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ABSTRACT: This study presents an Al-enabled symmetric witeless electric vehicle (EV)
charging framework that integrates artificial neural networks (ANN) for real-time battery
state estimation and reinforcement learning (RL) for adaptive power control. The
proposed system addresses efficiency losses and battery degradation typically observed in
conventional wireless power transfer (WPT) systems under coil misalignment. The ANN,
trained on the publicly available EVBattery dataset (1.2 million records from 464 EVs),
predicts the state of charge (SOC) and state of health (SOH) with RMSE values of 1.8 £
0.2% and 2.5 * 0.3%, respectively. A Proximal Policy Optimization (PPO)-based RL
controller dynamically tunes compensation and frequency parameters to sustain optimal
coupling. Laboratory and simulation tests, repeated five times per condition, confirm an
average charging efficiency of 85 £ 2% across 5-20 cm air gaps, battery degradation
reduction from 1.2% to 0.8 £ 0.1%, and renewable-energy utilization of 72 * 3%.
Statistical analysis (p < 0.05) validates significant performance gains over baseline and
literature benchmarks. The integrated ANN—RL framework thus provides a reproducible,
health-aware, and grid-coordinated solution for sustainable next-generation wireless EV
charging.

1. INTRODUCTION

The transition to electric vehicles (EVs) is accelerating as governments and industries pursue strategies to reduce greenhouse
gas emissions and reliance on fossil fuels, making EVs central to sustainable transportation. However, large-scale adoption
remains limited by inadequate charging infrastructure. Studies show that access to fast-charging and workplace stations strongly
influences EV uptake [1]. Programs such as Malaysia’s Low-Carbon Mobility Blueprint, which targets 10,000 chargers by 2025,
exemplify this global momentum, though high installation costs, limited consumer awareness, and competition from established
industries continue to restrict battery electric vehicle (BEV) growth [2].

Wireless Electric Vehicle Charging (WEVC) eliminates physical connectors, improving convenience, safety, and durability. IoT-
enabled WEVC supports adaptive charging schedules and real-time monitoring within smart grid environments [3]. Yet,
commercialization is hindered by transfer losses, coil misalignment sensitivity, and the absence of universal standards. Battery
degradation is another major concern, as lithium-ion batteries suffer from thermal stress, cycling, and current fluctuations that
shorten lifespan and raise costs. Advances in State of Health (SOH) estimation enable predictive maintenance [4], and studies
link high current ripple to capacity losses of up to 15% [5]. Integrating such predictive monitoring into charging control is vital
for sustainable battery performance.
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The rapid increase in EV adoption also burdens power grids, with uncoordinated charging causing peak demand and instability.
Energy management strategies that synchronize EV loads with renewable generation are essential. Al-based methods, such as
scheduling EV charging with photovoltaic input [6] and enabling Vehicle-to-Grid (V2G) services [7], demonstrate that
intelligent control can convert EVs into grid-supportive resources. However, wireless charging, battery monitoring, and grid
coordination are often addressed separately, despite being interdependent. Reinforcement learning and predictive scheduling
[6], [8] offer optimization potential, but their use in wireless, health-aware charging systems remains limited.

Wireless Power Transfer (WPT) used in WEVC typically employs inductive or resonant coupling. Inductive systems require
close coil alignment, while resonant configurations maintain efficiency over wider gaps. Studies show resonant compensation
achieves better tolerance to misalignment [9], though efficiency declines sharply beyond ideal alignment, often dropping below
78% across 6—20 cm [10]. Both static and dynamic systems struggle with alignment control under varying conditions [11]. Solar-
integrated WPT systems provide moderate outputs (~500 W) but face efficiency and scaling challenges [12].

Battery health monitoring combines State of Charge (SOC) and SOH estimation for safe, efficient operation. Hybrid approaches
using Adaptive Extended Kalman Filters (AEKF) and artificial neural networks (ANNs) improve SOC accuracy under dynamic
conditions [13]. No single SOC estimation method is universally optimal [14]. SOH estimation models address degradation
under diverse loads and temperatures [15], [16], with hybrid Kalman—neural models yielding satisfactory lab results [17]. Real-
time implementation remains difficult due to computational demands and the need for large labeled datasets [18].

Energy management coordinates charging with grid capacity, renewables, and demand response. Residential and microgrid
models demonstrate effective load shifting using solar or wind inputs [19], [20], [21], [22]. Reinforcement learning approaches
optimize charging schedules, reduce grid stress, and improve renewable use [23]. However, most are simulation-based and lack

integration of real-time battery data or adaptive wireless control.

Al applications in EV chatging combine reinforcement learning for demand optimization and ANNs for SOC/SOH estimation
[13], [24], but integration of wireless charging, battery health, and grid management remains rare. Persistent gaps include reliance

on simulations, sensor inaccuracy, communication delay, and reduced efficiency under misalignment [10].

This study proposes an Al-based witeless EV charging framework that unifies adaptive RL control, ANN-driven SOC/SOH
estimation, and grid-aware energy management. The objectives are to design an Al controller that optimizes charging
parameters, implement real-time SOH monitoring for predictive maintenance, and coordinate EV—grid interaction with
renewable sources. The framework enhances charging reliability, extends battery life, and promotes grid-friendly, sustainable
mobility.

2. SYSTEM ARCHITECTURE AND DESIGN

The proposed Al-driven system integrates wireless EV charging, real-time battery monitoring, and energy management to
improve efficiency, extend battery life, and balance grid load. As shown in Fig. 1, it comprises four modules: Wireless Charger,
BMS, Energy Management Unit, and Al Control Module that optimize charging and renewable utilization.

Wireless Charger

Battery
Management

System (BMS)

| ’ |

Al Gontrol Module Battery Health Energy
Monitoring Management
Optimal Energy
Charging Allocation

Fig 1. Proposed Al-Based Wireless EV Charging System Architecture

604
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for

Human Health
elSSN: 2583-1194

m
Feedback

Fig. 1. B. Workflow between estimation and control modules.

Sensor data (voltage, current, temperature) are processed by the ANN to estimate SOC and SOH. These estimates, combined
with renewable availability and price signals, form the state vector for the PPO controller, which outputs discrete charging-
current actions. The selected action drives the inverter, and updated measurements are fed back to close the loop.

2.1. Proposed Al-Based Wireless EV” Charging System Architecture

The Al Control Module dynamically adjusts charging parameters according to SOC, SOH, and grid status. SOC and SOH are
predicted by an artificial neural network (ANN) trained on historical data:

S0Ces1 = f(Ve, I, Ty) M

SOH,,, = g(S0OC,, I, T;, Cycle_Count) 2

Where Vt is battery voltage, It is current, Tt is temperature, and Cycle_Count is the number of full charge-discharge cycles.
Charging optimization is modeled as a reinforcement-learning (RL) problem with reward:

R = w;ASOH — w,Grid Penalty — w;Energy Cost 3)

where w1, w2, and w3 are weight factors for SOH preservation, grid stability, and energy cost. The RL agent selects actions
representing charging current levels and scheduling intervals.

The Battery Health Monitoring Module ensures safe operation using voltage, current, and temperature sensors. The SOH is
calculated as:

SOH = Crated—Closs x 100 (4)

rated

Whete Cpqteq is the rated battery capacity and Cpyg5 is the cumulative capacity loss measured by the algorithm.
2.2 ANN and PPO Implementation Details

SOC and SOH wete estimated using a 3-layer MLP (128-64-32 neurons, ReLU/linear, Adam, 1X1 0™ learning rate). The PPO
scheduler used state st = [SOC, SOH, At, PPV.t, kt] with discrete charging-current and deferral actions.

Table 1. ANN Architecture and Training Hyperparameters

Component | Specification

Hidden layers | 3 (sizes 128 — 64 — 32)

Activation ReLU (hidden), linear (output)

Loss function | Mean squared error (MSE)

Optimizer Adam

Learning rate 1x107*

Batch size 256

Epochs 100 (eatly stopping patience = 10)
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Regularization | 1., weight decay = 1 x 107°
RNG seed 42
Data split 80 / 10 / 10 (train / val / test)

Table 2. PPO Hyperparameters

Parameter Value
Clip ratio (¢) 0.2
Learning rate (actor/critic) | 3 X 107*

Batch size 2048 (rollout)
Mini-batch size 64

Rollout length 2048 steps
Training epochs per update | 10

Entropy coefficient 0.01
Value-loss coefficient 0.5

Reward weights (w1,wz,w3) | 0.5 /0.3 /0.2
RNG seed 42

Hyperparameters were tuned through grid search using validation RMSE and mean-episode reward.
2.3 Dataset and Preprocessing

The models were trained on the publicly available EVBattery dataset [25], comprising 1.2 million chatrging records from 464
EVs with voltage, current, temperature, and capacity fields. Data were resampled (1 min), cleaned, normalized (min—max), and
split 80/10/10 (train/val/test). Dataset link: https://figshare.com/articles/dataset/EVBattery A T.arge-
Scale Electric Vehicle Dataset for Battery Health and Capacity Estimation/23301881.

2.4 Battery Testing Rig — Experimental Setup
Experimental validation was conducted on a laboratory Battery Testing Rig (Fig. 2). Specifications are summarized in Table 3A.

Battery Testing Kig - Kxperinental Setup

Fig 2. Battery Testing Rig — Experimental Setup
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Table 3. A. Experimental rig specifications and instrumentation

Item Specification / Model
Primary coil diameter 200 mm
Secondary coil diameter 180 mm
Coil turns (primary/secondaty) 12 /10

Coil wire

Litz 0.5 mm X 36 strands

Operating frequency

85 kHz

Compensation network

Series—series resonant

Driver circuit: Full-bridge PWM inverter

rated 400 V, 20 A; switching frequency 85 kHz; phase-shift control loop

Alignment tolerance

110 mm

Battery under test

Li-ion pouch 3.7 V 50 Ah

Instruments

Fluke 287 (voltage), Tektronix Hall sensor (current)

Ambient conditions

251 2°C,RH 45+ 5%

Repetitions (IN)

5 runs per condition

Calibration All meters are pre-calibrated against lab standards

Measurement uncertainty < 1.5% (voltage), = 2% (current)

The full-bridge PWM inverter operates at 85 kHz with a rated output of 400 V and 20 A, controlled through a phase-shift
modulation scheme for current regulation. Litz conductors of 0.5 mm diameter X 36 strands were used for both coils to

minimize skin and proximity losses. Measurement results in subsequent tables are reported as mean * standard deviation across
N =5 runs.

2.5 Baseline (Conventional WPT) Configuration

A baseline WPT system using fixed-frequency PI control (0.5 Pmax) without SOC/SOH feedback was tested under identical

conditions; PI gains were Ziegler—Nichols tuned for minimal overshoot at 85 kHz.

Table 3 B. Charging Efficiency under Different Air Gaps and Control Strategies

Parameter Symbol | Value | Unit
Proportional gain | Kp 0.8 -
Integral gain Ki 0.15 -
Sampling period | Ts 11.8 us

2.6 Energy-Management Model

The Energy-Management Module coordinates EV charging with the grid and renewable resources through an optimization

problem:

min Z?’:1(Pi,t “At) ©)

Subject to:

SOCitr1 = SOCpmin, Py < Prgx, 2ie1 Pit < Pyria max (©)
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Where P; ¢ is the charging power for EV i, Mt is the electricity price or weighting factor, and Pgrijq may is the grid capacity limit.

Simulations of wireless-powet transfer, battery dynamics, and energy scheduling were petformed in MATLAB/Simulink.
Experimental validation on the rig confirmed simulation trends.

2.7 Performance Metrics
. System performance was evaluated using:

Charging Efficiency (%)

__ Energy Delivered to Battery
Ne = (Energy Supplied by Charger) X100 <7>
Battery Degradation Rate (%0)
Degradation = (C”‘?M) x 100 (8)
int

Energy Utilization Efficiency (%)

Energy from Renewables

M= (Total Energy Consumed) X100 <9)
. Grid Load Management: Reduction in peak load due to optimized scheduling.
. SOC/SOH Prediction Accuracy: RMSE and MAE between predicted and actual values.

System performance was evaluated using charging efficiency (nc), degradation rate, renewable utilization (nr), grid load
reduction, and SOC/SOH prediction accuracy (RMSE, MAE). Statistical significance was tested using a paired t-test (N = 5, a
= 0.05), with all differences showing p < 0.05.

2.8 Real-Time Implementation Considerations

Inference on an NVIDIA Jetson Xavier NX (PyTorch 1.12, TensorRT 8.4) achieved 25 £ 2 ms latency per decision, satisfying
the 100 ms constraint. Gaussian noise (cV = 10 mV, oI = 50 mA) increased RMSE by < 1.3X, confirming robustness. Secure,
low-latency edge deployment using TLS-encrypted MQTT or IEC 61850 ensures reliable real-time control.

3. RESULTS

This section presents the Al-based wireless EV charging performance, highlighting efficiency, battery health, energy

management, and baseline comparison.
Charging Efficiency Improvement with AI Control

Under identical conditions (N = 5, 25 £ 2 °C), the Al-controlled WPT system improved efficiency by over 13% at a 20 cm
gap, maintaining 1 ccy > 80% up to 15 cm and outperforming the PI baseline.

Table 4. Charging Efficiency under Different Air Gaps and Control Strategies

Air Gap (cm) | Conventional WPT (%) | AI-Controlled WPT (%)
5 8815 92+12
10 80 £20 87113
15 72126 82+ 1.6
20 65%3.0 78 £22
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Charging Efficiency under Different Air Gaps
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=@=Conventional WPT (%) =@=Al-Controlled WPT (%)
Fig 3. Charging efficiency versus air gap under Al and PI control (N = 5 runs per condition; ambient 25 *+ 2 °C; gap varied
10-50 mm).
3.1 Real-Time SOC and SOH Estimation Accuracy

The ANN achieved SOC RMSE = 1.8 £ 0.2%, SOH RMSE = 2.5 £ 0.3%, and R > 0.98, ensuring reliable feedback for the
PPO controller to enable adaptive charging and reduced degradation.

Table 5. SOC and SOH Prediction Performance

Metric SOC Prediction | SOH Prediction
RMSE (%) 1.8£0.2 25103

MAE (%) 1.3+£02 1.9£02
Cotrelation (R) | 0.995 £ 0.001 0.987 £ 0.002

SOC and SOH Prediction Performance
3
2.5

1.8

25
1.9
1.5 1.3
0.995 0987
1
0-5 .
1]

RMSE (%) MAE (%) Correlation (R)
Metric

Value
M 2

®SOC Prediction  ®SOH Prediction
Fig 4. SOC and SOH prediction performance for the test set (N = 5 independent runs; RMSE shown as mean + SD).
3.2 Energy Management Performance

The proposed Al framework efficiently coordinates EV charging with renewable generation, shifting demand to high-
generation periods (12:00—-13:00 h) and reducing gtrid peaks. As summarized in Table VI, it improves renewable utilization ()
by about 15%, achieving a 72% renewable conttibution and lowering grid-load variation by =15%. Over 50 charge—discharge
cycles at 25 + 2 °C, the Al-controlled system showed 0.8% less capacity degradation than the PI baseline (99.2% vs 98.4%
retention). These results confirm that adaptive scheduling enhances both renewable integration and battery longevity, yielding
more efficient and sustainable wireless EV charging performance.
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Table 6. Energy Allocation and Grid L.oad Management

Hour Grid Load | Renewable Supplied | AI-Scheduled EV Load | Conventional EV Load
o

b kW) kW) (kW) kW)
0-1 450 + 8 50+ 2 40 £ 1 60 =2
67 520 £ 10 120£3 100 £ 2 130 £ 3
12—

13 610 £ 12 180 £ 4 150 £ 3 200 = 4
18-

19 700 = 14 2005 170 £ 4 2205
22—

23 480+ 9 70 £ 2 601 90%3

4. COMPARATIVE ANALYSIS AND DISCUSSION

A comparative evaluation (Table 7) shows the proposed ANN-RL wireless charging framework outperforming prior studies.

Earlier works improved efficiency or alignment but lacked integrated battery health monitoring and adaptive control. The

proposed system combines SOC-SOH estimation, RL control, and renewable coordination, achieving 85% efficiency, 0.8%

degradation, and 72% renewable utilization.

Table 7. System Performance Comparison
Study Method / Focus Key Performance Metrics
Al-based -charging  f
[2] e s'mart chaiging fot Energy saving = 30%; Cost reduction = 20 %; WPT efficiency not reported
grid scheduling
Hybrid coil design for inducti
[20] ybrid cotl design forinductive Peak 91.8% (aligned); 78% at 15 cm misalignhment
WPT
Revi f ical WPT
[27] eview ot practica Real-wotld efficiency 75-82%
systems
[28] Metasurface-assisted WPT ~70% at 10 cm; Coverage +30%
BiLSTM-SA for joint SOC-
[29] ! o jomnt SOC RMSE = 2%; SOH > 2%
SOH
Current ANN + RL-based symmetric | SOC RMSE 1.8%; SOH 2.5%; Avg eff. 85%; Battery degradation 0.8%;
Study wireless charging Renewable utilization 72%; Peak-load reduction 15%

5. CONCLUSION

This study presented a novel Al-based symmetric wireless charging system that combines artificial neural networks and

reinforcement learning for intelligent energy transfer and battery state management. The model achieved superior WPT

efficiency, precise SOC and SOH estimation, and reduced battery wear, outperforming several contemporary approaches. Its

adaptive learning mechanism maintains stable operation under varying air gaps and misalignments while ensuring efficient use

of renewable energy. Overall, the proposed framework offers a scalable and sustainable approach for next-generation electric

vehicle charging infrastructures, providing a significant step toward smart, reliable, and energy-efficient transportation systems.
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