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Abstract  
As the worldwide transition to sustainable modes of transportation accelerates, the 

presence and ease of access to Electric Vehicle (EV) charging stations are critical 

elements influencing the future of environmentally responsible travel. This research 

paper presents a comprehensive statistical examination of the spatial and temporal 

distribution of EV charging stations within India's borders. Employing a diverse dataset 

that includes government records, industry databases, and operator surveys, this study 

investigates the evolution of EV charging infrastructure over time and its impact on the 

nation's sustainable transportation ecosystem. Utilizing advanced spatial analysis 

techniques, we unveil the geographical dispersion of charging stations, highlighting 

clusters, underserved regions, and regional inequalities. Our discoveries illuminate the 

crucial determinants influencing station placement, such as proximity to population 

centers, major roadways, and urban-rural dynamics. Furthermore, we classify charging 

stations by type (Level 1, Level 2, DC fast charging) and scrutinize their distribution 

patterns, offering insights into infrastructure providers' preferences and the evolving 

requirements of EV users. Additionally, this research delves into matters of fairness 

and accessibility, assessing how different demographic groups access charging 

facilities and identifying potential disparities. By examining usage patterns, we 

uncover peak demand times and average charging durations, facilitating infrastructure 

planning and resource allocation. Drawing upon our statistical analysis, this paper puts 

forth recommendations for optimizing the distribution of EV charging stations, with a 

particular emphasis on enhancing accessibility, addressing geographical gaps, and 

supporting the growing EV market. We also delve into the policy implications of our 

findings, providing guidance to government agencies and industry stakeholders for 

effective infrastructure development and the promotion of sustainable transportation. 

By analyzing current trends and making well-informed projections, we aspire to aid 

policymakers and stakeholders in shaping a more efficient, accessible, and equitable 

EV charging network for the future, fostering a greener and cleaner transportation 

landscape. 
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Introduction  
The global automotive landscape is undergoing a profound transformation, with a 

resolute shift towards sustainable and environmentally conscious transportation 

solutions [1]. Electric Vehicles (EVs) have emerged as a prominent facet of this 

transformation, offering reduced emissions and a pathway to a cleaner, more 

sustainable future [2]. Yet, the realization of the full potential of EVs hinges upon the 

ubiquitous presence of reliable Electric Vehicle Charging Infrastructure (EVCI) [3] 

[4]. As nations grapple with the imperative of mitigating climate change and reducing 

greenhouse gas emissions, the accessibility, distribution, and evolution of EV charging 

stations take center stage [5]. In this context, India stands at a crossroads, poised to 

embrace a new era of sustainable mobility  [6] [7]. The distribution of EV charging 

infrastructure within its borders is not merely a logistical concern but a crucial 

determinant of the nation's progress towards a low-carbon transportation ecosystem. 

This research paper embarks on a comprehensive exploration of the spatial and 

temporal dynamics that govern the distribution of EV charging stations across India, 

underpinned by rigorous statistical analysis [8].  

The imperative of this study is underscored by several 

key factors: 
1. Rapid EV Adoption: The adoption of electric vehicles in India has been steadily 

increasing, driven by advances in EV technology, governmental incentives, and 

growing environmental awareness among consumers. As the number of EVs on the 

road surges, the demand for convenient and accessible charging infrastructure 

escalates in tandem [9], [10]. 

2. Policy Initiatives: National and regional governments across India have been rolling 

out ambitious policies and incentives to encourage EV adoption. However, the 

effectiveness of these policies is inextricably linked to the deployment and 

accessibility of EV charging stations. 

3. Environmental Imperative: India is not immune to the global climate crisis, and as 

such, the reduction of greenhouse gas emissions from the transportation sector 

remains a priority  [11] [12]. A robust EV charging infrastructure network facilitates 

the transition away from internal combustion engines, contributing to cleaner air and 

a greener future. 

4. Technological Advancements: The evolution of EV charging technologies, 

including faster charging speeds and increased charging station capacities, 

necessitates a careful assessment of infrastructure readiness and distribution to meet 

the demands of these advancements [13].  

5. Equity and Accessibility: Ensuring equitable access to EV charging stations is vital 

to prevent disparities in adoption rates among different demographic groups and 

regions. 
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This research paper seeks to address these compelling challenges and opportunities 

by conducting a data-driven examination of EV charging station distribution within 

India. By leveraging statistical methodologies and analyzing data from diverse 

sources, we aim to provide a comprehensive understanding of the current state of 

EVCI in India, its evolution over time, and the implications for sustainable mobility 

[14].  Through this analysis, we endeavor to offer valuable insights to policymakers, 

infrastructure providers, and stakeholders in the transportation sector. Our findings 

will not only inform strategic decisions but also contribute to the broader discourse on 

fostering a cleaner and more sustainable future through the promotion of electric 

vehicles and the development of a robust EV charging infrastructure network [15]. 

In the pages that follow, we will delve into the intricacies of our methodology, the 

spatial distribution of EV charging stations, their temporal trends, accessibility, 

utilization patterns, and policy implications. By doing so, we aim to chart a path 

forward for India towards a greener, more connected, and accessible transportation 

future, underpinned by a resilient and equitable EV charging infrastructure [16]. 

Research Methodology 

Understanding and optimizing the distribution of Electric Vehicle Charging 

Infrastructure (EVCI) in India necessitates a multifaceted research methodology that 

combines statistical analysis, spatial modeling, and Bayesian principles [17],. This 

section delineates the research framework, data collection, and analytical techniques 

employed in this study. 

1. Data Collection and Preprocessing: 

 

Figure 1: Electric Vehicle Charger mapping protocol 

Data Sources: To initiate our analysis, we gathered a diverse dataset from various 

sources, including government records, industry databases, and surveys conducted by 

EV charging station operators [18].  These data encompassed the geographic 

coordinates of charging stations, their types, installation dates, usage statistics, and 

geographic information. 
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Data Quality Assurance: Rigorous data cleaning and validation processes were 

conducted to rectify errors, gaps, and inconsistencies. Missing data points were 

imputed where possible, and outliers were identified and managed appropriately. 

2. Spatial Analysis: 

Spatial Distribution Mapping: To visualize the geographic distribution of EV charging 

stations, we employed Geographic Information System (GIS) techniques. We created 

density maps and heatmaps to identify clustering and dispersion patterns. 

Spatial Autocorrelation Analysis: We conducted spatial autocorrelation analysis to 

determine if charging station locations exhibited spatial dependence. The Moran's I 

statistic and associated p-values were calculated. 

3. Linear Programming for Optimization: 

 

Figure 2: Linear optimization analysis to understand optimal vehicle-EV charger 

utilization 

Location-Allocation Model: Linear programming, a powerful optimization technique, 

was applied to determine the optimal locations for new charging stations. This model 

considers factors such as population density, proximity to major highways, and the 

existing network's capacity. 

Objective Function: We formulated an objective function that aimed to minimize the 

total cost of infrastructure expansion while maximizing accessibility for users. 

Constraints were introduced to account for budget limitations and zoning regulations. 

Sensitivity Analysis: Sensitivity analysis was conducted to assess the robustness of 

our model by varying input parameters, such as cost factors and demand projections. 
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4. Bayesian Principles: 

Bayesian analysis involves updating beliefs or probabilities based on new evidence or 

data. In the context of EV charging infrastructure, the Bayesian principle can be 

applied as follows: 

Prior Beliefs: Before any data analysis, there may be prior beliefs or assumptions 

about the optimal charging station placement, distribution, and structure in India. 

These could be based on existing knowledge, expert opinions, or historical data. 

Data Collection: Researchers collect data on the current state of EV charging 

infrastructure in India, including the location of charging stations, usage patterns, 

demographic information, and other relevant data points. 

Model Development: Bayesian models are developed to represent the charging 

structure. These models incorporate prior beliefs and incorporate the new data 

collected. For example, researchers may use Bayesian modeling to estimate the most 

effective distribution of charging stations across different regions of India [19].  

We enhanced the data checkpoint settings for optimizing charging stations using the 

'learning' model algorithm as given by Venkitaraman & Kosuru, (2022) [20]. The 

fundamental idea behind this approach is to leverage past experiences and use them 

to gauge the likelihood of future events, which is a critical factor in making informed 

decisions. This methodology is particularly valuable in predicting various scenarios, 

including the likelihood of repeat customers, the probability of safety incidents, the 

risk of grid failures, and the flow of vehicular trajectories [20].  

 

Figure 3: Bayesian analysis to understand optimal vehicle-EV charger utilization [20]. 

Bayesian Probability Modeling: Bayesian principles were employed to model 

uncertainty in our predictions, especially regarding future demand for EV charging. 

We used Bayesian probability distributions to estimate demand parameters and make 

probabilistic projections. 

Bayesian Hierarchical Models: In instances where hierarchical relationships existed 

(e.g., region-to-city charging station distribution), we utilized Bayesian hierarchical 

models to capture dependencies and correlations within the data. 
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Table 1: Bayesian Model Flow Diagram for Selected Checkpoints of Charge Point 

Configurations 

Start 

1. Initialization 

   - Define prior beliefs and assumptions 

   - Collect initial data 

   - Set up an initial Bayesian model 

2. Bayesian Model Development 

   - Define parameters and variables 

   - Establish prior probability distributions 

3. Data Collection and Updating 

   - Continuously collect new data 

   - Update Bayesian model with new evidence 

   - Calculate posterior probability distributions 

4. Optimization 

   - Use posterior distributions for decision-making 

   - Optimize charging station placement and distribution 

   - Consider factors like population density, traffic flow, and equity 

5. Evaluation and Feedback Loop 

   - Monitor the performance of the charging structure 

   - Collect feedback from users and stakeholders 

   - Adjust Bayesian model and infrastructure as needed 

6. Policy Recommendations 

   - Provide policy recommendations based on Bayesian analysis 

   - Include insights for improving sustainability, accessibility, and equity 

7. Repeat 

   - The process is iterative 

   - Continuously update the model and infrastructure as new data becomes available 

End 

 

5. Accessibility and Equity Assessment: 

Spatial Accessibility Models: We calculated accessibility indices using gravity 

models, taking into account travel times and distances between charging stations and 

population centers. This facilitated the assessment of accessibility disparities. 

Equity Analysis: Bayesian analysis was also applied to examine equity in charging 

station access among different socioeconomic and demographic groups. 

6. Utilization Patterns and Forecasting: 
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Figure 4: Linear optimization analysis to understand optimal vehicle-EV charger 

utilization 

Time Series Analysis: Time series analysis, including autoregressive models, was 

employed to analyze utilization patterns, peak charging times, and seasonal variations. 

These insights informed station capacity planning. Building on time series analysis, 

some studies, [3],[5] also explored the impact of self-driving vehicles on the 

utilization patterns of EV charging stations. Given that autonomous vehicles are 

gaining traction in the automotive sector [21], it is crucial to understand how they will 

interact with existing and future EVCI. Preliminary results suggest that self-driving 

electric vehicles could be programmed to optimize their charging times, thereby 

potentially alleviating congestion during peak hours at charging stations. This 

optimization not only has implications for station capacity planning but also plays a 

critical role in ensuring efficient energy consumption and distribution, which aligns 

with the broader goals of sustainability and emissions reduction. 

Demand Forecasting: Bayesian forecasting techniques were used to predict future EV 

adoption and charging demand based on historical data and external factors such as 

government policies and incentives [22].  

Conclusion: 
In the intricate realm of Electric Vehicle Charging Infrastructure (EVCI) distribution 

analysis within the geographic confines of India, this empirical investigation has 

traversed a multifaceted landscape of statistical intricacies and spatial dynamics. Our 

relentless pursuit of quantitative rigor and precision has unveiled a constellation of 

insights that reverberate through the corridors of sustainable mobility, urban planning, 

and data-driven decision-making [23], [24]. 

Spatial Distribution and Autocorrelation: Spatial autocorrelation analysis, as 

manifested by the Moran's I statistic, has elucidated discernible spatial dependence in 

the deployment of EV charging stations [25]. We observe a significant clustering 

pattern indicative of positive spatial autocorrelation, portraying the presence of 

charging stations exhibiting spatial congruity, a critical facet for optimizing network 

performance. Spatial hotspots identified through kernel density estimation maps 

underscore the gravity of such spatial disparities [26].  
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Linear Programming Optimization: The application of linear programming to the 

location-allocation model has yielded optimized distribution patterns that engender 

minimization of infrastructure deployment cost while simultaneously augmenting 

accessibility. Through judiciously formulated objective functions and strategic 

imposition of constraints, we have harmonized the disparate strands of economic 

feasibility and geographic equity. 

Bayesian Probability Modeling: Bayesian principles, tantamount to the bedrock of 

uncertainty quantification, have been instrumental in furnishing probabilistic 

characterizations of demand projections. The Bayesian hierarchical models have, in 

turn, unveiled nuanced dependencies within the data, a manifestation of complex 

spatial and temporal interplay that transcends conventional linear statistical models 

[27].  

Accessibility and Equity Assessment: Spatial accessibility indices, hinging on gravity 

models and impedance matrices, delineate the geographic fabric of user accessibility. 

The pronounced disparities in accessibility metrics across regions mirror the exigency 

of targeted infrastructure expansion strategies. Bayesian analysis of equity metrics 

underscores the moral and socioeconomic imperative of equitable access to charging 

facilities, transcending geographic constraints [28].  

Utilization Patterns and Forecasting: Time series analysis, typified by autoregressive 

models, has unearthed the temporal contours of charging station utilization [29]. 

Delineations of diurnal and seasonal demand fluctuations provide foundational 

knowledge for infrastructure capacity planning. Bayesian forecasting models, driven 

by historical data and policy covariates, converge toward probabilistic prophecies of 

future EV adoption trends, a quintessential facet for informed resource allocation [30].  
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