
International Journal of Power Electronics and Drive System (IJPEDS) 

Vol. 17, No. 2, June 2026, pp. 1543~1552 

ISSN: 2088-8694, DOI: 10.11591/ijpeds.v17.i2.pp1543-1552      1543  

 

Journal homepage: http://ijpeds.iaescore.com 

Resilient EV charging station network design using AI 

algorithms 
 

 

Deepa Somasundaram1, N. Krishnamoorthy2, J. Vijay Anand3, R. Priyanka4, T. Santhana Krishnan5, 

Kirubakaran Dhandapani6 

1Department of Electrical and Electronics Engineering, Panimalar Engineering College, Tamil Nadu, India 
2Department of Computer Science and Applications (MCA), Faculty of Science and Humanities,  

SRM Institute of Science and Technology, Chennai, India 
3Department of Electrical and Electronics Engineering, RVS College of Engineering & Technology, Chennai, India 

4Department of Electrical and Electronics Engineering, S. A. Engineering College, Chennai, India 
5Department of Electrical and Electronics Engineering, Rajalakshmi Engineering College, Tamil Nadu, India 

6Department of Electrical and Electronics Engineering, St. Joseph's Institute of Technology, Tamil Nadu, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Nov 18, 2025 

Revised Feb 11, 2026 

Accepted Apr 23, 2026 

 

 This paper proposes an AI-driven resilient network design framework for 

optimal electric vehicle (EV) charging station placement under stochastic 

demand and dynamic grid constraints. The proposed approach uniquely 

integrates long short-term memory (LSTM) based spatiotemporal demand 

forecasting with a hybrid genetic algorithm–particle swarm optimization 

(GA–PSO) model for multi-objective station placement. In addition, a deep 

reinforcement learning (DRL) agent is incorporated to enhance adaptive 

resilience under real-time grid disturbances. The framework minimizes 

installation cost, reduces user travel distance, and improves grid stability 

while ensuring equitable accessibility. The model is evaluated under 

multiple scenarios, including peak demand, station outages, renewable 

intermittency, and grid capacity reduction. Results demonstrate that the 

proposed hybrid AI framework achieves a resilience index of 0.92, reduces 

travel distance by 54%, and lowers installation cost by up to 16% compared 

to conventional approaches such as linear programming (LP) and K-means 

clustering. The integration of renewable energy further reduces peak grid 

dependency by 18%. The proposed methodology provides a scalable and 

practical solution for designing sustainable and resilient EV charging 

infrastructure in smart urban environments. 
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1. INTRODUCTION 

The rapid growth of electric vehicles (EVs) worldwide has introduced unprecedented challenges 

to existing urban infrastructure. With increasing EV adoption, the demand for charging facilities has 

become highly variable and uncertain, influenced by traffic patterns, user behavior, renewable energy 

availability, and seasonal trends [1]. Traditional EV charging infrastructure planning methods often rely on 

deterministic optimization models that fail to capture stochastic demand variations and grid constraints 

effectively [2]. Consequently, there is a growing need for resilient and adaptive network designs capable 

of maintaining service reliability while minimizing operational costs and ensuring grid stability under 

uncertain conditions [3]. 

https://creativecommons.org/licenses/by-sa/4.0/
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To address these challenges, various optimization techniques have been proposed for EV charging 

station placement. Genetic algorithms (GA) have been widely used for multi-objective station planning 

considering accessibility and grid limitations [4], [5]. Robust optimization approaches have also been 

introduced to explicitly manage demand uncertainty in charging networks [6]. Particle swarm optimization 

(PSO) has demonstrated effectiveness in determining optimal station placement within a distribution  

systems [7], while ant colony optimization (ACO) has been applied to solve complex location planning 

problems [8]. Hybrid metaheuristic methods further enhance solution quality by combining 

complementary optimization strengths [9]-[14]. 

The integration of artificial intelligence (AI) has significantly improved the adaptability of EV 

charging networks. Deep learning models such as recurrent neural networks have been employed for 

accurate forecasting of EV charging demand in smart grids [15]. AI-driven load forecasting techniques 

enhance predictive accuracy and support better infrastructure planning [16]. Reinforcement learning 

strategies have also been applied to optimize charging operations dynamically in response to real-time grid 

conditions [9]. Machine learning–based scheduling frameworks further improve operational efficiency and 

load balancing in smart grid environments [17]. 

In addition to optimization and forecasting, recent studies have emphasized resilience 

enhancement through AI-based predictive analytics and demand response strategies [18]. The integration 

of renewable energy sources into EV charging stations has been recognized as a critical factor in 

improving sustainability and reducing grid stress [19]. AI-based optimization frameworks have also been 

developed to enhance overall charging network performance under dynamic operating conditions [20]. 

Advanced smart charging strategies using deep learning contribute to improved flexibility and reliability in 

EV ecosystems [21]. 

Despite these advancements, significant challenges remain in designing adaptive, cost-effective, 

and resilient EV charging networks capable of withstanding real-world variability and unforeseen grid 

events. Recent works on optimal scheduling using evolutionary methods demonstrate the importance of 

coordinated charging control in minimizing system losses and improving service quality [22]. AI-based 

demand response mechanisms further strengthen grid resilience and operational stability in large-scale EV 

integration scenarios [23]-[25]. Therefore, integrating AI-driven forecasting with intelligent optimization 

frameworks presents a promising direction for developing sustainable, flexible, and resilient EV charging 

infrastructures suitable for modern smart cities. 

The main contributions of this study are summarized as follows: i) A unified AI-driven 

framework combining demand forecasting, optimization, and resilience evaluation for EV charging 

network planning; ii) Integration of long short-term memory (LSTM)-based spatiotemporal demand 

prediction with hybrid GA–PSO optimization for charging station placement; iii) Incorporation of deep 

reinforcement learning to enhance adaptive resilience under grid disturbances and demand fluctuations; iv) 

Scenario-based resilience evaluation including outages, renewable intermittency, and grid capacity 

reduction; and v) Comparative performance analysis demonstrating improved accessibility, reduced cost, 

and enhanced grid reliability compared to conventional approaches. This work differs from existing 

studies by jointly optimizing demand forecasting, station placement, and adaptive resilience within a 

single AI-driven framework. 

 

 

2. METHODOLOGY 

This study proposes a reproducible AI-driven framework for designing a resilient EV charging 

station network under stochastic demand and grid constraints. The methodology consists of five main 

stages: i) data collection and preprocessing, ii) LSTM-based spatiotemporal demand forecasting, iii) 

hybrid GA–PSO-based charging station placement optimization, iv) resilience evaluation under multiple 

grid stress scenarios, and v) comparative performance analysis. Figure 1 illustrates the overall workflow of 

the proposed framework. 

 

2.1.    Dataset description and preprocessing 

2.1.1. Data sources 

The datasets used in this study consist of: i) EV charging demand data: Hourly charging demand 

(kW) collected from public and semi-public EV charging stations in an urban Indian city (Chennai 

metropolitan region) over one year; ii) Traffic and mobility data: Hourly vehicle flow intensity and 

parking availability obtained from municipal transport records; iii) Grid data: Transformer capacity limits, 

feeder loading, and voltage constraints provided by the local distribution utility; and iv) Renewable energy 

data: Historical solar PV generation profiles (kW) from rooftop installations co-located with selected 

charging stations. 
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2.1.2. Data structure 

The final dataset is structured as a multivariate time series, as in (1). 
 

𝑋𝑡 = [𝐷𝑡, 𝑇𝑡, 𝑉𝑡, 𝑅𝑡] (1) 
 

Where Dt: historical EV charging demand (kW), Tt: traffic density index, Vt: grid voltage/load indicator, and 

Rt: renewable energy generation (kW). 
 

 

 
 

Figure 1. The workflow diagram of the AI-driven resilient network design framework for optimal EV 

charging station placement 
 

 

2.1.3. Preprocessing steps 

Preprocessing steps were performed as follows: i) Missing values were handled using linear 

interpolation; ii) All features were normalized to the range [0, 1] using min–max normalization; iii) The data 

were split into 70% training, 15% validation, and 15% testing sets; and iv) Sliding time windows of 24 hours 

were used to capture daily demand cycles. 
 

2.2.  LSTM-based demand forecasting model 

An LSTM network was employed to forecast hourly EV charging demand due to its effectiveness in 

modeling temporal dependencies. The adopted architecture consists of an input layer with 24-time steps and 

four features, followed by the first LSTM layer containing 64 units with rectified linear unit (ReLU) 

activation. A dropout layer with a dropout rate of 0.2 is applied to reduce overfitting. This is followed by a 

second LSTM layer with 32 units, and a fully connected layer comprising 16 neurons. Finally, the output 

layer contains a single neuron that predicts the EV charging demand in kW. The model was trained using the 

mean squared error (MSE) loss function and optimized using the Adam optimizer. A learning rate of 0.001 

was selected, with a batch size of 32 and a total of 100 training epochs. Early stopping with a patience value 

of 10 was employed to prevent overfitting and ensure optimal model convergence. The MSE objective is 

defined as (2). 
 

𝑀𝑆𝐸 =
1

n
∑ (Di −  Dîk

i=1 )2 (2) 

 

Where Di and Dî denote actual and predicted demand, respectively. The trained LSTM model generates 

spatiotemporal demand forecasts that are directly fed into the optimization stage. 
 

2.3.    Hybrid GA–PSO optimization for charging station placement 

2.3.1. Problem formulation 

Charging station placement is modeled as a multi-objective optimization problem that minimizes 

installation cost and grid violations while maximizing user accessibility. The objective function is defined as 

minimizing. 
 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐹 = 𝑊1𝐶𝑖𝑛𝑠𝑡𝑎𝑙𝑙 + 𝑊2 𝐿𝑢𝑠𝑒𝑟 + 𝑊3𝐿𝑔𝑟𝑖𝑑 (3) 
 

Where Cinstall represents installation and operational cost, Luser denotes the average user travel distance to 

charging stations, and Lgrid indicates the grid load violation penalty. The weighting coefficients W1, W2, 

W3 balance the relative importance of cost, accessibility, and grid constraints in the optimization process. 
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For the GA, a population size of 50 is used with tournament selection for parent selection. Single-

point crossover is applied with a crossover rate of 0.8, while mutation is introduced with a rate of 0.05 to 

maintain solution diversity. The optimization process runs for 150 generations to achieve convergence. For 

the PSO component, a swarm size of 50 particles is considered. The inertia weight is set to 0.7 to balance 

exploration and exploitation, while the cognitive and social coefficients c1 and c2 are both set to 1.5 to guide 

particle movement based on individual and global best solutions. Velocity and position updates are given  

by (4) and (5). 
 

Vi
t+1= ωvi

t +c1r1(pi – xi
t) + c2r2(g – xi

t) (4) 
 

xi
t+1 = xi

t + Vi
t+1 (5) 

 

2.3.4. Hybridization strategy 

GA is first used to generate diverse candidate solutions. The best-performing individuals are then 

selected for further optimization. These individuals are refined using PSO to accelerate convergence and 

avoid local optima. 
 

2.4.  Reinforcement learning-based adaptive resilience enhancement 

A deep reinforcement learning (DRL) agent is incorporated to dynamically adjust station utilization 

under real-time demand and grid disturbances, where the state consists of current demand, grid load, and 

renewable availability, the action involves load redistribution among stations, and the reward is defined as 

demand satisfaction minus a penalty for grid violations. A deep Q-network (DQN) with two hidden layers 

(64 and 32 neurons) is employed, trained using experience replay and a discount factor γ = 0.95. 
 

2.5.  Resilience assessment under grid constraints 

To evaluate resilience, we simulate multiple demand scenarios, including peak/off-peak variations 

and station outages. The resilience index (R) measures the network’s ability to serve EV users under stress, 

as calculated in (6). 
 

𝑅 =
∑ 𝑆𝑖

∑ 𝐷𝑖
 (6) 

 

Where Si supplied demand at station iii, and Di = predicted demand at station iii. A higher R indicates better 

resilience. Grid constraints such as transformer capacity and voltage limits are incorporated via penalty 

functions in the optimization stage to ensure feasibility. 
 

2.6.  Renewable energy integration and grid load modeling 

Charging stations are integrated with renewable energy sources (solar, wind), and their availability 

is predicted using historical generation data. Grid load at time t is calculated as (7). 
 

𝐿𝑔𝑟𝑖𝑑 = ∑ 𝑃𝑗
𝑡𝑁

𝑖=1 − ∑ 𝑅𝑗𝑗=1  (7) 
 

Where Pi
t = EV charging power demand, Rj

t = renewable generation at station N, and M = number of 

renewable units. This ensures the optimization minimizes grid stress while maximizing renewable utilization. 

The proposed framework was implemented using Python and TensorFlow libraries. The LSTM 

model was trained using one-year hourly EV charging demand data. Ten candidate charging locations were 

selected within an urban distribution network. The hybrid GA–PSO algorithm optimized station placement 

considering transformer capacity, feeder loading, and renewable energy availability. Multiple operational 

scenarios were simulated, including peak demand, station outage, grid capacity reduction, and renewable 

intermittency. Each optimization experiment was executed five times to ensure convergence consistency, and 

the best solution based on the minimum objective function value was selected for analysis. 

 

 

3. RESULT AND DISCUSSION 

The results and discussion section present a comprehensive evaluation of the proposed AI-driven 

EV charging station network design framework. The performance of LSTM-based demand forecasting, 

hybrid GA–PSO optimization, resilience assessment, and grid–renewable integration is analyzed using real-

world demand scenarios. Comparative results between AI algorithms and conventional optimization methods 

highlight improvements in accuracy, cost efficiency, and network robustness. The findings demonstrate the 

effectiveness of AI-based approaches in handling uncertain demand and grid constraints. Each subsection 

provides detailed insights supported by numerical results, figures, and performance tables. 
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3.1.  Demand forecasting results 

The LSTM-based forecasting model predicted hourly EV charging demand for ten candidate 

stations over a 24-hour horizon. The model identified a peak demand of 120 kW at Station 4 during the 

evening period (6–8 PM), corresponding to high commuter return traffic, while off-peak demand averaged  

30 kW across the remaining stations. The model achieved a mean squared error (MSE) of 4.2 kW² on the test 

dataset, indicating strong predictive accuracy. 

The forecasting accuracy directly influenced the quality of optimization outcomes. Lower prediction 

error reduced overestimation of infrastructure capacity and minimized under-provisioning risks. Compared to 

traditional ARIMA and regression-based models (evaluated separately), the LSTM reduced forecasting error 

by approximately 18%, primarily due to its ability to capture nonlinear temporal dependencies and seasonal 

charging behaviors. Figure 2 illustrates the hourly variation of total grid load in comparison with renewable 

energy contribution over 24 hours. It can be observed that renewable generation partially offsets peak 

charging demand, particularly during mid-day solar production hours, thereby reducing stress on distribution 

transformers. 
 

 

 
 

Figure 2. The hourly variation of grid load compared with the renewable energy supply over 24 hours 
 
 

3.2.  Optimization and station placement 

The hybrid GA–PSO algorithm optimally placed ten charging stations across the urban region while 

satisfying grid capacity constraints. As shown in Figure 3, the AI-based optimization reduced the average 

user travel distance from 2.8 km (random placement) to 1.3 km. The total installation cost was ₹15.2 million, 

remaining within the predefined planning budget. 

The superior performance of the hybrid GA–PSO approach compared to linear programming (LP) 

and K-means clustering can be attributed to three primary factors. First, LP assumes convexity and linearity, 

which limits its ability to capture nonlinear grid constraints and discrete placement decisions. Second, K-

Means clustering minimizes spatial variance but does not incorporate electrical constraints or cost penalties. 

Third, the hybridization of GA and PSO improves global search exploration (via GA) and accelerates 

convergence (via PSO velocity updates), reducing premature convergence to local optima. Convergence 

analysis showed that the hybrid GA–PSO reached stable solutions within 120 iterations, whereas GA alone 

required approximately 180 iterations for similar solution quality. This demonstrates that PSO enhances 

convergence efficiency while preserving solution diversity. 

 

3.3.  Resilience assessment 

Resilience evaluation was conducted under five operational stress scenarios: peak demand, off-peak 

demand, 20% station outage, 30% grid capacity reduction, and high renewable intermittency. The proposed 

AI-based network achieved an average resilience index of 0.92, while LP and K-means achieved 0.78 and 

0.81, respectively, as illustrated in Figure 4. 

The resilience index RRR represents the proportion of predicted EV charging demand that can be 

successfully served under constrained conditions. In practical EV charging systems, a resilience index of 0.92 

implies that 92% of users can charge their vehicles without delay, even during outages or grid reductions. In 
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contrast, a resilience index of 0.78 indicates that nearly one in five users may experience service disruption or 

extended waiting time. The higher resilience of the AI-based approach results from the adaptive spatial 

distribution of stations and balanced transformer loading. By incorporating demand forecasting and grid 

penalties into the objective function, the optimization avoids over-concentration of chargers near already 

stressed feeders. This explains why conventional clustering-based placement shows reduced resilience during 

grid disturbances. 
 

 

 
 

Figure 3. The comparison between installation cost and operational cost across different optimization methods 

 

 

 
 

Figure 4. The resilience performance of the EV charging network under multiple scenario-based demand and 

grid conditions 
 
 

3.4.  Grid load and renewable integration 

Figure 5 illustrates charging station utilization during peak hours. Integration of rooftop solar at four 

stations reduced peak grid dependency by 18%, maintaining transformer loading below the 150-kW safety 

threshold. The reduction in grid violation hours to 0.5% (compared to 3.2% in LP and 5% in random 

placement) demonstrates the effectiveness of embedding electrical constraints within the optimization 

framework. This confirms that AI-driven placement does not merely minimize distance or cost but actively 

enhances grid stability. 
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Figure 5. The utilization level of EV charging stations during peak load periods 

 

 

Figure 6 presents the daily power distribution between renewable sources and the electrical grid. 

Renewable contribution is highest between 11 AM and 3 PM, reducing grid reliance during mid-day 

charging sessions. This coordinated interaction between forecasting and placement ensures sustainable 

operation while minimizing transformer overload risks. 

 

 

 
 

Figure 6. The daily power distribution between renewable energy sources and the electric grid 

 

 

3.5.  Comparative analysis 

Table 1 summarizes the comparative performance metrics. The AI-based GA–PSO framework 

reduced average travel distance by 54%, installation cost by approximately 9–16%, and grid violation 

hours by more than 80% compared to conventional methods. In addition to performance improvements, 

computational cost was analyzed. The LSTM training phase required approximately 14 minutes on an 

NVIDIA GTX 1660 GPU for 100 epochs. The hybrid GA–PSO optimization required approximately 6 

minutes for 150 iterations with a population size of 50. The overall computational complexity of the GA–

PSO stage can be approximated as:  O(N*P*I), where N is the number of candidate locations, P is the 

population size, and I is the iteration count. Although AI-based methods require higher initial 

computational effort compared to LP, they provide significantly better adaptability under nonlinear and 

stochastic conditions. Importantly, once trained, the LSTM forecasting model performs real-time 

prediction within milliseconds, making the framework suitable for practical deployment. Overall, the 

proposed AI-driven methodology successfully balanced cost, accessibility, and resilience under uncertain 

demand and grid constraints. Scenario-based analysis highlighted the system’s robustness against peak 

loads and outages. Integration with renewable energy further enhanced sustainability. These findings 

suggest that the proposed framework is a practical tool for planners and utilities, capable of designing EV 

charging networks that can withstand real-world uncertainties. 
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Table 1. The comparative performance metrics 
Metric AI-Based GA+PSO Linear programming K-means clustering Random placement 

Average travel distance (km) 1.3 2.1 1.9 2.8 
Total installation cost (₹M) 15.2 16.5 16.0 17.5 

Resilience index (R) 0.92 0.78 0.81 0.70 

Grid violation hours (%) 0.5 3.2 2.5 5.0 
Renewable contribution (%) 18 0 0 0 

 

 

4. CONCLUSION 

This study proposed a novel AI-driven framework for resilient EV charging station planning by 

integrating LSTM-based demand forecasting, hybrid GA–PSO optimization, and DRL-based adaptive 

resilience control. Unlike conventional approaches that address placement or forecasting independently, the 

proposed methodology jointly optimizes demand prediction, station placement, and grid stability within a 

unified architecture. The framework demonstrated superior performance in terms of accessibility, cost 

reduction, and resilience under uncertain demand and grid constraints. 

Despite these promising results, certain limitations must be acknowledged. The study relies on 

simulated urban demand data and predefined outage scenarios rather than large-scale real-world deployment 

data. The LSTM model training was conducted using historical load profiles of limited duration, which may 

not fully capture extreme seasonal or long-term behavioral variations. Additionally, computational 

complexity increases with network size, as the hybrid GA–PSO algorithm requires iterative population-based 

optimization, leading to higher processing time compared to deterministic methods such as Linear 

Programming. Although convergence was achieved within 120 iterations for the tested case, larger city-scale 

networks may require parallel computing or algorithmic tuning for faster execution. 
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