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Abstract

Electric vehicles (EVs) are seen as a promising solution for creating more efficient and sustainable transportation
systems. European Union (EU) members show a strong interest in implementing EVs, and the governments support
the concept by offering facilities to the buyers. Although electric vehicles can be operated with nonpolluting fuels,
such as natural gas, fuel cells are more efficient. Creating electricity can affect the environment and the economy.
Three environmental features (consumption of water, GHG emissions, and energy consumption, plus GDP's
contribution to EU gross domestic product) were analyzed for 28 EU member states to measure electric vehicle
efficiency. In one of the DEA models, an input-oriented method was employed to compute the efficiency scores. The
k-means clustering algorithm defined the high, medium, and low-efficiency groups. Even more so, the total efficiency
scores in this study show that using solar energy outperforms mixed-source energy sources was found to be more
efficient.
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1. Introduction

The idea of carbon-neutral mobility has prompted countries worldwide to switch from fossil-fueled transportation to
more efficient carbon-neutral electric transportation (Casals et al., 2016; Abdella et al., 2016). Electric vehicles are
proposed as a long-term solution to the harmful effects of traditional transportation, especially on the environment
(Cole & Wright, 2003; Sikes et al., 2009). In member states such as the European Union (EU), where EV use rose to
3.6 percent in 2019 from 2.5 percent the year before, with approximately 1.8 million total EV registrations to date,
electromobility has been a priority (Onat et al., 2021). By 2020, the EU has set a target of reducing CO, emissions to
95 ¢.CO2/km of capacity (Kutty et al., 2020). The EU's guidelines for greenhouse gas (GHG) emission reduction
pathways have aided in introducing electric vehicles (Wappelhorst et al., 2020). Electric vehicle usage has grown due
to manufacturers' and consumers' strong confidence in zero-emission mobility options (Onat et al., 2021). The quest
for long-term solutions to pressing environmental issues has also paved the way for EV adoption. Despite cutting low
carbon emissions, EV adoption holds possible reduction in human health, resource depletion, and ecological system
damage across the life cycle, thus helping harmonize EV adoption with the sustainable development agenda 2030
(Kutty et al., 2020b; Alsarayreh et al., 2020). The critical factors that hold a significant effect on the climate, according
to studies conducted by Hawkins et al. (2012), Nordelof et al. (2014), Onat et al. (2018), and Elhamoud and Kutty
(2021), are; energy use and the global warming potential (GWP).

The European Union (EU) plans to have environmentally friendly fuels on the market by 2010 and ten percent
renewable energy in the transportation sector by 2020. By a factor of 2.5, using EV increases the probability of meeting
the targets (Onat et al., 2021). The EU countries decided in 2008 to set a limit of 40 g/m3/year for NO, and PM10.
More than 6% of the population was affected by NO; annual concentrations that exceeded 40 g in 2010. In general,
an electric vehicle consumes half as much energy as a conventional vehicle. Although electric vehicle technology has
reduced GHG emissions, it is still unclear how each county used to generate electricity. The use of nuclear, coal and
renewable energy in Germany decreases the environmental impact of electric vehicle charging. On the other hand,
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Poland has a high emission rate due to its dependence on coal power, which has contributed to an increase in the
demand for electric vehicles, affecting the energy future (Helms et al., 2015).

The efficiency of implementing BEVs in 28 EU states is assessed in this study using Data Envelopment Analysis
(DEA). DEA takes into account the operational phase of the life cycle. The results of the DEA study were modeled
using data visualization software to compare the performance of mixed-source energy and solar energy adoption. This
study focuses on the efficiency of two different energy sources and compares each country's efficiency in both cases.
The aim is to determine which type of energy is more effective in EV adoption and how efficient each country uses it
to electric power vehicles in different EU countries. The study will evaluate the eco-efficiency of EV adoption in 28
countries, taking three environmental indicators and one economic indicator across both mixed and renewable sources
of electricity generation.

2. Measuring Eco-efficiency Performance
2.1 Data description

This study aims to determine the efficiency of BEVs in the operational process when they are powered by a
combination of mixed-energy and solar energy sources. Three environmental indicators were chosen, as well as one
economic indicator. There are 1) water use, 2) greenhouse gas emissions, and 3) electricity use. The contribution to
GDP is selected to reflect the economic value-added. The electricity data for the 28 EU countries was produced using
databases from Eurostat, World Energy Statistics, and Electricity Information. The brand "Nissan Leaf" is used to
measure the effects of electric vehicles, taking into account their energy consumption in kilowatt-hours (30 kWh per
100 miles); see Table 1.

Table 1. Indicators used for the eco-efficiency analysis
Category Indicator Unit
GHG Emissions g CO2-eq /kWh
Environmental Energy Consumption kWh/kWh
Water Consumption  L/kWh
Economic Contributionto GDP  US$

2.2 Single-stage DEA model

In this section, an input-oriented single-stage DEA model was used under mixed-source electricity and solar energy
to evaluate the EV eco-efficiency in each of the 28 EU countries. The performance of each country was calculated
using the output-to-input ratio. Data Envelopment Analysis (DEA) is a mathematical model used to assess the relative
efficiency and performance of a set of “decision-making units (DMU)” using linear programming (Kucukvar et al.,
2017; Kucukvar et al., 2020). The main goal of the DEA model is to optimize the inputs because the better the
transportation system is, the less water, electricity, and GHG emissions are generated. As in Equation 2, the output
over input ratio must be less than or equal to 1, which means the number of the three input DMUs (denominator) must
be less than or equal to the output (numerator). The weight coefficients are the subject of Equations 3 and 4. Each
indicator is assigned a weight based on its significance. On the other hand, decision variables are nonnegative, so that
weights may be zero or more (Abdella et al., 2021; Abdella et al., 2021a).

Obijective Function:

minz = Z!\iluillji " 1
Subject to
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where n represents the number of inputs, k represents the number of output (DMUS), y« represents the amount of output
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produced by the DMU Kk, xix represents the amount of input i used by the DMU k, and u and v; represent the output
multiplier and input multiplier, respectively.

The selected environmental and economic indicators have a direct relationship with the eco-efficiency performance.
The DEA model compared economic and environmental data to assess eco-environmental efficiency. Scores are given
on a scale of 0 to 1, with O representing the least efficient and 1 representing the most efficient. Figure 1 shows the
DEA efficiency results for each of the 28 EU countries, following the data relating to mixed energy sources. The eco-
efficiency of solar energy was then assessed using another DEA model. Figure 2 depicts the eco-efficiency ratings of
28 EU countries regarding renewable energy sources used in the electricity mix.
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Figure 1. EVs-eco-efficiency scores using mixed-sources of energy

Using mixed-sources electricity, the highest efficiency score equals 1 in Belgium, Czech Republic, Finland, and
Sweden. The lowest efficiency ratings are 0.388, 0.381, 0.329, and 0.325, respectively, for Portugal, Greece, Denmark,
and Bulgaria. When it comes to solar-powered electric vehicles, the DEA found Austria has the highest efficiency at
1, followed by Slovenia at 0.98, Sweden at 0.957, and Estonia at 0.915. On the other hand, Malta, Italy, Germany, and
Croatia had the lowest efficiencies, with 0.613, 0.58, 0.579, and 0.497.
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Croatia 0.497
Germany 0.579
Italy 0.58
Malta 0.613
Romania 0.63
Bulgaria 0.65
Hungary 0.652
Finland 0.672
Greece 0.692
Poland 0.721
Slovakia 0.754
Spain 0.766
Latvia 0.818
Cyprus 0.824
Lithuania 0.827
Portugal 0.83
France 0.834
Luxembourg 0.835
Denmark 0.838
Czech Republic 0.855
Netherlands 0.866
Belgium 0.868
Ireland 0.884
United Kingdom 0.886
Estonia 0.915
Sweden 0.957
Slovenia 0.98
Austria 1
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Figure 2. EVs-eco-efficiency scores using solar energy.

3.3 K-means Performance Clustering

The 28 EU countries are divided into three groups (classes) using K-means clustering: low-efficiency, medium-
efficiency, and high-efficiency. The algorithm was run twice, once with mixed-source energy and again with solar
energy. In addition, in both cases, k-means clustering is used to aggregate the countries based on the eco-
environmental predictors and solely on the environmental indicators. The same settings were used in all situations;
see Table 2.

Table 2. K-means clustering inputs

Parameters Value
#lterations 500
#Repetitions 10

Clustering criterion Determinant (W)
Initial partition method Random
Number of classes (k) 3
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The 28 EU countries were then aggregated using the k-means algorithm based on their total efficiency ratings,
including the economic measure of GDP contribution. Considering the environmental indicators, the 28 EU states
were distributed among three groups for the mixed-energy source. Austria is the high-efficiency group's center,
Portugal is the medium-efficiency group's center, and Cyprus is the low-efficiency group's center. For total efficiency
scores when using mixed-source energy, considering economic indicators, the group centers remained the same, and
each nation was placed in the same group it had been in previously (Figure 3-a).
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Figure 3-a Heat map of EVs eco-efficiency performance groups using mixed-sources energy
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Figure 3-c Heat map of EVs eco-efficiency performance groups using solar energy when accounting for total
efficiency scores.
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The 28 EU countries that use solar energy were then aggregated using k-means clustering; the first run only included
environmental indicators. Belgium is the high-efficiency group's center, Malta is the medium-efficiency group's
center, and Slovakia is the low-efficiency group's center. The most recent k-means clustering run was for total
efficiency scores when using solar energy, considering economic indicators. In this case, the findings were different
from mixed-solar energy with environmental indicators alone, where the economic predictor had a major impact on
changing each group's central unit. Ireland is the high-efficiency group's center, Malta is the medium-efficiency
group's center, and Spain is the low-efficiency group's center when accounting for total efficiency scores, including
the economic indicator of GDP contribution (Figure 3-b). At the end of the k-means clustering process, it is clear how
different energy sources will affect the efficiency of EV adoption. When it came to mixed-source electricity, some
nations, such as Germany and Estonia, were in the low-efficiency category, but they fall under the high-efficiency
group when it came to solar energy. The heat map of Europe was used for both scenarios to provide a clearer view of
the efficiency scores obtained by each nation. Figure 3a depicts the performance scale when mixed-source energy is
used. Figure 3b depicts the performance scale when solar energy is used.

3.4 Comparing eco-efficiency of two energy scenarios using t-test

After the efficiency of each of the 28 EU countries is assessed using the DEA method and two types of energy sources
are considered, a comparison is needed to determine which energy source is more efficient in each country. The
comparison is carried out using the independent two-sample t-test tool, which computes the difference between the
two-sample definitions. The 28 countries' efficiency scores after using mixed-source energy (M = 0.67, SD = 0.23)
were compared to the 28 countries' efficiency scores after using solar energy (M = 0.78, SD = 0.13), where M
represents the mean value and SD represents the standard deviation. For both sample sets, the degree of freedom (df)
shows how much the number of values will differ without violating the constraints df 54. Table 3 shows the difference
score estimates, with a significant amount of 0.05.

Table 3. Test statistics

Statistic Solar Energy Mixed-sources energy
Observations 28 28
Average 0.781 0.672
Degrees of freedom 54 54
Variance 0.020 0.051
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Figure 4: Efficiency scores for 28 EU countries using mixed- sources and solar energy
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For the two datasets, the estimated p-value is p =.0155, which is less than.05, indicating that the result is important.
The lower the p-value, the better the alternative; in this case, solar energy is more effective than mixed-sources energy.
Figure 4 depicts the efficiency scores for each of the 28 EU countries using mixed-source electricity and solar energy
and the error bars between the efficiency scores and the difference (X-M), where X represents the efficiency score
and M represents the mean value.

For the two datasets, the estimated p-value is p =.0155, which is less than.05, indicating that the result is important.
The lower the p-value, the better the alternative; in this case, solar energy is more effective than mixed-sources energy.
Figure 4 depicts the efficiency scores for each of the 28 EU countries using mixed-source electricity and solar energy
and the error bars between the efficiency scores and the difference (X-M), where X represents the efficiency score
and M represents the mean value.

4. Discussion and Remarks

This study aimed to assess EV adoption in 28 EU countries using a DEA input-oriented single-stage model to assess
EV performance. The DEA model was chosen because it is well-suited for evaluating environmental indicators and
determining performance. There have been two scenarios considered. The first example involved using mixed-source
electricity to electric power vehicles, while the second involved using solar energy to electric power vehicles. Water
intake, GHG pollution, and energy consumption were the three environmental indicators, while Contribution to GDP
was the economic indicator. On a scale of 0 to 1, efficiency scores were assigned. When using mixed-sources
electricity, the highest efficiency score was 1, which was achieved by four countries: Belgium, Czech Republic,
Finland, and Sweden, with Bulgaria having the lowest efficiency score of 0.325.

On the other hand, Austria had the highest efficiency score of 1 when using solar energy, while Croatia had the lowest
efficiency score of 0.497. This study concludes that implementing EVs using mixed-source energy has higher
environmental impacts than using solar energy to produce electricity, after comparing the two energy forms and the
performance scores of EU countries. However, the overall performance scores reveal that four countries achieved the
highest possible efficiency while using mixed-source electricity, while only Austria received a 1 for solar energy. The
k-means clustering algorithm was used later in this analysis to divide the 28 countries into three categories: high
performance, medium efficiency, and low efficiency. Furthermore, Austria, Belgium, and Finland were discovered to
be in the high-efficiency category when using mixed-source electricity. Bulgaria, Denmark, and Hungary are among
the countries with a medium efficiency level. Cyprus, Czech Republic, Estonia, Germany, Greece, Ireland, the
Netherlands, and Poland round out the low-efficiency party.

Future work could include a wide range of environmental and economic indicators and the most up-to-date data, and
a larger number of countries from various regions. Furthermore, different EV forms, such as PHEV, should be
considered during their entire life cycle, not just during the operational period. Furthermore, the choice to use a
different evaluation method than DEA, such as PCA, is also advised (see: Park et al., 2015). Similarly, Life cycle
approaches can be used to identify the impact generated on the per km traveled across each indicator category and
then understand the efficiency performance. To better understand various life cycle integrated approaches, the readers
can refer (Kutty and Abdella, 2020; Elhmoud and Kutty, 2021). Combinatorial approaches are also well suggested for
future research, such as a variable selection approach before DEA when using large data sets (Yang et al., 2012;
Abdella et al., 2017; Abdella and Shaaban, 2020) to obtain a two-stage DEA model. Weight restriction helps us
identify whether discrimination limits the capacity of the DEA model to bring efficient results compared with the
traditional model for the envelopment analysis. Penalized-based weighting approaches are best suggested for weight
restriction while running a weighted DEA model for eco-efficiency assessment. To better understand various
statistical-based weighting approaches, readers can further refer Abdur-Rouf et al., 2018; Abdella et al., 2019a; Al-
Sheeb et al., 2019; Abdella et al., 2020; Abdella et al., 2020a; and Kutty et al., 2020a. Expert-based weights can also
be assigned to the eco-efficiency indicators to run a fuzzy-weighted DEA model, as shown in Egilmez et al., 2016.
Sustainability also requires a social component, which could be applied to the study in the future to include a
comprehensive evaluation of the long-term viability of EV adoption.
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