used in this model were: purchase price, fuel cost (compared to gas-fueled vehicles), driving range, emission reduction (compared to gas-fueled vehicles), alternative fuel availability (share from all refueling stations), and home plug-in construction fee. Results show that US citizens are more sensitive about price reduction and availability of refueling stations than Japanese, while they are similarly influenced by a driving range and emission reductions. This work also presents an interesting overview for 4 States in US: California, Texas, Michigan, and New York. California has around 50% higher willingness to pay for price reduction than the other three states. The authors concluded, that in the future, due to technology advancement, the share of the alternative-fueled vehicles on the market would be doubled.



Smith et al. [70] (2017) conducted similar research as the studies before, but in the year 2017. Using a survey platform, 440 households in Australia were questioned about their preferences in a vehicle choice. As much as 48% answered that electric vehicle is their first choice of vehicle. The most influential negative factor on the potential EV owners is not the low range (i.e., small battery capacity), instead, it is recharging infrastructure availability. As opposed to the previous studies that concentrate assumptions on the social-demographic factor, this research stated that far more important factors are the attitude towards the environment and the technology.



Between newer studies, the notable ones, beside the study by Smith et al. [70] is study by Wang et al. [71] (2017) and Anderson et al. [72] (2018). Wang et al. [71] in their paper presents the incentives for the purchase of EVs that are currently active in China and develop a model for the forecast of EV acceptance based on the linear regression. The data used in this research is sales numbers from 41 pilot cities and from the 37 cities with no purchase restriction. For each scenario (i.e., 41 cities and 37 cities), linear regression was performed for BEVs and PHEVs with independent socio–economic variables (e.g., population size, income per capita). The only common factor that was proven to be extremely significant for all cases was the density of charging stations. Other notable factors that influence the decision to purchase the EV in this research are education level and license fee. Anderson et al. [72] applied survey methods to analyze EV owner’s preferences about the charging infrastructure. Authors concluded that more public chargers are needed and that slower chargers are acceptable on more visited locations, while fast chargers are needed on less frequently visited locations.



Previous studies are summarized in Table 2, with factors that were taken into consideration, and the factors that have proven to be the most influential for the (potential) EV owners.




4.2. EV Future Sales


When it comes to exploring future sales of EVs, most of the studies in this field use either agent-based modeling or conjoint analysis methods, very few studies use other methods.



Agent-based modelling is a computational method that observes interaction and evolution of complex objects (i.e., agents) [75]. Agents enable reproduction of complex social interactions, which other methods (e.g., game theory or other equation-based models) cannot as stated by Janssen [76]).



Agent-based modeling was used in by Yang et al. [77], Sullivan et al. [78], and Shafiei et al. [79]. All those studies define multiple agents: consumer population and car population. Studies [77,78] additionally define government and gas supplier agents, while in [77] charger and grid operators are also defined.



Besides the agent-based model, Yang et al. [77] define the system dynamics model that enables authors to analyze the impact of various parameters on the evolution of the defined EV ecosystem. On the case study of China, authors derived results for both models. Firstly according to the results of the system dynamics model, with time, ownership of EVs will grow, while expectedly, ownership of conventional vehicles will drop. Agent-based modeling is used to simulate EV adoption in three types of regions: developed, middle-developed, and underdeveloped. According to the simulation, by 2030, the market share of EVs in developed and middle-developed regions will be between 80% and 90%, while underdeveloped regions will have share of 30%.



Sullivan et al. [78] have used agent-based simulation for the forecast of PHEV adoption rates on the United States market. Complex model, although again without social interactions, provides accurate results for near-future prediction. Market penetration is predicted for 2015 and for 2020. For 2015 results show that sales of PHEVs could reach 2–3% while market penetration would be 1%, which is accurate for US market. The prediction for 2020 is that sales could reach 4–5% while fleet penetration would reach only 2%. This model also explores the role of subsidies, without them, the penetration on the market would be below 1%.



A similar study was conducted using the case study of Iceland by Shafiei et al. [79]. This model does not take into consideration complex dependencies between car manufacturers, energy grid, providers of charging infrastructure, or gas suppliers. Instead, this paper is more focused on the interaction between (potential) EV owners and factors that influence them: marketing, word of mouth, and indirect word of mouth. Predictions developed with this model vary from market share of 70% all to 100% by 2040, dependant on the price of gasoline and the price of EVs.



Another group of studies is about conjoint analysis (i.e., survey-based statistical technique) and choice-based modeling. studies in this field date all to the late 1990s (e.g., Segall [80]), those research results are not applicable today because of different levels of knowledge about EVs. Despite that, those studies have greatly influenced some of the notable studies today.



Glerum et al. [35] have research what influences sales of Renault EV in Switzerland. Their research is based on a survey conducted in 2011. The survey was structured in two phases: stated preferences (i.e., information about vehicles in the respondent’s households) and choice situation (i.e., three different cars similar to their own). To interpret survey results, the author used statistical models: logit and latent variable model. The framework itself is not generated towards annual forecasting, but instead for forecasting market share when certain parameters are changed (e.g., price of EVs, monthly cost, subsidies, etc.). Similar work that does not focus on annual growth rates to 1981, and uses survey where participants ranked 16 cars. Beggs et al. [81] also used logistic model to interpret results.



Using the data from the same year as previous authors, Lebeau et al. [47] analyzed the adoption of BEVs and PHEVs in Belgium based on conjoint choice modeling. The novelty of this research is in the fact that authors modeled the future choice as the weighted function of car utilities (e.g., speed, acceleration, airbags, etc.). The forecast is that the number of PHEVs will be higher than the number of BEVs in the near future (i.e., the prediction was made up to 2030). The baseline is the penetration in the time research was conducted, which was around 4.85% for both PHEVs and BEVs. Prediction for 2020 is 13% while for 2030 it is 45%.



Another work that introduces novelty is studied by Jensen et al. [46]. The authors of this paper created the survey with participants before and after driving the EV. The survey was conducted in Norway, Denmark, and Netherlands since they represent the most developed countries in Europe (EV wise). With basic model assumptions (i.e., assuming EV technology will only improve, which would lower the EV price) model resulted in the prediction of 40% market share for 2020. The problem with this model is the assumption, new technologies do not mean necessarily lower prices. Also, the prediction is consistent with the penetration today, which for Norway is around 30%.



Between notable studies are two papers from 2012, Higgins et al. [44] and Eggers [45]. The first one was conducted based on the survey in Australia. It combines methods of choice modeling, multi-criteria analysis, and Bass diffusion model. The framework is used to analyze adoption patterns in consideration of factors that are important for the potential EV owners. The developed framework estimates the penetration of 45% by 2030. This research also gives insight into the adoption of EVs based on monthly income. The second research is based on the data from Germany, and same as the first research uses a combined method for prediction, choice and diffusion modeling. Predictions from that model are that penetration EVs and PHEVs will be around 55%, which is not the case. The model would have more reliable results if it included human interaction factor [82].



There are two distinguished studies that use none of the methods used above. The first one is a paper by Becker et al. [84], in which the author used simple Bass diffusion that is typically used to describe the process of how new products get adopted. The result is the most interesting part of that research, dated to 2009. It forecast the number of EVs on the US market to approximately 600,000 by 2016, which is accurate according to the global EV outlook for the year 2016 [6]. The reason behind that accuracy is that authors did not only model potential EV owner’s behavior, but oil prices, internal combustion car cost, and other parameters. The article goes further in time, and predicts the 64% of sales and 24% of the fleet (i.e., around 2.8 million) will be EVs by 2030. Other work is Zhang et al. [83]. This research uses multivariate and univariate time-series models for forecast based on the 60-month sales data in China, from January 2011, to December 2015. This work besides the forecast of EV market growth presents the comparison of the two before mentioned models (similar to Du and Witt [85] in the domain of tourism demand). Since the univariate model is used for short term forecast, in contrast to multivariate model (Chayama and Hirata [86]), that methodology is applied in this research too. For the short term forecast (i.e., end of 2017, around 350,000 EVs should be sold). For long term forecast (i.e., 2020) more than 1 million EVs should be sold. Besides from the economic point of view, research from Li et al. [87] forecast the number of EVs with the goal to balance the demand for electricity supply.



The majority of studies in this research area are from developed countries that are focusing their research and development on renewable energy sources. Since the EV industry is not yet fully developed, the market penetration forecast is mainly for the long future (i.e., 15+ years). More details about the main findings are summarized in the Table 3.





5. EV Infrastructure: Data for Modelling Technical Factors


The previous section dealt with challenges in EV market penetration and acceptance (see first three actors in Figure 2). This section summarizes the studies with the main focus on charging infrastructure, vehicle-to-grid technologies, and users’ driving patterns concerning charging and energy balancing.



5.1. Batteries


Batteries are the crucial part of electric vehicles and they are directly connected with EV acceptance rate, as described in previous paragraphs (e.g., range anxiety, charging infrastructure, price, etc.). There are many studies relevant to EV battery, although, not many in the field of data science. The most information about battery capacities and prices are available through global reports and price lists. However, there are some studies about the second use potential of EV batteries like Nauber et al. [88] and [89]. Both works are motivated with restrictions for market penetration growth due to battery cost. The first work is oriented towards defining second-use for retired EV lithium-ion batteries which could partially recover the cost of the battery. Authors concluded that using retired EV batteries as uninterruptible power supply, instead of lead-acid batteries, is more effective and would result in payback through seven years. With various factors in mind (e.g., price of new battery or price of repurposing), authors calculated that the price of the repurposed battery would range from 38–132 $/kWh. The second paper is earlier work of the same authors where they introduce their plan to research the second-use of EV batteries.



Ahmadian et al. [90] reviewed the various studies on battery degradation models and compared them with each other. Ahmadian et al. concluded that degradation of batteries is primarily caused by two factors: (i) time degradation and (ii) cycle degradation. Time degradation is dependant on temperature and the age of the battery, while cycle degradation is dependant on the number of charging cycles and the depth of discharge. The main contribution in research by Ahmadian et al. is a conceptual framework that enables the use of batteries degradation models for smart grid studies.



From the market perspective, the best situation of current trends is given in the report [6]. Figure 7 depicts the prices of battery in from 2010 to 2015. As can be seen, the prices stagnate from 2013 to 2015, those prices are relevant even today. Prices stay the same because of physical restrictions (e.g., materials used and dimensions) and because of the lack of mass battery production. Tesla plans to change that with its Gigafactory that would mass-produce the batteries [91]. To produce battery with higher capacity, one of the options is to build a larger battery. The problem with large batteries is safety, the larger the battery is, the greater the chances are that it will break. Ruiz et al. [18] extensively reviewed the standards for safety testing of batteries.



The rest of the studies that do not belong in the electrical engineering field are closely related to the prediction of the state of charge (SOC) and prediction of available range in the future based on various factors and past development.




5.2. Charging Stations


Charging stations are in this state of development, underdeveloped [93,94]. They are an important factor in the acceptance of EVs as a primary transport solution, since the problem of range anxiety is closely dependent on the number of charging stations [9]. Charging stations can be categorized based on the speed of charging and ownership. Based on the charging speed chargers are divided into four types. Level-1 charging is a synonym for charging a car via the household outlet of 120 volts. Level-2 charging chargers at the 240 volts and provides five times faster charging than Level-1. Level-3 and Level-4 charging is also known as fast-charging since it provides energy for approximately 125 miles per hour, depending on a type of vehicle. Based on the ownership, the charging stations can be divided as private chargers and public chargers. Private chargers are considered those that are installed in someone’s home or as private ownership of someone (e.g., private firm parking). Public chargers are available to anyone, and they are the main focus of the majority of researchers, since, data related to public charging stations are more accessible than for private chargers [95]. The future of charging stations is in the wireless chargers that can be placed under the road and ensure charging even while driving [96].



5.2.1. Deployment


Charging station deployment is one of the most challenging tasks, since it is not enough to simply place charging station somewhere, it is important to strategically place charging station on the right location. This subsection will provide survey of studies and their methods towards achieving that goal. Most of them can be divided into two categories, weather they use real-world data or simulation data, majority of studies in this field are either optimization problems or simulation, as can be seen in Table 4.



He et al. [104] proposed a mathematical framework for the macroscopic deployment of charging stations taking into account the equilibrium between demand and supply of energy. User’s desire to choose a destination was formulated based on: time, price, and availability of chargers. Supply-side was formulated as the price of providing electricity. This paper focuses on a large scale charging station (CS) deployment and this framework is able to answer only how many CSs should be deployed in a certain region—specific location of CS cannot be determined.



Ip et al. [52] implements a two-step approach to decide optimal location for new CS. Although research methodology is similar to the one authors of the previous paper used, this one provides a more accurate location for CS. The first step is to determine pieces of roads that are utilized the most and to divide them into x–y grid. The second step is to cluster those squares in the grid based on the intensity of road utilization and to apply an optimization algorithm to decide the most suitable cluster for CS deployment. This method uses the data generated by various sensors on the road (assuming there are sensors) and the limitation of this study is that collecting the data needed for calculations is impossible out of specifically developed areas. However, this work proposes the framework that itself is general and can be applied whenever there is a need for deciding the optimal location for something (e.g., train station or restaurant).



Frade et al. [105] on the case study of Lisbon, Portugal, implements an optimization model (i.e., maximize coverage) for CS deployment taking into account coverage of a single charging station between 400 and 600 m walking distance and the demand for CS. To estimate the number of EVs, regression was used with parameters: the size of household, building type, age, education, and employment. With those parameters, an accurate model for the number of cars can be derived, but the number of EVs was further estimated with information about EV penetration. The demand for charging stations was calculated independently for day and night time, since those two time intervals have completely different patterns. This work, however, does not account for increasing EV penetration, and for factors that influence utilization of charging stations (e.g., places of interest), therefore, charging stations could be underutilized.



Chen et al. [100] deals with the charging station deployment problem from the perspective of car parking. Firstly, based on the data from Washington state, parking space and duration were determined. This information was used to build a regression model for zone-level parking demands and trip-level parking demands. The last step is using mixed linear integer programming to chose the optimal place for charging stations based on minimization of price and distance between zones that have great parking demand. This model has proven to be fast and reliable, but it does not include data only on electric cars—for parking location and duration. The location of existing charging stations has great influence on EV owner parking behavior. As opposed to previous studies, this one besides mathematical programming uses regression for forecasting demand for zone and trip level parking, which is valuable information for different fields of research.



Xi et al. [106] have developed a model for deploying charging stations in a way that maximizes their use by private EV owners. The model does not use real-world data concerning charging stations, EVs, or driving patterns, instead, based on the number of population and households, authors have estimated the number of cars, and with the 1% EV penetration—number of EVs. The trip data was artificially generated by Mid-Ohio Regional Planning Commission. Using the integer programming optimization technique, the authors calculated an optimal number of charging stations in each traffic analysis zone. Another finding of this study is that a combination of level 1 (i.e., 1.4 kWh) and 2 (i.e., 4 kWh) chargers is the most efficient, but with not enough funds, only level 1 chargers should be deployed.



Yan et al. [53] tested their optimization method on the case study based on the 30-day taxi trace with 315 taxis and 4638 landmarks in Rome. Optimization methods goal is to maximize the flow of vehicles, with constraints to budget, charging availability, EV battery capacity, and energy consumption. With their algorithm, under different budget scenarios authors calculated the optimal number of charging stations at each landmark. This work has a simplified environment, where authors assumed that the cost of deploying charging stations is the same for all charging stations, and that cars and drivers are homogeneous, which is not the case in reality. There are many social factors that influence the driving patterns, charging stations are only one of many.



The following studies, while also using optimization methods, base their optimization techniques on genetic and greedy algorithms.



Research by Hess et al. [101] aims to decide the optimal location of a charging station based on the genetic optimization algorithm. The only data that is used in this research is the map of Vienna, parameters of electric cars, and the location of gas stations - this research as initial location of charging stations assumes the location of gas stations. The optimization function used is to minimize the whole trip time of an electric vehicle owner. This research extended the well-known traffic simulation tool SUMO with electric vehicle behavior. This work could be further improved by taking into account positions of current charging stations instead of gas stations.



Mehar and Senouci [102] are proposing a genetic algorithm that takes into consideration area traffic density, land cost, infrastructure cost, investment cost, transportation cost toward the CS, charging station capacity and, energy grid capability. To optimize the placement of charging stations, authors propose to minimize two objective functions: minimize the objective cost and minimize the transportation cost. The algorithm was tested on a simulation that describes the traffic in Cologne (Germany) from 6 a.m. to 8 a.m., since that time window is considered to be peak hour. The algorithm is fast but lacks some context information. It does not take into consideration the proximity of charging stations to public transport, or shops. Even if traffic is dense in a certain area, the population of cars in that area does not have to be comprised of EVs (i.e., authors assumed EV rate).



As opposed to previous studies, research by Sadeghi et al. [103] has a goal to optimally place fast chargers in the urban area. Fast chargers have the capability to fully charge EV battery in 20–30 min [110]. The approach is based on genetic optimization algorithm, with no EV related dataset. Authors have defined six test scenarios: minimize all cost, ignore land cost, ignore the cost for EV owners, ignore the electric grid loss, no electricity charge to CS owners, private sector invest in CSes. Authors decided to set the minimal distance between charging stations to 3 km, and considering previous scenarios they proposed optimal positioning of fast-charging stations. This work is greatly significant considering the amount of research about deploying fast-charging stations. Xie et al. [107] are also dealing with the challenge of fast charger deployment. They tackled the challenge in three phases: (i) 2015–2019, (ii) 2020–2024, and (iii) 2025–2029. Authors developed optimization-based model that serves as a decision support system for policymakers for where, when, and how many fast chargers should be deployed.



A study by Vaziveh et al. [99] is using real-world data collected through the cell phone data over the Boston area, and with that, whole trip of a user was known. The goal of that research was to minimize the aggregate distance all drivers have to drive, from the end of their intended trip to the nearest charging station. Methods used to achieve previously described goal were: greedy and genetic algorithm. With those heuristic algorithms, near-optimal locations of charging stations can be found. Although the algorithm used in this paper includes the parameter charging station coverage, which limits the number of charging stations, it does not include the cost of new charging stations, or contextual information if a user really needs to charge on the end of the trip, which makes this model currently not reliable. While this work uses a genetic algorithm with the same goal as the previous two studies, this one builds the model with real-world data.



The next three studies are based on machine learning techniques. First, two uses only clustering, enhancing it with mathematics. The second research uses out-of-the-box machine learning algorithms to forecast utilization of charging stations and decide where another one could be deployed. Naturally, both studies use real-world data.



Andrenacci et al. [97], used the demand-side approach to decide the best placement for new CSes. Data used in this work is real traffic flow (i.e., GPS data) from 6% of privately owned cars in Rome. The assumption is that all of those are electric (i.e., switch to electric transportation). All destinations that ended in Rome’s urban area are further clustered in sub-areas where charging infrastructure is associated with the center of a cluster. The next step is to mathematically calculate the demand for energy, the sum of all energy spent to arrive at the goal, and that is the number of CSs needed in that area. This method has high-quality data, and valuable division of Rome urban area into sub-areas. However, the number of CSes is not reliable, since the assumption is that all vehicles are electric (i.e., full conversion to electric transportation) and that all vehicles can satisfy their energy needs without queuing. This work does not provide an exact location where CS should be deployed, rather the number of CSs in a specific sub-area.



Momtazpour et al. [98] used a synthetic dataset because of the lack of real-world data. Authors take into consideration the duration of charging and decided to place chargers in locations that people visit for an extended period of time. The region of Portland was divided into three clusters: high electricity load-low charging need-low stay duration, low electricity load-high charging need-high stay duration, and low electricity load-low charging need-low stay duration. Based on the cluster description, the second cluster is ideal for deployment of charging stations: it can handle electricity load since it is low, there is a need for more chargers, and people stay there for an extended period of time. This work included places of interest in their research and the energy load making it significant and highly valuable.



Pevec et al. [36] has developed a real-world, data-driven, generic framework for extending EV charging infrastructure. The data used in that framework is from ELaadNL, one of the biggest charging infrastructure providers in the Netherlands. The data consist of all transactions for four consecutive years (i.e., 2013–2016). The first part of the framework clusters existing charging stations in clusters based on the distance between them with the hierarchical clustering method. After charging stations have been clustered into zones, in each zone utilization of charging stations was calculated and used as the dependent variable in the machine learning algorithm. The framework uses machine learning algorithm XGBoost to predict utilization when certain parameters are changed. Parameters taken into consideration were: places of interest, EV penetration, time of day, number of charging stations in the defined zone, number of competitors charging stations, and is it weekend or weekday, since it has a drastic effect on charging pattern. The third part of the framework based on the optimization function provided decides the best zone to place another charging station. The precision of the framework is (i.e., the place where another charging station should be deployed) is dependant on the distance that clusters are based on.



The last category in research in this field is simulation-based research. Those research do not use real-world data, only some information to tune the simulation. All the relevant data is generated by simulation itself.



Sweda and Klabjan [108] have developed and described an agent-based decision support system for the placement of charging stations. Although, they use real-world data for prices and sales numbers of electric vehicles, most of the parameters are artificially tuned (e.g., driving patterns, state of charge, etc.) with randomness. This study manages to implement social interactions between car owners and with that it is possible to simulate the decision to buy EV and increase the EV population in the system. Another feature of the model is to compare sales of alternative fuelled cars with a dependency to fossil fuel prices. This work is based on the area of Chicagoland. The model is tested against two different proposed charging station placements. When comparing results with the current state in that area, improvement can be noticed. The major downside of this approach is that it does not offer a possible location for CS, it analyses the placement provided to it. An updated version of the research is provided in a full report by Sweda and Klabjan [109].



Authors Lu and Hua [51] developed a location-sizing model for the charging station. The goal is to optimize the location and the size (i.e., number of plugs) of a charging station, based on the demand. Their model is based on queuing theory and it is a continuation of earlier work by Capar et al. [111].



As we mentioned before, range anxiety is one of the greatest challenges left to overcome in order to raise EV acceptance, and it is closely related to the development of charging station infrastructure. Even though the capacity of the EV battery is nominally enough for intra-city traversal, the familiarity with the existing gas station infrastructure greatly influences potential EV owners in the decision not to buy an EV. Pevec et al. assessed the range preferences of potential EV owners considering the settlement hierarchy based on the settlement population [112]. As for the inter-city traversal, most of the EVs do not have sufficient battery capacity and this is the prime example of the range anxiety. One of the solutions considered by the researchers is the deployment of charging stations along the highway near existing gas stations, since they have necessary infrastructure [113,114].



Another major challenge in the field of the charging station deployment is the capacity of electric power distribution networks capacity. As mentioned in Section 4 the number of EVs is expected to grow, and that could cause major issues since the demand for electricity could be higher than the supply. Wange et al. [115], Abdalrahman and Zhuang [116], and Masoum et al. [117] took an approach to the charging station development considering previous limitations, i.e., ensuring reduced power loss of distribution systems.



In this Section the problem of charging station infrastructure development was investigated, and one of the conclusions is that the behavior of EV owners is extremely important for strategical planning of the charging infrastructure. Therefore, the next Section will explore user charging behavior.




5.2.2. User Charging Behavior


Section 4 explored the behavior of potential EV owners, and assumed the behavior of the EV owners based on the behavior of the owners of traditional fossil-fueled vehicles. This section explores the user behavior in more detail, since it is not only important for the charging infrastructure providers and the EV manufacturers, it is also important for the power grid management.



Qian et al. described [118] four different scenarios of user charging patterns with the goal of modeling the load demand of the energy grid. The first presented scenario was uncontrolled domestic charging which is characterized with no incentive for owners to charge off the peak hours. The second scenario is uncontrolled off-peak domestic charging where incentives to charge the EV in off-peak hours have been introduced. Smart domestic charging is defined as charging accordingly to the real-time electricity rate to decrease the cost for EV owners and to decrease the load on the energy grid. The last scenario is presented as uncontrolled public charging throughout the day where a certain share of EVs charge at the working place on the public chargers. Besides describing the charging patterns of the EV owners, this research compares that behavior with the load of energy grid.



Koroleva et al. [119] have introduced their research in progress about exploring the demand response of EV owners in response to the price of the electricity. Factors that authors considered in their model are range anxiety, uncertainty about the travel, risk attitude, and social influence. The model uses a simulated EV environment to observe the driving and charging behavior of EV owners. In the future authors plan to implement the mobile application that would use that model to visually describe patterns when certain factors change.



To determine a load on the energy grid, researchers Taylor et al. [120], in the scope of a larger project, have developed a framework that is based on the data acquired by the National Household Travel Survey [121] (NHTS). Based on the traveled distance, the battery state of charge is estimated and assuming that PHEV owner charges the vehicle to the full capacity, load on the energy grid can be calculated. An interesting observation in this work is about the traveled distances and the times of home departures/arrivals. The longer the traveling time is, the earlier is the time of departure. The energy grid is under heavier load around 5 PM which correspondent with the times of PHEV owners arriving at home from work—this leads to the conclusion that PHEV owners are likely to charge their vehicle when they arrive to home.



Like the previous study, Kelly et al. [122] are basing their research on the data provided by the National Household Travel Survey and also describes users charging behavior at home based on different parameters. The peak in energy grid load is highest around 8 p.m., and noticeably higher on weekdays than on the weekends. Load on the energy grid caused by EV charging is never zero, since at all times cars are charging. After analyzing the impact of battery capacity on the load, authors concluded that increased battery capacity does not only increase the magnitude of the load on the energy grid, but also shifts it in time (i.e., the peak will occur later than with the batteries with smaller capacity). From the demographic aspect, the authors concluded that the households with the highest income generate peaks in the energy grid load 41% higher than the households with lower income and the households with lower income have earlier peaks. Regardless of the driver sex, based on the sample provided by NHTS, the older population generate a peak in the load earlier than the younger people.



Dealing with the same problem as previous studies (i.e., energy grid integration), Shao and Rahman [123] also derived conclusions about the EV owners charging behaviors. Using the same data (i.e., NHTS) that indicates that cars are parked for more than 90% of the time and that arrivals to home from work are in different times of the day, authors calculated (again based on the distance traveled and battery state of charge) that the peak occurs at 6 p.m. with one hour variance.



As opposed to the previous research, the next studies do not describe patterns of EV owners charging and driving behavior as a consequence of solving a different problem, but as a problem on its own.



Develder et al. [48] conducted research that is based on determining EV owners’ charging patterns. Two different real-world datasets were used, each one belonging to the different EV charging infrastructure providers (ElaadNL and iMove). Based on clustering the arrival and departure times of EV to the charging station, charging session has been classified as park to charge when charging times are scattered through the day and the duration of charging session is not much longer than the time needed to charge the EV, charging near home sessions are characterized with departure times in the morning, and with the arrivals in the evening. Lastly, charging sessions have been also classified as charging near work where departure times are in the evening and the arrival times are in the morning. Besides this conclusion, with simple statistics, authors also concluded the pattern differences between weekdays and weekends. The contribution of this work is not only in the previously stated conclusions, but in the fact that previously stated conclusions were drawn for two infrastructure providers and compared between them.



Frenkie and Krems [124] investigated the EV owner driving and charging behavior using the data collected from travel and charging diaries from EV owners provided by EV and private charging station. The dataset contains only information from Monday to Friday, since weekends have atypical patterns. The average distance per user for a day is 38 km, while the maximum distance traveled without recharging is 124.9 km. The charging patterns are different than in most studies, since this study uses private charging stations that are available to the EV owners, and they can charge their car when needed, not when the opportunity arrives. On average, users charged 3.1 times per week, while the charging event occurred when the remaining capacity is around 30% or below 15%, which is also when the car system notifies the owner about the state of charge.



Bingham et al. [54] used the data collected from the Smart ED platform (i.e., platform for collecting the data from pure electric driven two-seat passenger car). Based on the data it was calculated that battery consumption is equivalent to 1.275% of the battery state of charge, which leads to the conclusion that, on average, the EV in this case study can travel 78.4 km on full battery (i.e., from 71 km to 88 km). Authors concluded that reducing the amount of accelerating and decelerating, a significant amount of energy can be saved, which would extend the driving distance of EV.



Pevec et al. [14] have reported as a part of their contributions the statistics which depicts EV owners charging behavior on the case of Netherlands, based on the dataset provided by one of the charging infrastructure providers in the Netherlands (i.e., ElaadNL). This research describes utilization of EV charging stations through different time intervals (i.e., hourly, daily, and yearly), on the hourly basis there are two peaks in the utilization levels, around 8 a.m. and 5 p.m., which corresponds with the time of EV owners arrival to work and to home from work, also, the utilization of parking spaces follow that pattern with the drop in utilization right before the peaks in the charging stations utilization-EV owners and on the road, thus parking space is unoccupied. On the daily basis, authors concluded that there is no difference in utilization patterns on weekdays, but the weekdays greatly differ from weekends where utilization has only one peak midday. On the yearly basis, utilization has a significant drop during the summer, when people usually go on a vacation. Besides the user charging behavior, this research also describes utilization from the charging station perspective (e.g., is charger located near home, or near the workplace, how specific chargers are utilized, etc.). Figure 8 depicts a comparison of charging station and parking spot utilization per hour of the day where previously described behaviors can be observed.



Babic et al. [43,125] in their research have modeled the willingness to pay for charging service. The model used three control variables: charging speed, referent electricity price, and state of charge. Based on the randomize values for control variables, users answered the survey (deployed via Qualitrics) with the price they are willing to pay for the charging service (i.e., answers were collected using Mechanical Turk, crowd-sourcing platform). After collecting the data, multiple linear regression model was developed with the goal to analyze the influence of certain variable and the combination of variables on the willingness to pay for charging service. As a continuation of this research, Dorcec et al. [126] extended this methodology with the information about the time-of-the-day when EV is being charged. This research, as well as previous research, confirmed the hypothesis that referent price and state of charge have a great role in EV owners willing to pay for a charging service.



One of the most common conclusions in this research area is about user charging times, i.e., when are they charging their car, and for how long, which is important for managing the electricity demand and supply. Besides the demand and supply, this information can also be used for smart charging station placement [14]. More interesting observations related to user charging behavior are represented in Table 5.





5.3. Vehicle-To-Grid


Vehicle-to-grid (V2G) is a concept of a process in which electric vehicles provide power to the energy grid while parked and connected to a charger, since most of the time, the car is parked and thus, battery unused (Clement et al. [127]). With this method, owners of EVs can return some of the cost, since providing electricity to the grid would be compensated (e.g., free charging, money) (see Figure 2—bidirectional energy exchange between EV-CS and CS-energy grid). A simple scenario of V2G technology is as follows when there is a high demand for electricity, electric vehicles that are parked and connected to the charger would discharge and when overall energy consumption is low, they would charge. The vast majority of work in this area is focused on the implementation of V2G technology. However, some researchers are focused on scheduling and the impact of the realization of that technology.



He et al. [128] have developed an optimization framework for scheduling EV charging and discharging times. First, they solve the problem of minimization of the cost on a global scale. This approach has proven to be inefficient, since, it assumes that the arrival times and load during the day is known in advance. The second problem was defined on a local scale (i.e., EVs that perform charging and discharging in one parking lot). This approach is applicable on a larger scale, and is resilient to dynamic EV arrival. The authors tested their framework on a case study involving the data Toronto on 21 August 2009. The simulation results indicated that the local scheduling can achieve results close to those on a global scale.



Wang et al. [74] have defined V2G EV as an electric vehicle that has low driving time and high parking time, which ideally describes personal vehicles. The goal of this study was to analyze the impact of EV charging on energy grid load. Authors propose three models: uncontrolled charging where user randomly charges EV, controlled charging by tariff structure (charge during off-peak hours), and controlled charging/discharging (charge during off-peak, discharge during on-peak hours). The first model as expected has proven to be the worst during peak hours, while the second and third models improved the load of the power grid during peak hours. The third model was able to efficiently exchange energy with the power grid and further flatten the load curve.



Soares et al. [129] utilize Particle Swarm Optimization (population-based stochastic optimization, similar to the genetic algorithm, Kennedy [130]) to tackle the problem of energy management with a high number of V2G capable EVs. This paper introduces a method that is for the order of magnitude faster than standard non-linear programming, and can find an optimal solution in a matter of seconds, which is of great importance for the day-ahead planning.



In this area of research, there are some studies that focus on energy grid load balancing with agent-based modeling: Kahlen et al. [131], Vytelingum et al. [132], Kamboj et al. [133], Valogianni et al. [134], and Ramchurn et al. [135]. All those studies have defined their own models with agents (e.g., car, electricity provider) with different behavior (e.g., electricity storage provider has a goal to maximize the cost, EV owners charge randomly).



More extensive research on vehicle-to-grid EV integration is provided in research by Mwasilu et al. [136].



Currently, vehicle-to-grid technologies are tested in Netherlands with the collaboration with Stedin, GE, Renault, and ELaadNL [137], and in USA, PG&E are converting company-owned Prius to V2G PHEVs at Google campus, while Xcel Energy is converting six Ford Escape Hybrids into V2G capable vehicles as described by Fang et al. [138].





6. Discussion


Throughout the paper, EV-related studies from fields of green transportation, energy informatics, and economics are reviewed and summarized in a systematic way by using the data science perspective (see Section 2), as explained in Figure 1. The described research area is gaining an increase in popularity with the growing trend of EVs on the market [6]. Up until now, the data science approaches, methods, and tools in the domain of EVs were present only in a small number of studies, since the research focus was mainly on the electrical engineering aspect (i.e., the number of EVs was not large enough for implementing solutions based on the data science and there was no enough data). However, the situation is changing what can be noted from a growing number of EV-related data science research papers. Consequently, data science is becoming a highly relevant approach for green transportation, energy informatics, and EV-related economics studies. Researchers are actively cooperating with the industry since there is no conventional way to gather the EV-related data and the private, i.e., company-owned, data is the most used source in various studies (e.g., [48,139]). Following paragraphs will consolidate main scientific observations for research problems covered in the paper: EV acceptance, EV market penetration, charging station deployment, and EV owner charging behavior.



Based on the insights in Section 4, EV acceptance is usually tackled with conjoint analysis with different factors considered, e.g., range anxiety, education, age, and income. The most important factors in EV adoption are proven to be government incentives and high availability of charging stations which consequentially lowers range anxiety. Negative influence on the EV adoption rate is mostly long recharging times and low range with a fully charged battery. The second part of Section 4 deals with the research problem of predicting EV future sales. Researchers in the sales forecast field mostly use analysis based on the historical data and well established statistical approaches or simulations that mimic potential owners’ adoption rate and other complex EV environment interactions. Some of the studies analyzed in this paper, i.e., those that are dated before 2015, have accurate predictions for the near future and very optimistic predictions for the period of the next 10 years (i.e., growth around 30–40%).



Section 5 deals with the charging station deployment and user charging behavior, which has proven to be valuable information for deciding the location for new charging stations. Both research problems employ similar methods to tackle their respective challenges: data analysis, machine learning, mathematical programming, and simulations, with the emphasis on the latter two. Majority of studies about EV owners charging patterns have similar conclusions: EV owners are most likely to charge their car when they arrive to work and to home from work, i.e., peaks in the charging station utilization are around 8 a.m. and 5 p.m. Besides the charging station deployment, charging behavior is an important aspect in research related to energy grid load demand optimization. The next observed challenge, the one dealing with the deployment of charging stations, is nowadays the most important since it directly impacts EV adoption and consequentially the development of EVs. While being extremely important, the EV charging infrastructure is generally underdeveloped due to short existence. Lack of data in this research area is the reason why researches are mainly employing methods of mathematical programming and simulations. For now there is no generally applicable method for deployment of charging stations, since, to the best of the author’s knowledge, the existing studies are specific and cover either specific area, i.e., due to simulation restrictions, or specific case, e.g., macro/micro deployment or deployment along the highways. Finally, one of the greatest challenges in this domain is the adaptation of existing energy infrastructure to accommodate the EV charging needs. This challenge is being tackled by the smart charging research, partially discussed in the Section 5.3. In order to offload the energy grid, it is important to determine in which time intervals the electric vehicle should be a charge, should it be used as energy storage during the peak load times, and how to manage the EV battery to satisfy both the owner’s needs and the energy grid.




7. Conclusions


This paper is a data science perspective review of the multi-disciplinary research area centered around electric vehicles. The review was systematically performed using specific keywords, as explained in Section 2, which ensured a detailed overview of data-driven research performed in the field of EVs in the period from 2011 to 2018.



Based on the presented review, we conclude that data science should be today widely used to solve various EV-related challenges. The EV-related data is nowadays generated from numerous sources such as road sensors, vehicles, and EV charging stations. Furthermore, industry more and more provides researchers with otherwise private data and catalyzes the development of high-quality data-driven research. Of course, both researchers and industry need to be careful about what and how data can be shared and analyzed not to compromise data and end-user privacy, where data (pseudo-)anonymization methods will play an important role. However, it is not only that a data-driven approach is nowadays possible for the EV-related research, but such an approach is sometimes necessary and very often it generates beneficial added value. There are various emerging research problems that cannot be tackled using traditional methods, such as mathematical programming. An example is the smart charging station management, i.e., deploying, removing, and re-allocating charging stations. There are numerous research initiatives that aim to solve this problem by not using real-world data that requires setting many assumptions, making them less accurate and consequentially lowering their applicability in real-world scenarios.



Based on the analysis in the paper, we identified two most important unsolved challenges in the research field of EVs, when observed from the perspective of data science: data acquisition and methodology for charging station deployment.



Sources of EV-related data nowadays exist, but are still scarce. The most common way of acquiring the data is either through the cooperation with private companies or through proprietary devices developed for the research purpose, what presents a major obstacle for producing high-quality data science research in the EV area even though the amount of data being generated from EVs and charging stations is growing every day.



The importance of the generalized methodology for charging station deployment is already elaborated in this paper. A potential solution lies in using open access to charging station data, which will enable designing and fine-tuning of advanced machine learning algorithms, and other data science approaches, for charging station deployment. In their future work, the authors plan to propose the data-driven computational framework for charging station deployment.
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Figure 1. Thematic positioning of the paper: intersection of interdisciplinary fields. 
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Figure 2. Interaction between entities in research area of interest. 
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Figure 3. Hierarchy of keywords for related work search. 
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Figure 4. The number of electric vehicles (EVs) from 2010 to 2016 in the USA (annually and cumulative), derived from [6,57]. 
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Figure 5. The global market share of the most popular EVs according to the survey [6]. 
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Figure 6. Factors that influence potential EV owners’ decision to buy EV. 
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Figure 7. Battery prices, derived form [6,92]. 
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Figure 8. Comparison of hourly charging station and parking spot utilization, taken from [14]. 
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Table 1. Data gathering methodology with examples and tariff model for each data source.
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Data Acquiring Method

	
Example

	
Public

	
Tariff Model

	
Research Example




	
Free

	
Paid

	
Trial

	
Other






	
Data Repositories

	
Alternative Fuels Data Centre

	
✓

	
✓

	

	

	

	
[42,43]




	
Alternative Fuel Vehicle Data

	
✓

	
✓

	

	

	




	
City of Melbourne open data platform

	
✓

	
✓

	

	

	




	
data.gov

	
✓

	
✓

	

	

	




	
EV-Volumes

	
✓

	

	
✓

	
✓

	




	
API

	
Nokia HERE

	
✓

	

	
✓

	
✓

	

	
[14,36]




	
Google Maps

	
✓

	

	
✓

	
✓

	




	
Oplaadpalen

	
✓

	

	
✓

	

	




	
Open Street Maps

	
✓

	
✓

	

	

	




	
puni.hr

	

	

	

	

	
✓




	
Vehicle API

	
✓

	

	
✓

	
✓

	




	
plugshare.com

	
✓

	

	
✓

	
✓

	




	
openchargemap.org

	
✓

	

	
✓

	
✓

	




	
Survey

	
National Household Travel Survey

	
✓

	
✓

	

	

	

	
[44,45,46,47]




	
Qualitrics

	
✓

	

	
✓

	
✓

	




	
Companies

	
ElaadNL

	

	

	

	

	
✓

	
[14,35,48,49]




	
Renault

	

	

	

	

	
✓




	
Smart ED Platform

	

	

	

	

	
✓




	
Simulations

	
Agent-based

	

	

	

	

	
✓

	
[15,39,50,51,52,53]




	
Mathematical

	

	

	

	

	
✓




	
Manual

	
Aggregation from multiple existing sources

	

	

	

	

	
✓

	
[14,36,54]




	
New data collecting system

	

	

	

	

	
✓
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Table 2. Comparison of important factors for purchasing electric vehicles.
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	State
	Year
	All Factors
	Most Important Factors
	Paper





	Korea
	2009
	battery price, holding tax, subsidies type, subsidies level, battery swappability, and availability of recharging infrastructure
	swappable battery and availability of recharging infrastructure
	[65]



	Norway
	2011, 2012, 2013
	price, technology, incentives (i.e., bus lane access, toll waiver, and charging station density)
	technology
	[67]



	US
	2018, 2012, 2009
	price, driving range, time to charge, acceleration, pollution, fuel cost, alternative fuel availability, and home plug-in construction fee
	price reduction
	[13,66,68,73]



	Netherlands
	2011
	car type, price, monthly cost, driving range, recharge/refuelling type, additional detour time to reach a fuel or charging station, number of available models, and policy measure
	low range, long refueling times
	[69]



	Japan
	2012
	price, fuel cost, driving range, emission reduction, alternative fuel availability, and home plug-in construction fee
	availability of charging stations
	[13]



	Australia
	2017
	environmental concerns, technology, range, charging infrastructure
	environmental concerns, technology
	[70]



	Croatia
	2019
	range, battery capacity, pricing of the charging service
	pricing of the charging service
	[73]



	China
	2017
	environmental concerns, technology, education, charging infrastructure density, driving restriction
	charging infrastructure density, licence fee
	[74]



	Germany
	2018
	environmental concerns, number of charging stations, charging station speed
	availability of charging stations
	[72]
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Table 3. Comparison of studies on forecasting future sales of electric vehicles (EVs).
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State

	
Forecasting Factors

	
Forecast Year

	
Observation

	
Research Method

	
Research






	
China

	
Dependency of decrease of the number of traditional cars on increase of EVs

	
2030

	
Developed regions 80–90% EV market penetration, underdeveloped regions 30% market penetration

	
agent-based modelling

	
[77]




	
Data from sales (i.e., from 2011 to 2015)

	
2020

	
1 million EVs sold

	
univariate and multivariate time series modelling

	
[83]




	
United States

	
Subsidies

	
2020

	
EV sales 4–5%, EV fleet share 2%

	
agent-based modelling

	
[78]




	
Gasoline prices, traditional car cost

	
2030

	
EV sales 64%, EV fleet share 24%

	
Bass diffusion

	
[84]




	
Iceland

	
Marketing and word of mouth

	
2040

	
70–100% EV adoption, based on the prices of gasoline and EVs

	
agent-based modelling

	
[79]




	
Switzerland

	
Choice between predefined cars

	
none

	
Changes in market influenced by EV cost, subsidies, and monthly cost of ownership

	
conjoint analysis

	
[35]




	
Belgium

	
Car utilities

	
2020

	
13% EV market share

	
conjoint analysis

	
[47]




	
2030

	
45% EV market share




	
Norway, Netherlands, and Denmark

	
Survey before and after driving a EV

	
2020

	
40% EV market share

	
conjoint analysis

	
[46]




	
Australia

	
Prices of electricity, income, and subsidies

	
2030

	
45% EV market share

	
conjoint analysis and Bass diffusion

	
[44]
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Table 4. Categorization of studies about charging station (CS) deployment based on data and methodology.
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EV Data

	
Method

	
Algorithm

	
Research






	
Yes

	
Machine Learning

	
XGBoost, Clustering

	
[36]




	
Clustering

	
[97,98]




	
Optimization

	
Greedy, Genetic

	
[99]




	
Mathematical programming

	
[52,53,100]




	
No

	
Optimization

	
Genetic

	
[101,102,103]




	
Mathematical programming

	
[104,105,106,107]




	
Simulation

	
Queuing theory

	
[51]




	
Agent-based modelling

	
[108,109]
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Table 5. EV owners’ charging behavior and patterns.
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Observed Dependency on Charging Behavior

	
Observed Behavior

	
Peak Hours

	
Research






	
Grid load

	
uncontrolled domestic charging, uncontrolled off-peak domestic charging, smart domestic charging, and uncontrolled public charging

	
none

	
[118]




	
Traveling distance

	
The longer the traveling time the earlier the departure is

	
5 p.m.

	
[120]




	
Load on the energy grid caused by EVs is never 0, households with greater income cause greater load, older population generates peak earlier than younger population

	
8 p.m.

	
[122]




	
Cars are parked more than 90% of times

	
6 p.m.

	
[123]




	
Charging times

	
The charging pattern differs between weekdays and weekends, classification of charging session as: charging near home, charging near work, and park to charge

	
none

	
[48]




	
Two peaks in charging utilization, in the morning charge near work, and in the evening charge near home. Drop in charging utilization during the summer

	
8 a.m. and 5 p.m.

	
[14]




	
Driving pattern and battery state-of-charge

	
Extended driving distance can be achieved with reducing the amount of accelerating and de-accelerating

	
none

	
[54]




	
Traveling distance and driving duration

	
On average users charge 3.1 times a week when the remaining battery capacity is under 30% or under 15%

	
none

	
[124]
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