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I. INTRODUCTION 
A. Background 

Electric vehicles (EVs) have become a key player in the U.S. transportation and energy sector over the 
past ten years, reshaping the industry. As of the end of 2024, there were roughly 6.3 million light-duty EVs 
sold in the country and 204,000 non-home chargers deployed [1]. This number is almost 45% more than the 
earlier estimates, and indicates compound annual growth since 2018. There is a critical need to provide fair 
charging infrastructure in a fair way, scalable and intelligent, which can cater to the increasing demand with 
this exponential growth, irrespective of its geographical location [2].  

There are several traditional methods for the placement of charging stations, mostly based on static 
demand estimates, trends in use, and heuristic decision making methods, that are failing to work well to meet 
the dynamic, spatially distributed and temporally variable nature of EV charging patterns in the real world [3]. 
Although well founded mathematically, traditional approaches, like p-median models, location set covering 
problems, and maximum coverage location problems, often involve simplifying assumptions of static demand 
distributions and fail to consider the intricate temporal patterns that exist in real EV usage [3, 8]. 
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FIGURE 1 
GROWTH OF US EV SALES 

 
In several domains, Artificial Intelligence (AI) has transformed infrastructure planning, optimization 

and management, offering constant supervision, prediction, forecasting using machine learning, and real-time 
decision making processes that are far superior to the conventional ones [4, 5]. AI's impact on network 
optimization tools is also significant, especially in developing strategies for the deployment of charging 
stations. This capability can assist policy makers, urban planners, and utilities in making informed decisions 
about the placement, timing, and type of charging stations.For EV charging infrastructure, AI-driven network 
optimization tools are a crucial component of strategic planning, aiding policymakers, urban planners, and 
utility providers in making informed decisions about the deployment of charging stations. 

From the point of view of the discrete mathematics, a basic model of the transport networks is built 
based on graph theory which is considered as a mathematical representation of the networks made up of nodes 
(intersections, neighbourhoods, commercial centres, etc.) and links (roads, highways, transport corridors, etc.) 
that connect them [6]. Theoretically, this framework includes the well-known mathematical models in place 
to select optimum locations of charging stations including domination numbers, set covering problems, vertex 
cover optimization and maximum flow algorithms, which ensures the network coverage and efficiency [7]. 

 The combination of graph theory and AI-based demand analytics is a paradigm shift from intuition 
and a rule of thumb to mathematical optimization based on data and analytics [9] planning charging 
infrastructure. General Motors has started to apply AI and machine learning to finding the optimal placement 
of EV charging stations in America, in practice [4] and [10]. Similarly, utilities in California, New York and 
Texas are increasingly adopting AI-based planning software to help with their investment decisions on 
infrastructure [1] [5]. 
B. Problem Statement 

While the field of EV charging infrastructure planning has made significant strides in graph-theoretic 
optimization techniques and AI-based demand forecasting, the research literature has yet outstandingly 
bifurcated into two distinct lines of research with little inter-disciplinary linkage or real-world endeavors to 
combine them in practice [7], [8]. The first stream, which is based on operations research and mathematical 
optimization, is oriented towards heuristic approaches based on the demands of the problem, clustering 
techniques and coverage models focusing on the proximity, geographical coverage and accessibility aspects 
while they are not necessarily guaranteed to be globally optimal in a mathematical way [7, 8]. The methods 
are usually based on some of the following methods: k-means clustering, density-based spatial clustering, 
facility location model, and p-median model, which give intuitive solutions but may not yield the best set of 
stations in terms of performance measures [3]. 

The second stream is based on graph theory and discrete mathematics, focusing on mathematical 
optimization models to ensure coverage based on the domination theory, set-covering formulations, and 
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network flow algorithms [6],[7]. The above methods offer solid theoretical guarantees on network coverage, 
connectivity and efficiency, and frequently demonstrate the feasibility of proposed solutions within a known 
factor of the global optimum [6]. These mathematically sound approaches, however, often make simplifying 
assumptions that do not fully reflect the complexity of charging patterns in the real world, such as the likely 
changing characteristics of demand, user preferences, time series patterns, and the dependencies between 
different charging stations in the wider network [2]. 

Each of these two streams has strived to develop methodologies, assess performance, and come to 
conclusions without meaningful contact with the other approach [7, 3, 11]. This dichotomy has led to 
conflicting predictions of cost-effectiveness, ease of use, network reliability, sustainability, and so on, leaving 
practitioners with little clarity on what to do or how to reconcile their competing goals [3]. Currently, there is 
no one unified framework that combines graph theory with AI-based demand analysis to provide a complete 
understanding of how and when to optimally deploy the EV charging network in a way that is mathematically 
sound and applicable in practice [2] and [7]. 

In addition, with the current state of EV charging infrastructure in the United States, the need for 
optimized network design is an urgent necessity. The EV-to-charger ratio is very unevenly distributed, from 
9:1 in areas that have been well served to 47:1 in underserved areas, with the overall average in the country 
being around 22:1 [1]. This imbalance poses substantial challenges to EV adoption, especially for those 
households who don't have access to home charging (about 35% of U.S. households) and for travelers who 
need to find charging stations consistently along the major highways and transportation corridors [1], [3]. 
C. Research Contributions 

This study has several new contributions to the literature:  
1. Theoretical integration: A unified framework that brings together graph-theoretic optimization 

and AI-driven demand analytics, with a two-way feedback mechanism, while maintaining 
theoretical guarantees while incorporating real-world complexity.  

2. Methodological advancement: A new D-ST-GNN architecture that supports the capture of 
spatial and temporal dependency at the same time and includes attention mechanism for 
interpretability.  

3. Multi-objective formulation: An optimization model that explicitly considers equity constraints 
in addition to cost, coverage and user experience, showing that these are not mutually 
exclusive.  

4. Empirical validation: By empirical validation, it means an extensive empirical validation with 
real-world data from the United States, and also a comprehensive sensitivity analysis, which is 
demonstrated to be robust.  

5. Practical guidelines: Practical policy recommendations, utility strategies to consider in 
operation, and private sector deployment guidelines based on optimization results. 

D. Paper Organization 
The rest of this paper is organized as follows. Section II introduces the methodology, which involves 

graph-theoretic network modeling, D-ST-GNN demand forecasting, Bayesian multi-objective optimization, 
and integration framework. The results are presented in Section III, which covers the accuracy of demand 
forecasting, the optimal placement configurations, cost-efficiency analysis, network performance metrics, 
equity assessment and sensitivity analysis. The theoretical and practical implications, a comparison of the 
findings with previous research, strengths and limitations, and suggestions for future research are discussed 
in Section IV. The paper is concluded with Section V. 

 
II. METHODOLOGY 

A. Research Overview 
This study proposes an integrated AI-enhanced network optimization framework for EV charging 

infrastructure expansion in the United States, combining graph theory with demand analytics to address the 
fundamental limitations of existing planning approaches. The research employs a multi-stage methodology 



 

 

JOURNAL OF ENGINEERING AND COMPUTATIONAL 
INTELLIGENCE REVIEW (JECIR) 

ISSN (Online): 3105-4811 ISSN (Print): 3106-969X 
Volume 2, Issue 2, 2024 

https://jecir.com/ 

Title: AI-Enhanced Network Optimization for Electric Vehicle Charging Infrastructure 
Expansion in the United States Using Graph Theory and Demand Analytics 

 

115 

that integrates mathematical optimization, machine learning-based demand forecasting, and geographic spatial 
analysis to identify optimal charging station locations while minimizing infrastructure costs and maximizing 
network coverage and accessibility [2], [7]. 

The framework consists of four interconnected components: 
1. Transportation network modeling using graph theory 
2. EV charging demand forecasting using AI-driven analytics 
3. Multi-objective optimization for charging station placement 
4. Performance evaluation using comprehensive metrics including cost-efficiency, coverage, 

accessibility, and queue times [5], [8] 
Each component is rigorously developed and validated using empirical data from multiple sources 

including traffic flow datasets, EV registration records, existing charging station locations, and demographic 
information [1], [4]. 
B. Transportation Network Modeling Using Graph Theory 

1) Graph Representation. The U.S. transportation network is modeled as a weighted directed 
graph 𝐺 = (𝑉, 𝐸), where 𝑉 represents the set of vertices (nodes) and 𝐸 represents the set of edges 
(connections). Vertices include critical locations such as intersections, highway junctions, commercial centers, 
residential neighborhoods, and public facilities where charging demand is expected to be significant [7]. Edges 
represent road segments, highways, and transit corridors connecting these vertices, with weights assigned 
based on multiple criteria including distance, travel time, traffic congestion levels, and road capacity [6]. 

Formally, let 𝑉 = {𝑣ଵ, 𝑣ଶ, … , 𝑣௡} be the set of vertices. Each vertex 𝑣௜ is associated with a 
weight 𝑤௜ representing population density, EV adoption rate, or other demand-relevant characteristics. 
Let 𝐸 ⊆ 𝑉 × 𝑉 be the set of directed edges, with each edge 𝑒 = (𝑣௜, 𝑣௝) having a weight 𝑑௜௝ representing 
distance or travel time. 

The graph representation enables application of well-established graph-theoretic algorithms and 
concepts including shortest path calculations, network flow optimization, vertex cover problems, and 
domination set analysis [6]. Specifically, this study employs the auto charge domination model, a graph-
theoretic framework that identifies minimum dominating sets of vertices where charging stations should be 
placed to ensure that every vertex in the network is either a charging station location or adjacent to one [7]. 

Definition 1 (Dominating Set): A dominating set 𝐷 ⊆ 𝑉 satisfies the condition that for every 
vertex 𝑣 ∈ 𝑉, either 𝑣 ∈ 𝐷 or there exists 𝑢 ∈ 𝐷 such that (𝑢, 𝑣) ∈ 𝐸 [6]. 

Definition 2 (Minimum Dominating Set): A dominating set 𝐷 is minimum if there exists no 
dominating set 𝐷ᇱ with ∣ 𝐷ᇱ ∣<∣ 𝐷 ∣. The domination number 𝛾(𝐺) is the size of a minimum dominating set 
[6]. 

Definition 3 (Auto Charge Domination): An auto charge dominating set is a dominating set with the 
additional constraint that the distance between any vertex and its dominating station does not exceed a 
specified threshold 𝑑୫ୟ୶, typically 5 km for urban areas and 10 km for rural areas [7]. 

2) Spatial Clustering and Region Partitioning. To manage computational complexity at national 
scale, the U.S. transportation network is partitioned into spatial clusters using density-based clustering 
algorithms. The k-means clustering algorithm is applied to group vertices based on geographic proximity and 
demand characteristics, creating manageable sub-regions for localized optimization [8, 9, 11]. 

The clustering objective function is: 

𝐽 = ා ෍ ∥

௜∈஼ೖ

௄

௞ୀଵ

𝐱௜ − 𝝁௞ ∥ଶ 

where 𝐶௞ is cluster 𝑘, 𝐱௜ is the feature vector for vertex 𝑖, and 𝝁௞ is the centroid of cluster 𝑘. 
The clustering process incorporates multiple data dimensions including population density, EV 

adoption rates, traffic volume, and existing charging infrastructure distribution [8]. The number of 
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clusters 𝐾 is determined using the elbow method based on within-cluster sum of squares, typically yielding 
50–100 clusters for national-scale analysis [8]. 
C. AI-Driven EV Charging Demand Forecasting 

1) Data Collection and Preprocessing. EV charging demand forecasting relies on 
comprehensive data collection from multiple sources, including EV registration datasets from the 
Department of Energy that provide state-level and county-level EV adoption statistics [1], traffic flow 
data from the Federal Highway Administration’s National Highway Traffic Data System capturing 
hourly and daily vehicle counts on major roadways [8], existing charging station locations and usage 
patterns from the Alternative Fuels Data Center [4], demographic information such as population 
density, income levels, and household characteristics from the U.S. Census Bureau [8], and historical 
weather data from the National Oceanic and Atmospheric Administration that affect charging behavior 
[2, 13]. 
Data preprocessing involves cleaning, normalization, and integration of heterogeneous datasets into a 

unified spatial-temporal framework [2]. Missing values are addressed using interpolation techniques for 
temporal gaps and k-nearest neighbour imputation for spatial gaps. Outliers are identified using statistical 
methods (values exceeding 3 standard deviations from the mean) and either corrected or removed based on 
contextual analysis [8]. All data are aggregated to a consistent spatial resolution of 1 km × 1 km grid cells and 
temporal resolution of 1-hour intervals to enable multi-scale analysis [14]. 

2) Dynamic Spatiotemporal Graph Neural Network (D-ST-GNN). This study employs a Dynamic 
Spatiotemporal Graph Neural Network (D-ST-GNN) for EV charging demand forecasting, a novel 
architecture that simultaneously captures spatial dependencies across the transportation network and temporal 
dynamics in charging behaviour [2]. The D-ST-GNN model consists of three primary components: 

 A spatial convolution module using graph convolutional networks (GCNs) to capture dependencies 
between neighbouring locations 

 A temporal convolution module using gated recurrent units (GRUs) to capture time-series patterns 
 An attention mechanism that dynamically weights the importance of different spatial and temporal 

features [2] 
a) Spatial Convolution Module. The spatial convolution module operates on the transportation 

graph 𝐺 = (𝑉, 𝐸) using the graph convolution operation defined as: 

𝐻൫𝑘+1൯ = 𝜎 ൬𝐷෩ି
ଵ
ଶ𝐴ሚ𝐷෩ି

ଵ
ଶ𝐻(௞)𝑊(௞)൰ 

where 𝐻(௞) is the feature matrix at layer 𝑘, 𝐴ሚ = 𝐴 + 𝐼ே is the adjacency matrix with self-
connections, 𝐷෩ is the degree matrix of 𝐴ሚ, 𝑊(௞) is the weight matrix, and 𝜎 is the activation function (typically 
ReLU) [2]. 

This operation propagates information across the graph, enabling each vertex to incorporate features 
from its neighbours and capture spatial dependencies in charging demand. After 𝐿 layers, the representation 
for each vertex incorporates information from vertices up to 𝐿 hops away. 

b) Temporal Convolution Module. The temporal convolution module uses GRUs to model sequential 
dependencies in charging demand time series. The GRU update equations are: 

𝑧௧ = 𝜎(𝑊௭ ⋅ [ℎ௧ିଵ, 𝑥௧]) 
𝑟௧ = 𝜎(𝑊௥ ⋅ [ℎ௧ିଵ, 𝑥௧]) 
ℎ෨௧ = tanh (𝑊௛ ⋅ [𝑟௧ ⊙ ℎ௧ିଵ, 𝑥௧]) 
ℎ௧ = (1 − 𝑧௧) ⊙ ℎ௧ିଵ + 𝑧௧ ⊙ ℎ෨௧ 

 
where 𝑧௧ is the update gate, 𝑟௧ is the reset gate, ℎ෨௧ is the candidate activation, ℎ௧ is the hidden state at 

time 𝑡, 𝑥௧ is the input feature, and ⊙ denotes element-wise multiplication [15]. 
This architecture enables the model to capture long-term temporal dependencies while avoiding the 

vanishing gradient problem common in standard recurrent networks. The GRU's gating mechanisms allow it 
to selectively remember or forget information over extended time horizons. 
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c) Attention Mechanism. The attention mechanism computes attention weights 𝛼௜,௝ for each spatial-
temporal feature pair using the formula: 

𝛼௜,௝ =
exp (score(𝑒௜, 𝑒௝))

෌ exp (score(
ே

௞ୀଵ
𝑒௜, 𝑒௞))

 

 
where 𝑒௜ and 𝑒௝ are embedding vectors for features 𝑖 and 𝑗, and score(⋅) is a similarity function, 

typically implemented as a dot product or a small neural network [2]. 
The attention output is: 

Attention(𝑄, 𝐾, 𝑉) = softmax ቆ
𝑄𝐾்

ඥ𝑑௞

ቇ 𝑉 

 
where 𝑄, 𝐾, and 𝑉 are query, key, and value matrices, and 𝑑௞ is the dimension of the key vectors. 
3) Model Training and Validation. The D-ST-GNN model is trained using historical data spanning 

2020–2024, with 70% of data used for training, 15% for validation, and 15% for testing [2]. The model 
optimizes the mean absolute error (MAE) loss function: 

ℒ =
1

𝑁
෍ ∣

ே

௜ୀଵ

𝑦௜ − 𝑦ො௜ ∣ 

 
using the Adam optimizer with learning rate 0.001, batch size 64, and 100 epochs [2]. Early stopping 

is employed to prevent overfitting, with validation loss monitored across epochs and training terminated when 
validation loss fails to improve for 10 consecutive epochs. 

Model performance is evaluated using multiple metrics including MAE, root mean square error 
(RMSE), mean absolute percentage error (MAPE), and coefficient of determination 𝑅ଶ [8]. 

RMSE = ඩ
1

𝑁
෍(

ே

௜ୀଵ

𝑦௜ − 𝑦ො௜)
ଶ 

MAPE =
100%

𝑁
෎ ∣

𝑦௜ − 𝑦ො௜

𝑦௜
∣

ே

௜ୀଵ

 

𝑅ଶ = 1 −
෌ (

ே

௜ୀଵ
𝑦௜ − 𝑦ො௜)ଶ

෌ (
ே

௜ୀଵ
𝑦௜ − 𝑦̄)ଶ

 

 
Cross-validation is performed using k-fold stratification with 𝑘 = 5 to ensure robustness across 

different geographic regions and time periods [15, 16]. 
D. Multi-Objective Optimization Framework 

1) Optimization Objectives and Constraints. The charging station placement problem is formulated 
as a multi-objective optimization problem with four primary objectives: 

 Minimize total infrastructure cost including installation and operational expenses 
 Maximize network coverage ensuring all vertices are within acceptable distance to charging 

stations 
 Minimize average queue times during peak hours 
 Maximize accessibility ensuring equitable distribution across socioeconomic communities [5], [3] 

These objectives are mathematically expressed as: 
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𝑓ଵ(𝑋) = ෍ 𝑐௜

௡

௜ୀଵ

⋅ 𝑥௜ 

𝑓ଶ(𝑋) =
1

𝑛
෍ 𝕀(dist(𝑖, 𝑋) ≤

௡

௜ୀଵ

𝑑୫ୟ୶) 

𝑓ଷ(𝑋) =
1

∣ 𝑃 ∣
෍ queue_time(𝑡, 𝑋)

௧∈௉

 

𝑓ସ(𝑋) = equity(𝑋) = 1 − 𝐺(𝑋) 
 

where 𝑋 = {𝑥ଵ, 𝑥ଶ, … , 𝑥௡} is the binary decision vector indicating charging station placement (𝑥௜ =
1 if station at location 𝑖, 0 otherwise), 𝑐௜ is installation cost at location 𝑖, dist(𝑖, 𝑋) is distance from vertex 𝑖 to 
nearest station in 𝑋, 𝑑୫ୟ୶ is maximum acceptable distance (typically 5 km), 𝑃 is peak hours set, and 𝐺(𝑋) is 
the Gini coefficient for station distribution [5], [7]. 

Key constraints include: 
 Budget constraint: ∑ 𝑐௜

௡
௜ୀଵ 𝑥௜ ≤ 𝐵, where 𝐵 is available funding 

 Minimum coverage constraint: 
ଵ

௡
෌ 𝕀(dist(𝑖, 𝑋) ≤

௡

௜ୀଵ
𝑑୫ୟ୶) ≥ 0.95 

 Maximum queue time constraint: queue_time(𝑡, 𝑋) ≤ 15 minutes for all 𝑡 ∈ 𝑃 
 Grid capacity constraint: Charging demand at each substation must not exceed capacity 
 Zoning and land-use constraints: Respecting regulatory requirements [6], [3] 

2) Bayesian Optimization Algorithm. This study employs Bayesian optimization with random 
embedding to solve the multi-objective problem, a highly efficient solution algorithm that handles high-
dimensional combinatorial optimization problems [6]. 

Bayesian optimization constructs a probabilistic model (surrogate function) of the objective function 
and uses it to select promising candidate solutions for evaluation, balancing exploration of uncertain regions 
with exploitation of known high-performing regions [6]. 

The algorithm uses a Gaussian process as the surrogate model with mean function 𝜇(𝑥) and covariance 
function 𝑘(𝑥, 𝑥ᇱ): 

𝜇(𝑥) =
1

𝑁
෍ 𝑓(

ே

௜ୀଵ

𝑥௜) 

𝑘(𝑥, 𝑥ᇱ) = 𝜎ଶexp ൬ −
∥ 𝑥 − 𝑥ᇱ ∥ଶ

2ℓଶ ൰ + 𝜎௡
ଶ𝛿௫௫ᇲ 

 
where 𝑥 and 𝑥ᇱ are candidate solutions, 𝜎ଶ is variance, ℓ is length-scale parameter, 𝜎௡

ଶ is noise 
variance, and 𝛿௫௫ᇲ is the Kronecker delta [6]. 

The acquisition function used is Expected Improvement (EI), which computes the expected gain over 
the current best observation: 

𝐸𝐼(𝑥) = 𝔼[max (𝑓(𝑥) − 𝑓(𝑥best),0)] = (𝑓(𝑥best) − 𝜇(𝑥))Φ ቆ
𝑓(𝑥best) − 𝜇(𝑥)

𝜎(𝑥)
ቇ + 𝜎(𝑥)𝜙 ቆ

𝑓(𝑥best) − 𝜇(𝑥)

𝜎(𝑥)
ቇ 

 
where Φ and 𝜙 are the cumulative distribution function and probability density function of the 

standard normal distribution, respectively [6]. 
The random embedding technique reduces dimensionality by mapping high-dimensional decision 

variables to a lower-dimensional space, enabling efficient optimization despite the combinatorial complexity 
of the placement problem [6]. 

The optimization algorithm iterates through the following steps: 
1. Fit Gaussian process to observed data 
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2. Optimize acquisition function to select next candidate 
3. Evaluate objective function at candidate location 
4. Update Gaussian process with new observation 
5. Repeat until convergence or maximum iterations reached (500–1000 iterations) [6] 

3) Integration of Graph Theory and Demand Analytics. The key innovation of this methodology is 
the integration of graph-theoretic optimization with AI-driven demand forecasting into a unified framework. 
The integration operates through a bidirectional feedback loop: 

 Graph-theoretic algorithms identify candidate locations based on network topology and coverage 
requirements 

 D-ST-GNN forecasts charging demand at these candidate locations 
 Optimization algorithm evaluates multi-objective performance using forecasted demand 
 Optimization results inform refinement of graph-theoretic constraints for subsequent iterations [2], [7] 

This iterative integration enables the framework to simultaneously leverage the mathematical rigor of 
graph theory (ensuring theoretical guarantees for coverage and connectivity) and the predictive accuracy of 
AI demand analytics (capturing real-world complexity and dynamic variations) [2]. The integration is 
formalized as a constrained optimization problem where graph-theoretic constraints serve as hard constraints 
while demand-based objectives are optimized: 

Minimize𝑓(𝑋, 𝐷෡) = [𝑓ଵ(𝑋), 𝑓ଷ(𝑋, 𝐷෡), 𝑓ସ(𝑋)]

Subject to:
𝑔ଵ(𝑋) = coverage(𝑋) ≥ 0.95

𝑔ଶ(𝑋) = cost(𝑋) ≤ 𝐵

𝑔ଷ(𝑋, 𝐷෡) = grid(𝑋, 𝐷෡) ≤ 𝐶

𝑋 ∈ DominatingSet(𝐺)

 

 
where 𝐷෡ is the demand forecast from D-ST-GNN, 𝐵 is budget constraint, 𝐶 is grid capacity, 

and DominatingSet(𝐺) is the set of valid dominating sets for graph 𝐺 [2], [6]. 
E. Performance Evaluation Metrics 

1) Cost-Efficiency Metrics. Cost-efficiency is evaluated using infrastructure cost per charged vehicle 
and cost reduction percentage compared to baseline strategies. The infrastructure cost includes installation 
costs (charging equipment, electrical infrastructure, land preparation), operational costs (maintenance, 
electricity, staffing), and depreciation costs over 10-year lifespan [5]. 

Cost reduction percentage is calculated as: 

CostReduction =
𝐶baseline − 𝐶optimized

𝐶baseline
× 100% 

 
where 𝐶baseline is cost using traditional one-station-per-area strategy and 𝐶optimized is cost using 

optimized framework [7]. Target cost reduction is ≥78% based on prior graph-theoretic optimization results 
[7]. 

2) Network Efficiency Metrics. Network efficiency is evaluated using average distance to nearest 
charging station, network coverage percentage, and efficiency improvement percentage. Average distance is 
computed as: 

AvgDistance =
1

𝑛
෍ dist(𝑖, 𝑋)

௡

௜ୀଵ

 

 
where 𝑛 is number of vertices and dist(𝑖, 𝑋) is shortest path distance from vertex 𝑖 to nearest station in 

placement 𝑋 [6]. 
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Network coverage is the percentage of population within 𝑑୫ୟ୶ distance (typically 5 km) of charging 
stations. Efficiency improvement is calculated relative to baseline placement strategies [3]. Target efficiency 
improvement is ≥25% [2]. 

3) User Experience Metrics. User experience is evaluated using average queue time during peak 
hours, charging session duration, and user satisfaction score. Queue time is computed using queuing theory 
models incorporating demand forecasts, charging station capacity, and service rates [5]. 

The M/M/c queue model is used, where arrivals follow a Poisson process with rate 𝜆, service times are 
exponentially distributed with rate 𝜇, and there are 𝑐 servers (chargers). The average queue time is: 

𝑊௤ =
(𝑐𝜌)௖𝜌

𝑐! (1 − 𝜌)ଶ𝜆
⋅ 𝑃଴ 

 
where 𝜌 = 𝜆/(𝑐𝜇) is utilization, and 𝑃଴ is the probability of empty system [5]. 
4) Equity and Accessibility Metrics. Equity is evaluated using Gini coefficient for charging station 

distribution across socioeconomic communities and accessibility index measuring proportional access for 
different demographic groups. 

The Gini coefficient is calculated as: 

𝐺 =

෍ ∑ ∣௡
௝ୀଵ

௡

௜ୀଵ
𝑥௜ − 𝑥௝ ∣

2𝑛 ∑ 𝑥௜
௡
௜ୀଵ

 

 
where 𝑥௜ is charging station density in community 𝑖 [5]. Lower Gini coefficient indicates more 

equitable distribution. A Gini coefficient of 0 represents perfect equality, while 1 represents maximal 
inequality. 

The accessibility index is defined as: 

AccessibilityIndex = 1 −
1

2
෎ ∣

stations௚

total stations
−

EVs௚

total EVs
∣

௚∈groups

 

 
Target value ≥0.9 indicates high alignment between charging station distribution and EV ownership 

distribution [8]. 
F. Validation and Sensitivity Analysis 

1) Cross-Validation Approach. Methodology validation employs k-fold cross-validation with 𝑘 =
5 stratified by geographic region (West, Midwest, South, Northeast, and Non-contiguous) to ensure robustness 
across diverse conditions [8]. Each fold uses 80% of data for training the optimization model and 20% for 
testing, with performance metrics computed across all folds and averaged. Statistical significance of 
performance improvements is assessed using paired t-tests with 𝛼 = 0.05 [2]. 

2) Sensitivity Analysis. Sensitivity analysis examines how optimization results vary with key 
parameters including: 

1. Budget constraint range ($1 billion to $10 billion) 
2. Maximum acceptable distance (3 km to 10 km) 
3. Peak hour definition (varying time windows) 
4. Demand forecast uncertainty (±10% to ±30% variation) [6], [3] 

For each parameter configuration, optimization is repeated 10 times with different random seeds to 
assess stability, and results are reported as mean ± standard deviation [6]. This analysis identifies parameter 
ranges where the framework remains robust and reveals potential vulnerabilities requiring mitigation [3]. 
G. Implementation and Computational Resources 

The methodology is implemented using Python 3.9 with specialized libraries including: 
 NetworkX for graph operations and domination set algorithms 
 PyTorch for D-ST-GNN implementation with CUDA acceleration 
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 GPyOpt for Bayesian optimization with Gaussian processes 
 Scikit-learn for clustering, preprocessing, and cross-validation 
 GeoPandas for spatial analysis and geographic visualizations 
 Matplotlib/Seaborn for result visualization [2] 

Computational resources include: 
 NVIDIA A100 GPU with 64 GB memory for D-ST-GNN training 
 128-core CPU cluster (AMD EPYC) for Bayesian optimization 
 1 TB RAM for data processing and intermediate storage 
 10 TB SSD storage for dataset persistence [2] 

Total computational time for national-scale optimization is approximately 48–72 hours, with D-ST-
GNN training accounting for 60%, Bayesian optimization for 30%, and data preprocessing for 10% [2], [6]. 

 
III. RESULTS 

A. Overview of Results 
This section presents the comprehensive results of the AI-enhanced network optimization framework 

for EV charging infrastructure expansion in the United States. The results demonstrate significant 
improvements across all four optimization objectives: cost-efficiency, network coverage, user experience, and 
equity. The integrated framework combining graph theory with AI-driven demand analytics achieved a 78.3% 
cost reduction compared to traditional one-station-per-area strategies, 26.7% improvement in network 
efficiency, 32.1% reduction in peak-hour queue times, and an accessibility index of 0.92 indicating high 
equitable distribution across socioeconomic communities [2], [7]. 
B. EV Charging Demand Forecasting Results 

1) D-ST-GNN Model Performance. The Dynamic Spatiotemporal Graph Neural Network (D-ST-
GNN) model achieved high accuracy in forecasting EV charging demand across the United States. Table 
I presents the model performance metrics on the test dataset (15% of data, spanning January 2024 to December 
2024). 

TABLE I 
D-ST-GNN MODEL PERFORMANCE METRICS ON TEST DATASET 

Metric Value Target Status 
Mean Absolute Error (MAE) 8.42 charges/hour/km² <10 Achieved 
Root Mean Square Error (RMSE) 12.67 charges/hour/km² <15 Achieved 
Mean Absolute Percentage Error (MAPE) 13.2% <15% Achieved 
Coefficient of Determination (R²) 0.87 >0.85 Achieved 

The model achieved MAPE of 13.2% and R² of 0.87, exceeding target performance thresholds and 
demonstrating sufficient accuracy for practical deployment in infrastructure planning [2], [8]. The MAPE 
value indicates that forecasted demand deviates from actual demand by an average of 13.2%, which is within 
acceptable ranges for large-scale infrastructure planning where uncertainty is inherent. 

1. 2) Spatial Demand Distribution Patterns 
Demand forecasting revealed significant spatial heterogeneity in EV charging patterns across the 

United States. The highest demand clusters were concentrated in: 
 California corridor (Los Angeles-San Francisco-San Diego): 45–62 charges/hour/km² 
 Northeast metropolitan corridor (Boston-New York-Philadelphia-Washington DC): 38–51 

charges/hour/km² 
 Texas hub (Dallas-Houston-Austin): 29–42 charges/hour/km² 
 Florida clusters (Miami-Orlando-Tampa): 25–38 charges/hour/km² 

The lowest demand clusters were located in: 
 Rural Midwest (North Dakota, South Dakota, Nebraska): 3–8 charges/hour/km² 
 Mountain West (Montana, Wyoming, Idaho): 4–10 charges/hour/km² 
 Appalachian regions (West Virginia, rural Kentucky): 5–12 charges/hour/km² 
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This spatial heterogeneity reflects the strong correlation between EV demand and factors including 
population density (R² = 0.82), EV adoption rates (R² = 0.89), and economic activity (GDP per capita, R² = 
0.76) [1], [8]. The D-ST-GNN model successfully captured these multi-dimensional relationships, enabling 
accurate demand predictions even in regions with sparse historical data through spatial dependency 
propagation [2]. 

3) Temporal Demand Patterns 
Temporal analysis revealed distinct EV charging demand patterns across times of day, days of the 

week, and seasons. Demand was concentrated during two daily peak periods: a morning peak from 7:00 to 
9:00 AM, when average demand reached 38.5 charges per hour per square kilometre, and a stronger evening 
peak from 5:00 to 7:00 PM, when demand rose to 42.3 charges per hour per square kilometre. Together, these 
peak periods accounted for 34% of total daily demand despite representing only 17% of the day’s hours [5, 
17]. Clear differences also emerged between weekdays and weekends. Average weekday demand was 28.7 
charges per hour per square kilometre, whereas weekend demand declined to 22.1 charges per hour per square 
kilometre, representing a 23% reduction. In addition, the timing of peak demand shifted on weekends to 
between 10:00 AM and 2:00 PM, reflecting more recreational charging behaviour [3]. Seasonal variation was 
also evident, with summer months (June to August) recording the highest average demand at 31.2 charges per 
hour per square kilometre, while winter months (December to February) showed the lowest average demand 
at 24.8 charges per hour per square kilometre, a reduction of 21%. This seasonal difference is likely associated 
with the effects of temperature on battery efficiency and broader travel patterns [2]. 
C. Optimized Charging Station Placement Results 

1) National-Scale Optimization Configuration. The multi-objective Bayesian optimization 
algorithm identified an optimal charging station placement configuration for the United States. Table 
II presents the key characteristics of the optimized configuration. 

TABLE II 
OPTIMIZED CHARGING STATION PLACEMENT CONFIGURATION 

Parameter Value Description 
Total charging stations 18,450 Nationwide deployment 
Total installation cost $4.62 billion $250,680 per station average 
Budget utilization 92.4% Within $5 billion constraint 
Coverage percentage 96.8% Population within 5 km of station 
Average distance to station 2.8 km From any vertex in network 
Stations per cluster (avg) 369 Across 50 spatial clusters 

 
The optimized configuration achieves 96.8% population coverage within the 5 km maximum 

acceptable distance threshold, exceeding the 95% minimum requirement [6], [7]. The average distance of 2.8 
km indicates that most users can access charging within 15–20 minutes of driving, significantly improving 
convenience compared to baseline configurations [3]. 

2) Regional Placement Distribution. Charging station placement exhibits significant regional 
variation reflecting demand patterns and geographic constraints. Table III shows the distribution across major 
U.S. regions. 

TABLE III 
REGIONAL DISTRIBUTION OF OPTIMIZED CHARGING STATIONS 

Region Stations % of Total Demand (charges/hr/km²) Coverage (%) 
West 5,280 28.6% 32.4 97.2% 
Northeast 4,920 26.7% 35.8 98.1% 
South 5,140 27.8% 28.6 95.9% 
Midwest 2,710 14.7% 18.2 94.8% 
Non-contiguous 400 2.2% 8.5 91.3% 
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Key highway corridors also showed concentrated charging station placement, particularly along 
Interstate 5 on the West Coast connecting Seattle, San Francisco, Los Angeles, and San Diego; Interstate 95 
on the East Coast linking Miami, Washington, DC, New York, and Boston; Interstate 10 across the South 
extending from Jacksonville, Tampa, and Miami to Los Angeles; and Interstate 80, which provides cross-
country connectivity from New York to San Francisco. 

3) Cluster-Level Optimization Results. Table IV presents optimization results for the top 10 highest-
demand clusters. 

TABLE IV 
TOP 10 HIGHEST-DEMAND CLUSTERS: OPTIMIZATION RESULTS 

Cluster 
ID 

Location Stations Demand 
Coverage 

(%) 
Avg Distance 

(km) 
Queue Time 

(min) 
1 Los Angeles 892 58.2 98.5 2.1 11.2 
2 New York City 845 54.7 98.8 1.9 12.1 
3 San Francisco 612 51.3 97.9 2.3 10.8 
4 Chicago 523 42.1 96.7 2.6 13.4 
5 Houston 487 38.9 95.8 2.9 14.2 
6 Dallas 456 36.4 96.2 2.8 13.8 
7 Washington DC 445 35.8 97.5 2.2 12.6 
8 Boston 412 34.2 97.8 2.1 11.9 
9 Miami 398 32.7 96.4 2.7 13.5 

10 Seattle 378 31.5 97.2 2.4 12.3 
High-demand clusters required significantly more stations (378–892 per cluster) compared to low-

demand clusters (15–45 per cluster) but achieved comparable coverage percentages (95–99%), demonstrating 
the optimization algorithm's ability to scale station placement proportional to demand while maintaining 
uniform service quality [2], [7]. 
D. Cost-Efficiency Analysis 

1) Infrastructure Cost Comparison. The primary objective of cost minimization was achieved with 
substantial improvements compared to baseline strategies. Table V presents cost comparison results. 

TABLE V 
INFRASTRUCTURE COST COMPARISON: OPTIMIZED VS. BASELINE STRATEGIES 

Strategy Total Cost Stations Cost per Station Cost per Vehicle Cost Reduction 
Optimized Framework $4.62B 18,450 $250,680 $732 — 
One-Station-Per-Area $20.85B 52,000 $400,962 $3,312 78.3% 
Heuristic Clustering $8.94B 31,500 $283,810 $1,424 48.3% 
Random Placement $15.62B 44,200 $353,400 $2,489 70.4% 

 
The optimized framework achieved 78.3% cost reduction compared to the one-station-per-area 

baseline, representing savings of $16.23 billion while serving the same demand volume [7]. This cost 
reduction stems from three factors: (1) reduced total number of stations (18,450 vs. 52,000), (2) strategic 
placement minimizing duplicate coverage, and (3) optimized station capacity matching demand rather than 
uniform sizing [6], [5]. 

2) Cost Breakdown by Category. Cost distribution across infrastructure components shows that 
charging equipment, including fast and medium chargers, accounts for the largest share at 48.2% ($42.23 
billion). Electrical infrastructure, including transformers, grid connections, and wiring, represents 28.7% 
($41.33 billion), while land preparation and construction account for 15.4% (40.71 billion). Smaller shares are 
allocated to permitting and regulatory requirements at 4.8% ($40.22 billion) and contingency and 
miscellaneous expenses at 2.9% ($40.13 billion). 

3) Budget Sensitivity Analysis. Table VI presents result for four budget scenarios. 
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TABLE VI 
BUDGET SENSITIVITY ANALYSIS 

Budget ($B) Stations Coverage (%) Avg Distance (km) Queue Time (min) Cost per Vehicle 
2.0 8,200 89.4% 4.2 18.7 $1,089 
3.5 14,100 94.2% 3.1 15.3 $856 
5.0 (target) 18,450 96.8% 2.8 13.4 $732 
7.5 24,800 98.3% 2.4 11.2 $645 

 
Coverage increases monotonically with budget but exhibits diminishing returns: coverage improved 

7.4% from $2B to $3.5B, but only 2.6% from $5B to $7.5B [6]. The $5 billion budget achieves the optimal 
balance between coverage (96.8%) and cost efficiency ($732/vehicle), meeting all target thresholds while 
maintaining fiscal feasibility [3], [7]. 
E. Network Performance Metrics 

1) Coverage and Accessibility Analysis. Table VII presents coverage results across different distance 
thresholds. 

TABLE VII 
NETWORK COVERAGE ACROSS DISTANCE THRESHOLDS 

Distance Threshold Coverage (%) Population Covered (million) Uncovered (million) 
3 km 88.2% 291.5 38.9 
5 km (target) 96.8% 319.8 10.6 
7 km 98.7% 326.1 4.3 
10 km 99.4% 328.4 2.0 

 
At the 5 km target threshold, 96.8% of the U.S. population (319.8 million people) is within acceptable 

driving distance of charging infrastructure, with only 10.6 million people remaining uncovered [1]. Uncovered 
populations are primarily concentrated in rural regions of the Mountain West and Great Plains where 
population density is extremely low (<5 persons/km²) [8]. 

2) Queue Time Analysis. Table VIII presents queue time results. 
TABLE VIII 

QUEUE TIME ANALYSIS: PEAK HOURS VS. OFF-PEAK HOURS 

Time Period 
Avg Queue Time 

(min) 
Std Dev 

(min) 
Max Queue Time 

(min) 
% <15 

min 
Morning Peak (7–9 AM) 13.8 4.2 28.4 87.3% 
Evening Peak (5–7 PM) 14.2 4.8 31.2 85.1% 
Off-Peak (10 AM–4 PM) 6.4 2.1 12.8 98.7% 
Night (8 PM–6 AM) 3.2 1.3 7.6 99.8% 

Average queue times during peak hours (13.8–14.2 minutes) meet the 15-minute target threshold, with 
87.3% and 85.1% of peak-hour charging sessions experiencing queue times below 15 minutes [3], [5]. 

3) Network Efficiency Improvement. Table IX presents efficiency metrics. 
TABLE IX 

NETWORK EFFICIENCY COMPARISON: OPTIMIZED VS. BASELINE 
Metric Optimized Baseline 1 Baseline 2 Improvement vs. B1 Improvement vs. B2 
Avg Distance (km) 2.8 4.2 3.5 33.3% 20.0% 
Coverage (%) 96.8% 89.2% 94.1% 8.5% 2.9% 
Efficiency Index 0.92 0.68 0.81 35.3% 13.6% 
Load Balance (σ) 0.18 0.42 0.28 57.1% 35.7% 

The Efficiency Index (composite metric combining distance, coverage, and load balance) improved by 
35.3% compared to Baseline 1 and 13.6% compared to Baseline 2, exceeding the 25% target improvement 
[2], [7]. 
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F. Equity and Accessibility Assessment 
1) Gini Coefficient Analysis. Table X presents Gini coefficient results for different placement 

strategies. 
TABLE X 

GINI COEFFICIENT: EQUITY COMPARISON ACROSS PLACEMENT STRATEGIES 
Strategy Gini Coefficient Interpretation Equity Score 
Optimized Framework 0.24 Low inequality 0.76 
One-Station-Per-Area 0.48 Moderate inequality 0.52 
Heuristic Clustering 0.38 Moderate inequality 0.62 
Random Placement 0.52 High inequality 0.48 

The optimized framework achieved a Gini coefficient of 0.24, indicating low inequality in charging 
station distribution across communities [5]. This represents a 50% improvement over the one-station-per-area 
baseline (0.48) [8], [3]. 

2) Accessibility Index Analysis. Table XI presents accessibility index results. 
TABLE XI 

ACCESSIBILITY INDEX BY DEMOGRAPHIC GROUP 

Demographic Group 
Accessibility 

Index 
EV Ownership Rate 

(%) 
Station Density (per 

100km²) 
High Income (>$100K) 0.94 12.8% 4.2 
Middle Income ($50K–
$100K) 

0.91 8.4% 3.1 

Low Income (<$50K) 0.89 5.2% 2.4 
Urban 0.93 10.6% 3.8 
Rural 0.87 4.1% 1.6 
Minority Communities 0.90 6.8% 2.7 

The overall accessibility index of 0.92 exceeds the 0.90 target, indicating high alignment between 
charging infrastructure and EV ownership patterns [8], [5]. 

3) Disparity Reduction Analysis. Table XII presents disparity reduction results. 
TABLE XII 

ACCESS DISPARITY REDUCTION: OPTIMIZED VS. BASELINE 
Disparity Metric Baseline 1 Optimized Reduction 
Income Gap (High-Low) 0.18 0.05 72.2% 
Urban-Rural Gap 0.14 0.06 57.1% 
Minority Gap 0.12 0.04 66.7% 
Overall Disparity Index 0.42 0.15 64.3% 

The optimization framework achieved 64.3% reduction in overall access disparity, substantially 
improving equity across all demographic dimensions [5], [8]. 

G. Sensitivity Analysis Results 
1) Demand Forecast Uncertainty Sensitivity. Table XIII presents results for ±10%, ±20%, and ±30% 

demand variation scenarios. 
TABLE XIII 

DEMAND FORECAST UNCERTAINTY SENSITIVITY ANALYSIS 

Demand Variation Coverage (%) 
Avg Distance 

(km) 
Queue Time 

(min) 
Cost per 
Vehicle 

-30% 98.2% 2.4 10.8 $689 
-20% 97.6% 2.6 12.1 $712 
-10% 97.1% 2.7 12.9 $728 
0% (baseline) 96.8% 2.8 13.4 $732 
+10% 96.2% 2.9 14.2 $741 
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+20% 95.4% 3.1 15.1 $758 
+30% 94.1% 3.4 16.8 $782 

The framework demonstrates robustness to demand forecast uncertainty, with coverage remaining 
above 94% even under +30% demand overestimation [6], [2]. 

2) Distance Threshold Sensitivity. Table XIV presents results for 3 km, 5 km, 7 km, and 10 km 
thresholds. 

TABLE XIV 
DISTANCE THRESHOLD SENSITIVITY ANALYSIS 

Distance Threshold Stations Coverage (%) Cost ($B) Cost per Vehicle Queue Time (min) 
3 km 24,800 99.1% 6.21 $982 11.8 
5 km (target) 18,450 96.8% 4.62 $732 13.4 
7 km 14,200 98.7% 3.56 $568 15.2 
10 km 10,600 99.4% 2.68 $425 18.4 

The 5 km threshold achieves optimal balance between coverage (96.8%), cost efficiency 
($732/vehicle), and queue time (13.4 min), meeting all target thresholds simultaneously [7], [6]. 
 

IV. DISCUSSION 
A. Summary of Key Findings 

This study proposed and tested an integrated network optimization framework for EV charging 
infrastructure expansion that is enhanced with AI, achieving a successful fusion of graph theory and demand 
analytics. The framework resulted in significant reductions in cost (78.3%), coverage (96.8%), disparity 
(64.3%), queue time (32.1%) and reduction in efficiency (26.7%) [2], [7]. The results here show that it is 
possible to combine rigorous mathematical optimization and data-driven analytics to obtain theoretical 
guarantees and adaptability simultaneously [6, 3]. 
B. Theoretical Implications 

1) Integration of Graph Theory and AI Analytics. The major theoretical innovation of this research 
is the successful fusion of graph theory and demand analysis using AI techniques in a single optimization 
framework. This integration is a solution to the fundamental limitation identified from the literature review – 
mathematical optimization (which offers theoretical guarantees, but are not adaptable in real world) and data-
driven approaches (which tends to capture the complexity, but are not rigorously guaranteed) [7], [3]. The 
auto charge domination model combined with D-ST-GNN demand forecasts has theoretical guarantees of 
network coverage, while taking into account the variation of the real demand and user behavior patterns [6, 
7]. This is a big improvement from the previous dominating set formulations that are based on uniform demand 
distribution and do not consider time dynamics [6, 17]. 

2) Multi-Objective Optimization Framework. The multi-objective optimization framework 
developed in this study contributes to theory, as it expands the knowledge regarding the trade-offs between 
competing infrastructure planning objectives. The Pareto-optimal solutions revealed suggest that there is no 
tradeoff between cost-efficiency and equity as is often believed in infrastructure literature [5, 18] and [8]. 
Despite the fact that the current study shows that the disparity in access to infrastructure has been reduced by 
64.3% and cost saved by 78.3%, there remains a belief that equal access to infrastructure demands significant 
extra funding. 

3) Spatiotemporal Demand Modelling. D-ST-GNN is a theoretical improvement on the 
spatiotemporal demand modelling for infrastructure systems. The combination of graph convolutional 
network for modeling spatial dependency and gated recurrent unit for modeling temporal pattern allows the 
model to learn complex non-linear relationships, which could not be captured by a time series or regression 
model [2, 8, 19]. 
C. Practical Implications 

1) Policy and Planning Recommendations. To recommend policies and plans. From the outcomes, 
the recommendations that are made for the policy makers are as follows:  
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a. Use integrated optimization frameworks instead of heuristic or rule of thumb placement strategies. 
This cost reduction has been realized to be 78.3% which is equivalent to $16.23 billion of savings 
from traditional approaches [7, 1].  

b. Focus on priority corridors in high demand metropolitan areas with minimum coverage in rural 
areas. The optimization results indicate that 32.4 charges/hour/km² demand is served by 28.6% of 
the stations in the West region while a rural cluster needs only 15-45 stations and provides 91-95% 
coverage [1], [3].  

c. Utilize highway-oriented placement strategies for long-distance travel connectivity along Interstates 
5, 95, 10 and 80, which will help overcome, or reduce, the "range anxiety" that is a significant 
barrier to EV adoption [4, 5].  

d. Introduce explicitly equality constraints in optimization goals. This 64.3% disparity reduction shows 
that there is no significant cost increase in order to achieve equity.  

e. Forecast growth in demand and buffer capacity. The sensitivity analysis reveals that the framework 
is still resilient when the demand varies by up to ±20%, which implies that initial deployment 
should be enabled at 80-85% capacity followed by a phased expansion [3, 2, 21]. 

2) Utility Company Operations. The optimization results can be used in the management of electrical 
grid infrastructure by the utility companies to plan the electrical grid and schedule load. The load balance 
improvement of 57.1% helps to ensure that the grid is being used more evenly, allowing utilities to delay 
expensive grid upgrades without compromising reliability [6, 5]. The identified temporal demand patterns 
allow the implementation of time-of-use pricing and demand response programs, where charging will be 
shifted towards off-peak times [5] and [4]. 

3) Private Sector Deployment Strategies. The optimization framework for site selection and capacity 
planning can be used by private sector companies. The $732 $3,312 metric, cost per charged vehicle, offers a 
direct ROI capability to help determine the investment [7, 1]. The markets to consider for high growth are 
mature markets with high utilization potential, such as Los Angeles (892 stations), New York City (845 
stations), and San Francisco (612 stations), or emerging markets in Texas hubs, for early movers [1], [2]. 
D. Comparison with Existing Literature 

The findings are more efficient in terms of cost efficiency [2, 6] and have higher coverage (96.8% vs. 
94.1%) and better queue times (13.4 min vs. 16.2 min) than graph-theoretic approaches [7]. Compared to AI-
based approaches [2], [8], the D-ST-GNN outperforms prior models (MAPE 13.2% vs. 14.5–16.8%; R² 0.87 
vs. 0.79–0.83). The optimized framework achieves better capabilities on all metrics: cost reduction (+30.0%), 
accessibility (+48.4%), efficiency (+13.6%) [7] [3]. 
E. Strengths and Limitations 

1) Strengths. There are a number of strengths to the study. It presents a novel approach to the 
integration of Graph theory with AI and a major theoretical contribution to the EV infrastructure planning 
literature. It also includes detailed tables and multiple performance metrics to give a complete empirical 
validation of the results and enhance the credibility of the findings. Moreover, the framework has been 
extensively tested through sensitivity analysis, showing its robustness over different scenarios, and by 
deploying 18,450 stations in 50 clusters on a national scale, its scalability has been established. Last but not 
least, it explicitly includes equity constraints and attains a reduction of disparity of 64.3%, highlighting its 
practical relevance for inclusive planning of infrastructure [2], [5], [7]. 

2) Limitations. There are several factors that need to be recognized for this study. First, the time series 
(2020–2024) used to model future EV adoption may not be representative of future EV charging trends as the 
market evolves [1]. Secondly, it is assumed that grid capacity is relatively static, which does not capture 
dynamic changes in grid capacity and/or real-time operating limits [8]. Third, the framework does not 
explicitly consider routing behaviour by the users and it assumes that the drivers will go to the nearest available 
charging station, which might be a simplification of the actual decision-making process [3]. Fourth, the 
analysis does not take into account wider externalities (e.g. environmental, health, macro-economic) that may 
have an impact on the outcomes of infrastructure planning [1, 22]. Lastly, the framework is built in a U.S.-
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specific context, meaning its direct validity in other countries or regulatory surroundings should be concurred 
upon [2], [7]. 
F. Future Research Directions 

The results from this study and its limitations suggest several avenues for future research. The 
framework could be further expanded in future to include dynamic grid integration functionalities such as 
smart charging and vehicle-to-grid (V2G) integration and integration of renewable energy sources [5]. It might 
also create adaptive machine learning models online using online learning algorithms to continually update 
demand forecasting based on real-time demand data [24]. User behaviour modelling is another vital area, 
especially with the use of agent-based simulation models that reflect the individual decision-making process 
including route choice and station selection [3, 23]. Furthermore, validation of the framework on different 
geographical and regulatory levels in other countries such as Europe, Asia, and developing nations would 
provide a better grasp of the generalizability of the framework [7]. It is also worth investigating real-time 
optimization systems with reinforcement learning to develop adaptive control policies [5]. A broader cost-
benefit analysis (CBA), which would take into account externalities including environmental benefits, health 
impacts, job creation, and energy security, would enhance the policy relevance [1]. Finally, future research 
should focus more on equity-driven optimisation of policy interventions such as specific subsidy systems and 
incentive structures for underserved communities [8]. 
V. Conclusion 

This paper presents a framework for the expansion of EV charging infrastructure that integrates an AI 
model for network optimization with demand analysis and validates it using a real-world dataset. The 
framework reduced cost by 78.3%, coverage by 96.8%, improved efficiency by 26.7%, reduced queue time 
by 32.1% and reduced disparity by 64.3% [2] [7]. Theoretical contributions comprise the novel integration 
framework, multi-objective formulation and spatiotemporal demand modelling. Some of the practical 
implications encompass policy suggestions, guidance for operating utilities, and strategies for private sector 
deployment [5], [1]. 

As the United States commits $7.5 billion to EV charging infrastructure and aims for 50% EV sales 
by 2030, the deployment strategies employed will determine whether these ambitious goals are achieved cost-
effectively and equitably [8], [1]. The integrated optimization framework presented in this study provides 
policymakers, planners, and investors with a data-driven decision support tool for making informed 
deployment decisions that balance cost-efficiency, coverage, user experience, and equity [4], [5]. The 
successful validation of this framework offers hope that intelligent infrastructure planning can accelerate the 
transition to sustainable transportation while ensuring that the benefits of electrification are accessible to all 
communities across the nation [1], [2]. 
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