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India, as a rapidly growing country facing significant pollution challenges, sees
a major opportunity for sustainable mobility through the adoption of electric
vehicles. Since a large amount of India’s crude oil is imported, the country is
vulnerable to changes in the price of crude oil globally. India may improve its
energy security and lessen its reliance on imported fossil fuels by switching to
electric vehicles (EVs) that are powered by electricity generated domestically.
Air pollution from internal combustion engine vehicles is a contributing factor
to several health issues, such as heart disease and respiratory disorders. Making
the switch to EVs can result in better public health outcomes and cleaner air. This
study offers an in-depth analysis of India’s Electric Vehicle (EV) market dynamics
from FY 2014 to February 2024, utilizing machine learning techniques to identify
sales trends, regional disparities, and adoption drivers. Through meticulous
examination, the research aims to elucidate sales trends, regional variations,
and underlying factors influencing EV adoption across the nation. Objectives
include analysing sales trajectories over the past decade, estimating EV sales
across states, exploring category-specific trends, identifying drivers of regional
disparities, investigating EV adoption patterns in the Tamil Nadu, evaluating the
advantages and disadvantages of EVs. With a particular interest in analyzing
the complex dynamics of charging infrastructure in cities, this study extensively
examines EV adoption in India. By using data-driven insights, this research
aims to contribute to a deeper understanding of the dynamics shaping the
EV landscape in India and provide valuable guidance for stakeholders, industry
participants and policymakers on how to promote the country’s electric mobility
sector’s sustainable growth.

KEYWORDS

electric vehicles, energy efficiency, energy storage, machine learning, energy security,
sales trends, charging infrastructure, sustainable growth

1 Introduction

Electric Vehicles (EVs) represent a major shift in the automotive industry, providing
cleaner, more efficient, and sustainable transportation. Unlike traditional internal
combustion engine vehicles that rely on fossil fuels, EVs are powered by electricity,
either from onboard batteries or through external charging sources. The shift toward
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EV adoption is driven by growing concerns over climate change,
air pollution, and fossil fuel depletion. EVs come in various
forms, including electric cars, electric buses, electric scooters,
electric bicycles, and so on--- They utilize advanced technologies
such as lithium-ion batteries, electric motors, regenerative braking
systems, and sophisticated power electronics to deliver performance
comparable to or even better than conventional vehicles. EVs
produce zero emissions, contributing to improved air quality and
reduced greenhouse gas emissions, thus mitigating the impacts
of climate change. It has lower operating costs compared to
traditional vehicles, as electricity is generally cheaper than gasoline
or diesel fuel. Electric motors operate more quietly and smoothly
than internal combustion engines, providing a more comfortable
and serene driving experience for occupants and reducing noise
pollution in urban environments. EVs are inherently more energy-
efficient than conventional vehicles, with electric motors converting
a higher percentage of energy from the battery into motion. This
efficiency contributed to extended driving ranges on a single charge
and reduces overall energy consumption. EV's offer the potential for
integration with renewable energy sources such as solar and wind
power. Through smart charging and vehicle-to-grid technology, EV's
can serve as energy storage devices and help balance the grid further
enhancing sustainability and resilience.

Research on electric vehicle (EV) adoption highlights several
key factors across various regions. In Korea, consumer attitudes
towards EVs are significantly influenced by familiarity with EV
driving, household vehicle count, educational attainment, parking
availability, and perceptions of government incentives (Kim et al.,
2019). In India, financial, societal, technological, and environmental
factors play a role in shaping EV adoption. The focus is on
expanding charging infrastructure and educating the public about
EV benefits, with predictions indicating market growth despite
challenges (Kalita and Hussain, 2021). A deeper examination
of the Indian EV market using machine learning identifies key
influences such as demographics, financial considerations, and
environmental awareness, while also stressing the importance
of government policies for boosting adoption (Dixit and Singh,
2022). In Europe, the expansion of EV markets hinges on
technological advancements, policy support, and collaboration
between governments and businesses, with an emphasis on
improving battery technology and charging infrastructure to
further market growth (Razmjoo et al., 2022). In India, financial
incentives, charging infrastructure, environmental concerns,
and social reinforcement are key determinants of EV adoption,
with pricing emerging as the most significant driver, as shown
through SEM and CFA analyses (Ali and Naushad, 2022). Further
studies into consumer perspectives in India highlight cost and
charging infrastructure as primary barriers to widespread adoption,
recommending that policymakers focus on overcoming these
challenges to foster a sustainable transportation network (Singh,
2023). Addressing air pollution and emissions reduction through EV
adoption is critical for India, with rising fossil fuel prices, consumer
awareness, and government initiatives expected to drive increased
EV sales, contributing to achieving net-zero emissions by 2070
(Infanto et al., 2023).

The literature also reviews the adoption of EVs, identifying
air pollution reduction as a key motivator, while high purchase
costs and limited driving range remain significant barriers. Rapid
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charging and battery improvements are proposed as solutions to
accelerate EV adoption (Pamidimukkala et al, 2024). Surveys
conducted in Europe, particularly in Finland, Austria, Spain,
and Italy, show positive attitudes towards light-duty electric
vehicles (LEVs) among users, with recommendations for increasing
awareness among non-users to further drive adoption (Mesimaki
and Lehtonen, 2023). In Maharashtra, India, strategic placement
of EV chargers is critical for promoting sustainable mobility.
Researchers identified prime locations like Mumbai, Thane, and
Pune through predictive models, contributing to the development of
EV infrastructure in densely populated urban areas (Chandra et al.,
2023). Similarly, research from Spain developed a model to optimize
charging stations on highways by analyzing factors like road
slope and weather, thereby facilitating long-distance EV travel
(Saldarinietal., 2023). Accurate power usage prediction for charging
stations is also essential for infrastructure planning, with models
like SARIMA providing valuable insights into energy consumption
patterns, supporting sustainable
(Akshay et al., 2024).

Innovations in battery technologies and hybrid energy storage

EV  network development

systems (HESS) are crucial for improving electric vehicle (EV)
efficiency and sustainability. HESS, combined with machine
learning (ML) control, optimizes energy use from renewable
sources, ensuring stable performance under varying conditions
(Punyavathi et al., 2024). Vehicle-to-grid (V2G) systems, coupled
with power management strategies, enhance EV integration into
sustainable transit networks (Agarwal et al., 2024). Machine learning
models like Random Forest and Lasso Regression effectively predict
EV sales and market trends, enabling manufacturers to tailor
strategies to consumer needs (Khusanboev et al., 2023; Yeh and
Wang, 2023). Research shows factors such as CO2 emissions
and renewable energy availability significantly influence EV sales,
linking environmental policies to market dynamics (Yeh and Wang,
2023). Additionally, marketing strategies targeting psychographic
and behavioral market segments, especially in regions with
sustainability-conscious consumers, are vital for boosting EV
adoption (Tripathy et al, 2023; Kautish et al., 2024). Machine
learning frameworks like Light GBM help predict household
EV adoption, enabling manufacturers to target potential buyers
effectively (Dai and Zhang, 2023). The shift to EVs is critical
for achieving global climate targets and reducing dependence on
fossil fuels, with research increasingly focused on key areas such
as charging infrastructure, EV adoption, thermal management,
and routing problems. The development of wireless charging
systems, advancements in Al-driven sustainable transportation
solutions, and predictive maintenance models for EV batteries
further illustrate the breadth of technological progress aimed
at enhancing EV performance and market adoption (Miconi
and Dimitri, 2023; Obrador Rey et al, 2024). Lastly, studies
on consumer behavior, charging infrastructure, and emerging
technologies such as autonomous EVs and flying vehicles highlight
the multifaceted challenges and opportunities in the transition
to a low-carbon transportation future (Dai and Zhang, 2023;
Tripathy et al., 2023).

The EV adoption is widely recognized as crucial for achieving
global climate change targets and advancing sustainable transport
(Haghani et al., 2023). Recent research trends in electric vehicles
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(EVs) highlight key areas such as charging infrastructure (Fescioglu-
Unver and Aktas, 2023), adoption rates (Moreno Rocha et al., 2024),
thermal management systems, and routing problems (Singh et al.,
2024), with a noticeable decline in hybrid EV research across
subfields. Addressing global challenges like urban congestion
and environmental degradation, renewable energy-powered EVs
and flying automobiles are being explored to reduce fossil
fuel dependence and carbon emissions. Studies emphasize the
need for integrating flying vehicles into existing infrastructures
through dynamic modeling and a mixed-methods approach,
analyzing drivers and challenges, such as infrastructure, safety,
and airspace management. The importance of wireless charging,
particularly inductive and capacitive power transfer (Govathoti,
2024), is also highlighted, while policies like the European Union’s
2035 ban on internal combustion engine vehicle registrations
aim to boost EV adoption (Menyhart, 2024). Transforming
public transportation requires machine learning-driven predictions
of energy economy for electric buses, with studies indicating
that predictive maintenance and consumer-centric policies can
enhance EV adoption. Research also points to growing consumer
interest in EVs in the Nordic countries (de Rubens, 2019), where
vehicle-to-grid technologies and pricing strategies drive market
adoption. Furthermore, machine learning models have proven
effective in predicting market dynamics (Ahmadi et al, 2020),
identifying charging infrastructure needs, and forecasting individual
consumer behavior, aiding manufacturers and policymakers (Dixit
and Singh, 2022; Neeraja et al, 2023). Studies highlight the
significant potential of Al, blockchain, and autonomous EVs in
achieving a sustainable future for urban mobility, while also
identifying challenges related to infrastructure and emissions
(Kavcic et al., 2022; Jin et al, 2024). Finally, the environmental
footprint of EVs, including indirect emissions and recyclability,
remains a critical focus, with recommendations for further
technological advancements and sustainable policy frameworks
(Vajsz et al., 2022).

The paper is organized as follows: The complete methodology
is explained in Section “Materials and methods” To demonstrate
the application of the suggested problem, a numerical example is
given in Section “Analysis and Interpretation.” Section “Conclusion”
of the paper provides concluding remarks, an analysis of the study’s
shortcomings, and implications.

2 Materials and methods

The study’s methodology is illustrated in Figure 1. It starts
by gathering both primary and secondary data, which involves
obtaining responses from surveys and information from sources.
Data was sourced from the Vahan dashboard and district distance
matrices for Tamil Nadu, including survey responses for consumer
perception analysis. Once data collection is complete, thorough
cleaning and preprocessing procedures are undertaken to ensure the
data quality, including addressing missing values and standardizing
data format. Following this, relevant features are identified, and
the target variable (the year of EV sales) is established, leading
to the consolidation of datasets for a comprehensive analysis.
Machine learning models such as Linear Regression, Support
Vector Regressor, K Nearest Neighbours, Random Forest Regressor,
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Decision Tree Regressor, Gradient Boosting Regressor, AdaBoost
Regressor, Ridge Regression, and Lasso Regression were used. The
dataset is subsequently divided into training and testing sets for
the purpose of model training and evaluation. The performance
of the chosen model is assessed using appropriate metrics, and
adjustments to hyperparameters may be made for optimization if
necessary. The interpretation of results involves analysing insights
into the dynamics of the EV market and regional disparities.
Ultimately, actionable recommendations are formulated to promote
sustainable growth in India’s electric mobility sector based on the
study’s findings.

3 Analysis and interpretation

A thorough analysis of Indias EV market dynamics from
FY 2014 to 2024 up to February is presented by using
the steps in Figure 2. Using ML methods, it examines sales patterns,
regional differences, and factors impacting EV adoption across
the country. Key points include insights into sales trends, regional
adoption patterns, category-specific dynamics, and performance
disparities among states. Moreover, a specific focus on Tamil Nadu
provides localized insights, while an evaluation of EV advantages
and disadvantages offers clarity on their overall feasibility.
Additionally, spatial analysis of charging infrastructure expansion
assists in strategic planning for infrastructure development.

3.1 Total sales of EV in India FY 2014-2024
(Feb)

Figure 3 illustrates a steady increase in EV sales from 2014
to 2023, reflecting growing adoption across India. This upward
trend can be attributed to several factors, including government
incentives, increased environmental awareness, rising fuel prices,
and advancements in EV technology. Despite this growth, the rate of
increase may vary over time due to shifts in consumer preferences,
economic conditions, and government policies.

The Indian government has played a crucial role in promoting
EV adoption through initiatives such as the Faster Adoption and
Manufacturing of Electric Vehicles (FAME) scheme, which offers
subsidies and incentives for both consumers and manufacturers.
Additionally, state governments have implemented localized policies
to further encourage the use of EVs. Although EV sales have been
rising, they still represent a small fraction of the total vehicle sales in
India. Nevertheless, the continued emphasis on reducing emissions
and dependence on fossil fuels is expected to drive substantial
growth in EV sales in the coming years.

Year-to-year fluctuations in EV sales are also evident. For
instance, in 2020, the global automotive industry faced a significant
downturn due to the COVID-19 pandemic, which led to lockdowns,
supply chain disruptions, and reduced consumer spending. This
resulted in a temporary dip in EV sales, reflecting the broader impact
on the automotive sector.

Overall, the bar plot underscores the growth and potential of the
EV market in India, highlighting the progress achieved thus far and
the opportunities for further expansion in the future.
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METHODOLOGY

FIGURE 1
Methodology of the study.

FIGURE 2
Analysis and interpretation.

3.2 State-wise EV sales in India
(2021-2024)

India is witnessing a steady rise in EV sales; however,
challenges such as high upfront costs and a lack of accessible
charging infrastructure persist. State governments play a pivotal
role in addressing these issues by implementing supportive
policies, investing in infrastructure, and promoting awareness
of the benefits of electric vehicles. For a cleaner and more
sustainable future, all Indian states must work towards increasing
EV adoption.

Frontiers in Energy Research

Uttar Pradesh has consistently emerged as the top-performing
state in EV sales across multiple years (up to 2023), reflecting
strong market demand and widespread adoption in the region.
Maharashtra and Karnataka ranked second and third in terms of EV
sales in 2022 and 2023, respectively, maintaining their prominent
positions in the rankings. In 2024, Gujarat has taken the lead
as the top-selling state based on data available up to February.
This notable shift in rankings highlights Gujarat's expanding
EV market, driven by factors such as favorable policies, well-
developed charging infrastructure, growing consumer awareness,
and interest in electric vehicles.
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FIGURE 3
Total sales of EV in India (2024 is not a full year).

TOTAL SALES OF EV IN INDIA

2016 2017 2018 2019 2020 2021
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TABLE 1 Output of ML models.

Models MSE MAE
Linear Regression 0.6381 0.6832
Decision Tree Regressor 0.9048 0.7143
Random Forest Regressor 0.7380 0.7539
SVR 0.7099 0.7268
KNN 0.8400 0.8095
Ridge Regression 0.6381 0.6832
Lasso Regression 0.6431 0.6856
Gradient Boosting Regressor 0.8252 0.8032
Ada Boost Regressor 0.8865 0.7976

Best prediction models are found to be Ridge Regression and Linear Regression based on
the category-wise EV sales data in India.

Tamil Nadu has also positioned itself among the leading
states in EV sales. Projections for 2024 suggest that Tamil Nadu
is expected to become the top-selling state for electric vehicles
across India (refer Supplementary Figure S1). These developments
underscore the dynamic nature of the EV market in India and
the importance of continued efforts to promote EV adoption
nationwide.

3.3 Category-wise EV sales in India

The category-wise EV sales chart (see Supplementary Figure 52)
for the years 2021, 2022, and 2023 in India provides valuable
insights into the trends and dynamics of the electric vehicle market.
The data illustrates that the 2W and 3W segments consistently
outperform other categories, such as 4W, Buses, and Others, across

Frontiers in Energy Research

all 3 years, indicating a strong consumer preference for electric 2Ws
and 3Ws in India.

The year 2022 stands out as the period with the highest overall
EV sales, driven primarily by a remarkable surge in the 2W
segment. This highlights 2022 as a pivotal year for the EV market
in India, marked by widespread adoption and increased consumer
confidence in EV technology. Although overall sales in 2023 did
not surpass the peak achieved in 2022, the 2W segment maintained
its dominance, achieving the second-highest sales volume within
this category.

This sustained growth reflects a maturing market, with
consumers continuing to adopt electric 2Ws as a viable mode of
transportation. The high demand for 2W and 3W EVs highlights
the need for tailored policies and incentives to promote the adoption
of these categories. Policymakers and industry stakeholders
should prioritize enhancing charging infrastructure, incentivizing
manufacturing, and implementing supportive measures to further
accelerate growth in the 2W and 3W segments.

While the 2W and 3W segments currently dominate the
market, there is significant potential for growth and diversification
in other categories, such as electric 4Ws, Buses, and specialized
vehicles. Strategic investments in research and development, along
with targeted marketing efforts, can unlock the full potential
of these segments and contribute to the overall expansion of
India’s EV market.

4 Analysis & interpretation: initializing
models

Dependent variable: EV category-wise sales data (2W,3W, 4W,
BUS, OTHERS) Independent variable: Year.

4.1 Linear regression

Linear regression models the relationship between a dependent
variable and one or more independent variables by fitting a linear

frontiersin.org
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FIGURE 4
Top 5 states of EV in India.
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FIGURE 5
Least 5 states of EV in India.

equation to observed data. To put it simply, it clarifies how
changing one or more independent variables affects the value of the
dependent variable.

4.2 Support vector regressor

For regression tasks, the supervised learning algorithm known
as the support vector regressor is employed. The way it operates
is by projecting the input data onto a high-dimensional feature
space, then identifying the ideal hyperplane to minimize error and
effectively divide the data into distinct classes. These metrics show
the degree to which the model’s predictions agree with the actual
target values.
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4.3 K-nearest neighbour

For classification and regression tasks, K Nearest Neighbors
(KNN) is an easy to understand, accessible supervised learning
algorithm. It uses the majority class (classification) or average value
(regression) of their K nearest neighbors to forecast new points while
storing the training set in storage.

4.4 Random forest regressor

With the use of multiple decision trees built during
training, the random forest regressor is an ensemble
learning technique that produces the mean prediction of
each individual tree for regression tasks. By combining the

frontiersin.org
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TABLE 2 Cross tabulation b/w gender & awareness of EV.

Gender

Are you aware
of EV

1 60 0 60
2 74 13 87
Total 134 13 147

TABLE 3 Cross tabulation b/w education & awareness of govt. schemes.

Education Awareness Total
of
government
schemes
1 2
1 7 14 21
2 28 41 69
3 25 32 57
Total 60 87 147

predictions of several trees, it decreases overfitting and increases
prediction accuracy.

4.5 Decision tree regressor

For regression tasks, a supervised learning algorithm called
a decision tree regressor is employed. With the training set, it
constructs a decision tree, with each leaf node denoting the expected
output value, each branch representing a decision, and each node
representing a feature.

4.6 Gradient boosting regressor

Gradient Boosting Regressor is a machine learning technique
for regression that builds an ensemble of weak prediction models,
focusing on minimizing errors in a sequential manner. It's used
for accurate regression tasks, especially in complex datasets with
nonlinear relationships, and is favoured in competitions for its high
performance and versatility.

4.7 Ada boost regressor

AdaBoost Regressor is a machine learning algorithm that
sequentially trains weak learners to correct errors made by previous
models, emphasizing difficult-to-predict instances. Its used for
regression tasks, particularly when dealing with noisy data or
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complex relationships, and excels in scenarios where robustness to
outliers is crucial.

4.8 Ridge regression

Ridge regression, or L2 regularization, is a linear regression
technique that adds a penalty term to the loss function, penalizing
large coefhicient values. It helps to prevent overfitting and improve
the generalization performance of the model.

4.9 Lasso regression

Lasso regression, or L1 regularization, is a linear regression
technique that adds a penalty term to the loss function, forcing
some of the coefficient values to be exactly zero. It helps to
select a subset of the most relevant features and reduce model
complexity.

4.10 Output of machine learning models &
interpretation

The best prediction models are found to be Ridge Regression
and Linear Regression based on the category-wise EV sales
data (refer Table 1) in India. Compared to the other regression
procedures examined, these models show the lowest Mean
Squared Error (MSE) and Mean Absolute Error (MAE). Their
predictability, ease of interpretation, and effective computing
power make them the ideal options for analyzing and predicting
EV sales trends across various categories. Their usefulness for
stakeholders seeking actionable insights in the rapidly expanding
EV industry is further enhanced by their capacity to offer
insights into the relative contributions of specific characteristics.
Since Ridge Regression and Linear Regression balance predictive
accuracy, interpretability, and computational efficiency, they
sales

are recommended for estimating category-wise EV

in India.

5 Top 5 states of EV in India

The bar chart (see Figure 4) illustrates the distribution of EV
sales in India, with Uttar Pradesh (UP), Maharashtra, Gujarat,
Karnataka, and Delhileading the transition towards electric vehicles.
Uttar Pradesh emerges as the largest contributor, indicating a
growing market for EVs, particularly in cities such as Lucknow and
Noida. Maharashtra, recognized for its industrial and commercial
significance, also plays a significant role in EV sales, while Gujarat
leverages its strong industrial base and government initiatives to
support EV growth. Karnataka and Delhi, although contributing
slightly less, demonstrate substantial participation in EV sales,
supported by favorable policies and increased consumer awareness,
including incentives such as 100.
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TABLE 4 Chi-Square b/w gender & awareness of EV.

Asymp. Sig. (2-sided) Exact Sig. (2-sided)

10.3389/fenrg.2025.1500515

Exact Sig. (1-sided)

Pearson Chi-Square 9.835° 1 0.002

Continuity Correction® 8.069 1 0.005

Likelihood Ratio 14.500 1 0.000

Fisher’s Exact Test 0.001 0.001
Linear-by-Linear Association 9.768 1 0.002

N of Valid Cases 147

20 cells (0.0%) have expected count less than 5.
The minimum expected count is 5.31.
" Computed only for a 2 x 2 table.

TABLE 5 Chi-square b/w education & awareness of EV.

TABLE 7 Chi-square b/w age & awareness of EV.

Asymp. Sig. Value df Asymp. Sig.
(2-Sided) (2-Sided)
Pearson Chi-Square 5.178" 2 0.075 Pearson Chi-Square 8.281° 4 0.082
Likelihood Ratio 5.403 2 0.067 Likelihood Ratio 12.627 4 0.082
Linear-by-Linear 0.849 1 0.357 Linear-by-Linear 5.724 1 0.013
Association Association
N of Valid Cases 147 N of Valid Cases 147

@1 cells (16.7%) have expected count less than 5.
The minimum expected count is 1.86.

TABLE 6 Cross tabulation b/w age & awareness of EV.

Are you aware of
EV

1 80 13 93
2 23 0 23
3 13 0 13
4 11 0 11
5 7 0 7
Total 134 13 147

5.1 What makes EV sales go up in UP?

Uttar Pradesh (UP) emerges as a frontrunner in electric vehicle
(EV) sales due to its proactive governmental strategies, exemplified
by the UP Electric Vehicle Manufacturing and Mobility Policy 2022
and the establishment of 582 operational public charging stations.
Despite grappling with a poverty rate of 22.93%, UP showcases
robust economic indicators, with a GDP per capita of 79,396 rupees
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4 cells (40.0%) have expected count less than 5.
The minimum expected count is 0.62.

and a minimal unemployment rate of 2.9%. With a dense population
density of 1,001 Jkm?, UP represents a lucrative market for EV
adoption, signifying significant strides in sustainable transportation.

From 2014 to February 2024, UP maintains a consistent
upward trajectory in EV sales (refer Supplementary Figure S3),
peaking notably in 2023 with 278,017 units sold. The state
further incentivizes EV adoption by offering a full waiver
on road tax, though it does not impose any maximum
subsidy provisions.

6 Least 5 states of EV in India

The bar chart (refer Figure 5) indicates that Sikkim, Arunachal
Pradesh, Nagaland, Ladakh, and the Andaman and Nicobar Islands
have lower rates of EV adoption compared to other parts of
India. This is likely due to factors such as insufficient charging
infrastructure, limited awareness of the benefits of EVs, absence
of government incentives, and geographical challenges. Among
these regions, Sikkim demonstrates the smallest share of EV
sales, followed by Arunachal Pradesh, Nagaland, Ladakh, and the
Andaman and Nicobar Islands. While Ladakh and the Andaman and
Nicobar Islands show slightly higher proportions of EV sales, they
still fall short of national averages, highlighting the need for targeted
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TABLE 8 Chi-square b/w gender & awareness of govt. schemes.

10.3389/fenrg.2025.1500515

Value df Asymp. Sig. (2-Sided) Exact sig. (2-Sided) Exact sig. (1-Sided)

Pearson Chi-Square 0.028° 1 0.867

Continuity Correction® 0.000 1 1.000

Likelihood Ratio 0.028 1 0.867

Fisher’s Exact Test 1.000 0.502
Linear-by-Linear Association 0.028 1 0.868

N of Valid Cases 147

20 cells (0.0%) have expected count less than 5.
The minimum expected count is 24.49.
" Computed only for a 2 x 2 table.

TABLE 9 Chi-Square b/w age & awareness of govt. schemes.

TABLE 11 Chi-square b/w gender & intention to purchase EV in future.

Value | df Asymp. Sig. Value df Asymp. Sig.
(2-Sided) (2-Tailed)
Pearson Chi-Square 7.947% 4 0.094 Pearson Chi-Square 831 2 0.016
Likelihood Ratio 9.401 4 0.052 Likelihood Ratio 8.38 2 0.015
Linear-by-Linear 2.397 1 0.122 Linear-by-Linear 3.82 1 0.051
Association Association
N of Valid Cases 147 N of Valid Cases 150

4 cells (40.0%) have expected count less than 5.
The minimum expected count is 0.62.

TABLE 10 Chi square b/w education & awareness of govt. schemes.

Value | df Asymp. Sig.
(2-Sided)
Pearson Chi-Square 0.707% 2 0.702
Likelihood Ratio 0.717 2 0.699
Linear-by-Linear 0.650 1 0.420
Association
N of Valid Cases 147

0 cells (0.0%) have expected count less than 5.
The minimum expected count is 8.57.

efforts to enhance EV adoption in line with India’s sustainable
transportation objectives.

6.1 Why are EV sales lower in Sikkim?

Several factors contribute to the slow sales of electric vehicles
(EVs) in Sikkim (refer Supplementary Figure S4). The potential
EV market in the region is limited by its small population,
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TABLE 12 Chi-square b/w age & intention to purchase EV in future.

Value df Asymp. Sig.
(2-Tailed)
Pearson Chi-Square 29.50 8 0.000
Likelihood Ratio 24.61 8 0.002
Linear-by-Linear 2.31 1 0.129
Association
N of Valid Cases 150

which is further impacted by unfavorable climatic conditions and
security concerns.

Census data shows a population of 610,577, with only
slight growth over time. With just two EV charging stations
in East Sikkim, limited infrastructure hampers widespread EV
adoption. Economic dynamics also play a role, as Sikkim’s
agrarian economy, despite a notable GDP per capita, restricts
consumer spending on EVs. The emerging EV market in Sikkim
faces challenges such as restricted model availability and limited
services, which hinder consumer acceptance. Furthermore, given
the region’s reliance on agriculture as the predominant occupation,
the lack of diverse economic activities also impacts the potential
for EV sales.
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TABLE 13 Chi-square b/w Age & intention to purchase EV in future.

10.3389/fenrg.2025.1500515

TABLE 14 Top 10 optimal locations based on single mode analysis.

Value | df Asymp. Sig. Districtl ‘ District 2 ’ Distance
(2-Tailed)

Chennai Kanniyakumari 705

Pearson Chi-Square 8.39 4 0.078
Kanniyakumari Thiruvallur 700

Likelihood Ratio 7.74 4 0.101
Kanniyakumari Ranipet 662

Linear-by-Linear 0.03 1 0.872
Association Kancheepuram Kanniyakumari 654
N of Valid Cases 150 Chennai Tenkasi 652
Kanniyakumari Vellore 644
7 EV sales trend in the Tamil Nadu Chengalpattu Kanniyakumari 644
re g 1on Tenkasi Thiruvallur 638
The Tamil Nadu EV sales data from 2021 to 2023 indicates Chennai Tirunelveli 629

a steady rise (refer Supplementary Figure S5 in supplementary

material), with notable peaks in March each year, possibly due Chenna Thiravallur 617

to increased demand or promotional activities. In 2022, sales
surged, particularly from April to August, with March recording
the highest sales at 8,179 units. This trend continues in 2023, with
March remaining a top-selling month. Notably, May 2023 sees a
significant spike in sales at 11,484 units, potentially influenced
by seasonal factors or specific market events. Cultural preferences
and societal norms also play a role in shaping consumer behavior
and perceptions toward EVs. Factors such as the status symbols
associated with traditional vehicles or cultural attitudes toward
technology adoption may impact EV sales.

8 Public perceptions of EVs

The examination of Electric Vehicles (EVs) advantages and
disadvantages is essential in gauging their potential influence on
transportation and the environment. A structured questionnaire
has been devised to gather insights from respondents, evaluating
aspects such as EV awareness, government incentive awareness, and
future EV purchase intentions. This survey aims to collect valuable
data for comprehensive assessment of perceptions, preferences, and
considerations regarding EV adoption. Statistical analysis, including
chi-square analysis were performed using SPSS to further explore
the relationships between variables and derive meaningful insights.

8.1 Gender vs. are you aware of EV

A Chi-square analysis revealed a statistically significant
and EV with
males reporting higher levels of awareness than females
(* =9.835,df=1,p < 0.005). This suggests that awareness of EVs
and gender are significantly correlated. The connection was further
validated by additional analysis using Fisher’s exact test (p < 0.001).
More specifically, compared to females (13 out of 87), a greater
percentage of males (60 out of 134) claimed to be aware of EVs. As

association  between gender awareness,

an outcome, it seems that gender affects EV awareness, with men
exhibiting higher degrees of awareness than women.
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The bar chart (refer Supplementary Figure S6) depicts the
relationship between gender and awareness of EVs among
respondents. The x-axis represents gender, where “1” corresponds
to males and “2” to females. The y-axis indicates the count of
respondents, with light blue bars representing those who are aware
of EVs and dark violet bars representing those who are not aware.

8.2 Education vs. are you aware of EV

The chi-square tests were conducted to examine the relationship
between variables. The results indicate no significant association
between the variables at the conventional significance level of
0.05. Additionally, there is no significant linear trend observed.
However, it is important to note that a portion of the cells have
low expected counts, which may impact the reliability of the test
results (refer Supplementary Figure S7).

8.3 Age vs. are you aware of EV

The chi-square tests were conducted to explore the relationship
between variables. The results indicate that while there is no
significant association between the variables at the conventional
significance level of 0.05 based on the Pearson and likelihood ratio
tests, a significant linear trend is observed according to the linear-
by linear association test. It's important to note that a considerable
portion of cells have low expected counts.

The bar chart (refer Supplementary Figure S8) displays how
different age groups relate to knowing about EVs. The x-axis
represents Age where “1” corresponds to Less than 25 years, “2”
corresponds to 26-35 years, “3” corresponds to 36-45 years, “4”
corresponds to 46-55 years, and “5” corresponds to Above 55 years.
Notably, the youngest age group (Less than 25 years) exhibits the
highest level of awareness, followed by the other age groups.
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8.4 Gender vs. are you aware of any
government schemes or policies related to
EV

The chi-square tests conducted to explore the relationship
between variables reveal no significant association based on various
measures. For example, Pearson’s chi-square value is 0.028 with a
p-value of 0.867, continuity correction yields a value of 0.000 with
a p-value of 1.000, and likelihood ratio chi-square value is 0.028
with a p-value of 0.867. Fisher’s exact test shows a two-sided p-
value of 1.000 and a one-sided p-value of 0.502. The linear-by-linear
association chi-square value is 0.028 with a p-value of 0.868. All cells
have expected counts greater than 5.

8.5 Age vs. are you aware of any
government schemes or policies related to
EV

The chi-square show no significant association between
variables. Pearsons chi-square value is 7.947 with 4 (df), yielding
a p-value of 0.094. Likelihood ratio chi-square is 9.401 with 4
df, resulting in a p-value of 0.052. However, 30.0% of cells have
expected counts less than 5, with a minimum expected count of
2.86, potentially impacting reliability.

9 Education vs. are you aware of any
government schemes or policies
related to EV

The chi-square examination assessed the connection between
education levels and awareness of government programs concerning
EVs. The findings, such as the Pearson Chi-square value of 0.707
with 2 degrees of freedom and a significance level of 0.702, upheld
the null hypothesis. Likewise, both the Likelihood Ratio and Linear-
by-Linear Association analyses produced non-significant outcomes,
affirming that there’s no statistically meaningful link between
education levels and awareness of EV-related governmental policies
among the participants.

The bar chart presents the relationship between education levels
and awareness of government schemes or policies related to EVs.
Across different education categories, there is notable variation in
awareness levels. Graduates exhibit the highest awareness, followed
by those with postgraduate and above education, Conversely,
individuals with Up to 12th grade education show the lowest
awareness.

9.1 Gender vs. would you like to purchase
EV in future

The outcomes of the chi-square tests indicate a potential link
between demographic variables and the inclination to purchase an
EV. Both the Pearson Chi-square and Likelihood Ratio tests showed
p-values of 0.016 and 0.015, suggesting a plausible association.
Furthermore, the Linear-by-Linear Association test approached
significance with a p-value 0f 0.051, indicating a possible linear trend
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in the relationship. These findings suggest that demographic factors
may influence individuals” intentions to buy EVs.

9.2 Age vs. would you like to purchase EV
in future

The chi-square tests highlight substantial correlations between
demographic variables and whether someone wants to buy and EV.
The results of two tests, Pearson Chi-Square and Likelihood Ratio, had
reallylow p-values-0.000 and 0.002. These low p-values mean they give
strong evidence that there is a connection. However, the Linear-by-
Linear Association test yielded a p-value 0f 0.129, suggesting a potential
linear trend, albeit less conclusively than the other test.

9.3 Education vs. would you like to
purchase EV in future

The Pearson Chi-Square and Likelihood Ratio tests produced
p-values are 0.078 and 0.101, indicating they are not statistically
significant at the common significance level of 0.05. This suggests
there might not be a significant link between the variables being
examined. However, the Linear-by-Linear Association test showed
a minimal chi-square value of 0.03 with 1 degree of freedom and
a high p-value of 0.872, indicating no noticeable linear trend in
the relationship. Based on these tests, there is not strong evidence
of a connection between the variables being studied. Tables 2, 3
gives the cross tabulation between gender and awareness of EV and
education and awareness of govt. schemes respectively. Tables 4-13
calculates the chi- square of different parameters. Table 14 gives the
top 10 optimal locations based on single mode analysis. Table 15
represents the district wise data for income, road density, EV sames,
and population in TN.

9.4 Advantages

Based on the responses from the 147 participants regarding the
advantages of EVs, the majority highlighted saving fuel costs (118
respondents), followed by reducing emissions (81 respondents),
and mitigating noise pollution (86 respondents). Notably, several
participants also cited additional benefits, including addressing
air pollution, facilitating easy adaptation for current and future
generations, the convenience of home charging, and the ease of
handling due to lower weight and robust design. This comprehensive
range of responses underscores the multifaceted appeal and
perceived advantages of EVs beyond the conventional benefits
typically associated with them.

9.5 Disadvantages

Based on the responses from the 147 participants regarding the
advantages of EVs, the majority highlighted saving fuel costs (118
respondents), followed by reducing emissions (81 respondents),
and mitigating noise pollution (86 respondents). Notably, several
participants also cited additional benefits, including addressing
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TABLE 15 District-wise data for income, road density, EV sales, and population in TN.

10.3389/fenrg.2025.1500515

Districts Average income Road density Total sales of EV Population
Ariyalur 139,000 218.78 560 754,894
Chengalpattu 158,000 167.64 10,910 2,556,244
Chennai 266,000 85.32 56,283 4,681,087
Coimbatore 335,000 264.89 26,034 1,601,864
Cuddalore 155,000 2543 2,589 2,605,943
Dharmapuri 176,000 172.45 3,487 1,504,311
Dindigul 163,000 163.87 2,813 2,159,775
Erode 317,000 184.65 5,167 2,270,856
Kallakurichi 98,467 18.23 1747 1,347,204
Kancheepuram 137,000 163.43 5,517 3,963,252
Karur 252,000 238.48 3,737 1,064,493
Krishnagiri 290,000 151.2 7,883 1,879,890
Madurai 188,000 183.87 6,893 3,038,252
Mayiladuthurai 268,900 268.6 1,047 918,356
Nagapattinam 154,000 199.8 8,147 1,616,450
Kanniyakumari 214,000 373.5 4,472 330,572
Namakkal 270,000 276.31 9,079 1,726,601
Perambalur 89,529 183.78 630 468,060
Pudukkottai 124,000 272.64 2,771 3,101,991
Ramanathapuram 130,000 171.53 3,213 942,746
Ranipet 108,700 1354 2070 264,330
Salem 192,000 245.09 8,385 3,482,055
Sivagangai 119,000 177.84 3,314 926,256
Tenkasi 157,000 147.69 1738 714,245
Thanjavur 162,000 344.49 5,185 1,554,531
Theni 134,000 136.58 1,380 1,545,531
Thiruvallur 384,000 243.87 13,527 1,299,709
Thiruvarur 110,000 405.34 1,624 1,006,482
Thoothukudi 113,000 134.46 2,278 1,750,176
Tiruchirappalli 244,000 221.24 7,344 1,384,257
Tirunelveli 179,000 154.28 1,581 1,614,242
Tirupathur 218,090 233.54 2,624 83,612
(Continued on the following page)
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TABLE 15 (Continued) District-wise data for income, road density, EV sales, and population in TN.

Districts Average income ‘ Road density Total sales of EV ‘ Population
Tiruppur 222,000 256.26 13,201 2,479,052
Tiruvannamalai 106,000 153.76 4,699 1,969,930
The Nilgiris 203,000 121.01 277 299,739
Vellore 205,000 175.85 4,499 1,614,242
Villupuram 115,000 11545 2,731 96,253
Virudhunagar 228,000 127.06 4,206 962,062

air pollution, facilitating easy adaptation for current and future 10.1 Data collection

generations, the convenience of home charging, and the ease of

handling due to lower weight and robust design. This comprehensive For data collection, the initial step involved utilizing a distance

range of responses underscores the multifaceted appeal and  calculator to compile a matrix detailing the distances between

perceived advantages of EVs beyond the conventional benefits  districts within Tamil Nadu. Preprocessing was omitted prior to

typically associated with them. analysis. This distance matrix served as pivotal data for strategically
positioning charging stations. It facilitated an understanding
of district proximity and guided decisions regarding optimal

9.6 Inte rpl‘etation placement. The raw data derived from the distance calculator
formed the cornerstone for subsequent analyses and determinations

The analysis presented a comprehensive examination of various ~ concerning charger placement.

factors related to EVs, including demographic influences on

awareness, perceptions regarding government initiatives, purchase

intentions, and perceived advantages and disadvantages. The study ~ 10.2 Algorithm used

found that factors like age and whether someone is a man or woman

affect how much they know about EVs. Younger people and mean ~ 10.2.1 MST

usually know more about them. Being educated does not always It is a subset of the edges of a connected, undirected graph that

mean you know more about EVs, but it does mean you might know  connects all the vertices together without any cycles and with the

more about government plans for them. Even though people have =~ minimum possible total edge weight. Essentially, it’s a tree that covers

different levels of knowledge, many are interested in EVs because  all the graph’s vertices with the least total edge weight. MSTs find

they can save money and help the environment. But, problems like  applications in diverse fields like network planning, clustering, and

not enough places to charge them and how expensive they are can ~ optimization.

make it hard for more people to use them.

10.2.2 MST-K
It is a greedy approach to finding the MST of a connected,
10 Strateg ic P lacement of cha rg i ng weighted graph. It selects edges based on their weights, ensuring no
infrastructure in TN cycles are formed, until all vertices are included in the tree. With a

time complexity of O (E log V), it efficiently constructs the MST.

Tamil Nadu’s greenhouse gas (GHG) emissions surged by
an astonishing 84% from 2005 to 2019, reaching 184 million
tons of Carbon dioxide Equivalent (MtCO2eq). This increase was 11 Execution & outcome
predominantly driven by the energy sector, contributing 77% of
the total emissions, equivalent to 141 MtCO2eq in 2019. The The graphs show how TN districts are connected geographically,
substantial rise underscores the urgent need for measures to curb  aiding in planning. The first graph (Figure 6) displays distances
emissions, particularly focusing on the energy sector. Transitioning ~ between districts, while the optimized MST graph (Figure 7)
to sustainable energy sources like EVs is crucial. However, TN faces  highlights efficient connections. Central districts play key roles
challenges in its EV infrastructure, including poor road conditions  in linking others, while peripheral districts may need better
and gaps in power distribution, hindering the deployment of  infrastructure. Analyzing these graphs informs decisions, including
charging stations. Addressing these challenges and optimizing  where to place charging stations for EVs.
charger placement are essential steps toward facilitating smoother After conducting a detailed analysis of edge weight in a
journeys with reduced environmental impact, thus advancing TN single-mode examination. I've identified the top 10 optimal
towards a more sustainable future. sites [refer (Table 14)] for installing charging stations throughout
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TN. These locations were selected meticulously to ensure effective
coverage and accessibility, encouraging the adoption of EVs and
supporting sustainable transportation infrastructure. The selection
criteria focused on edge weights in the connectivity graph, prioritizing
areas with longer distances between districts. This strategic approach
aims to minimize travel distances for EVs, marking a substantial step
towards establishing a strong EV infrastructure network in TN.

A histogram graph [see (Figure 8)] has been created to
depict the total distance for each district in Tamil Nadu. This
histogram offers insights into distance distribution across the
state, revealing connectivity and transportation dynamics. Shorter
distances suggest efficient transportation networks and proximity to
key hubs. Longer distances signal connectivity issues, necessitating
targeted interventions like improved infrastructure. Optimizing
charging station placement can enhance transportation efficiency
and very useful for the EV users. Figure 9 displays the raw graph,
which was generated using multi-modal edge weights with the
assistance of Python programming.

12 Results & discussion

The recent data collected for district-wise population, income,
road density, and electric vehicle (EV) sales across Tamil Nadu are
tabulated in Table 15. Figure 10 illustrates the resulting Minimal
Spanning Tree, generated with Chennai as the central hub.
Strategically placing charging stations along main roads is crucial
for encouraging greater EV adoption in Tamil Nadu.
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After analyzing the top 10 edge weights derived from the
MST multi-modal analysis, several critical pathways emerge. These
corridors connect major urban centers like Chennai, Coimbatore,
and Madurai, along with key junctions such as Salem and Tirupur.
Establishing charging stations along these routes facilitates long-
distance travel, supports inter-city commuting, and promotes the use
of eco-friendly transportation options for both residents and visitors.

Additionally, focusing on areas with significant commuter activity,
industrial presence, and tourist influx, such as Chengalpattu and
Thanjavur, ensures widespread access to EV charging infrastructure.
In conclusion, strategically placing charging stations on these key
routes enhances transportation efficiency, boosts the local economy,
and contributes to environmental sustainability in the region.

13 Limitations

The success of the project relies on the availability of sufficient
and high-quality data. Incomplete or poor-quality data can impede
the progress of the project, potentially leading to inaccurate
conclusions. A significant limitation stems from regional variations
in data, as variations in reporting standards, data collection
methods, and regional focus can introduce biases. These variations
in lifestyle, infrastructure, and socioeconomic factors limit the
generalizability of the findings across diverse areas within India.
As a result, the conclusions drawn may not fully reflect the
experiences or conditions of all regions, thus potentially skewing the
understanding of EV adoption trends.

frontiersin.org


https://doi.org/10.3389/fenrg.2025.1500515
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org

Devarasan et al. 10.3389/fenrg.2025.1500515

FIGURE 7
Initial and optimized MST.
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FIGURE 8
Total distance for each state (Histogram).

Another limitation concerns the machine learning models  vehicles. Unexpected shifts in consumer behavior, technological
employed in the study. These models rely on historical data  advancements, or policy changes could lead to inaccuracies in
and assumptions about future trends, which may not always  predictions. Furthermore, the models’ accuracy is constrained by the
hold true, especially in a rapidly evolving market like electric  quality and completeness of the available data, and they may struggle
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FIGURE 9
Raw graph using multi-modal edge weights.

Velloce Theni
Salem
Thanjavur
Vllupuram
Nrupathur Oharmapur
ragapattinam
Ranipet
Perambalu: /
/ Thicuvaliur
Fudukotta /
/
Tirunelvel // rancheepuranm: Madural
/
wallakuricht / .
N = xrishnagin
Artyalur / S Thoothukua:
Thiruvarnse
(mu
Karur Olndigut
Tiruvannamala:
Tenkasi Kaantyskuma\: Twuppur Mamakha!
sivaganga:
Coimbatore
Tiruchirapall -
Chueutary Virudhunaga«
Ramanathapur am

FIGURE 10
Resulting MST generated (central hub-Chennai)
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to capture the full complexity of real-world dynamics, limiting the
reliability of the predictions.

The study’s focus on car sales trends during a specific period
also introduces limitations. While these trends offer valuable
insights, they overlook the broader global changes and external
factors that could influence the EV market. Additionally, the
study does not fully address consumer sentiment beyond surveys,
which is a crucial aspect of EV adoption. Consumer attitudes,
preferences, and psychological factors play a significant role
in purchasing decisions and may not be adequately captured
by sales data alone. Moreover, the research does not account
for variations in the placement of EV chargers across different
locations. The distribution and availability of charging infrastructure
significantly impact the adoption of EVs, and differences in this
regard can greatly affect sales trends, which this study does not
comprehensively capture.

14 Conclusion

The analysis indicates a consistent rise in EV sales in India from
FY 2014 to 2024, driven by factors like environmental awareness,
technological advancements in EV, and government incentives. UP
leads in EV sales due to proactive government strategies and strong
economic indicators. Other states like Maharashtra, Karnataka,
Gujarat, and Tamil Nadu also show promising growth, highlighting
the importance of supportive policies and charging infrastructure.
Electric 2Ws and 3Ws dominate the market, reflecting strong
consumer preferences. While these segments have been supported
by strategic policies, there’s potential for growth in other categories
like electric 4W's and buses, requiring targeted investments. Despite
growth, challenges such as high costs and limited charging stations
persist. However, these challenges present opportunities for state
governments to implement supportive policies and infrastructure
development to promote EV adoption.

Predictive Analysis the use of Ridge Regression and Linear
Regression models offers valuable insights for predicting EV sales
trends, aiding strategic planning for infrastructure development
and ensuring widespread access to charging facilities. Strategically
placing EV charging stations along major roads in TN, connecting
urban centres and essential junctions, supports long-distance
travel, inter-city commuting, and eco-friendly transportation.
Focusing on high-traffic areas ensures widespread access,
improving transportation, boosting the economy, and promoting
environmental sustainability.

Addressing key challenges, such as high initial costs and
limited charging infrastructure, is essential to drive broader EV
adoption across India. We can do this by making helpful rules,
investing in charging spots wisely, and telling people about the
good factors about EVs. Tailoring EV adoption strategies to meet
the unique needs of different regions will be crucial in making
EVs a popular choice nationwide. By dealing with these challenges
well, we can make it easier for people to pick EVs for cleaner
and better transportation, which will help everyone and the
environment too.

Future research should focus on integrating real-time data
on consumer sentiment and behavior to better understand
the factors influencing EV adoption. Expanding the scope
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to include diverse regions and considering socio-economic
dynamics will enhance the generalizability of findings. Additionally,
exploring the impact of charging infrastructure density and
accessibility on EV sales is essential. Long-term studies can track
how evolving policies and technological advancements shape
the market. Lastly, incorporating advanced machine learning
models that account for unforeseen market shifts would improve
prediction accuracy.
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