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 The performance of electric vehicle (EV) charging systems in response to 

sudden changes in solar irradiation and dynamic battery load variations. EV 

chargers must have effective power conversion and flexibility as the use of 

renewable energy sources increases. This paper suggests a charging system 

based on resonant converters that minimizes heat and losses in EV charging 

stations by enabling high-efficiency, soft-switching power transfer. For 

modern EV applications, the ability to manage large voltage fluctuations 

ensures reliable, quick, and portable charging. The artificial neural networks 

(ANN) controller overcomes the drawbacks of conventional Perturb and 

Observe (P&O) for solar DC-DC converters and PI control for resonant 

converter approaches. MATLAB simulation results demonstrate that the 

proposed system outperforms traditional techniques in terms of an ANN-

based controller, which enhances maximum power point tracking (MPPT) 

efficiency to 98.6%, reduces oscillations near the maximum power point by 

approximately 80%, and increases total EV charging efficiency by 3%. The 

ANN-based control to EV charging infrastructure greatly enhances overall 

system dependability and real-time responsiveness, making it a good fit for 

subsequent smart grid and renewable energy applications. 
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1. INTRODUCTION 

The renewable energy sources, especially solar power, have become popular in the energy industry 

and are currently considered environmentally friendly and sustainable. Electric vehicle (EV) charging 

stations that use solar power do not need to be connected to the utility grid; they just need photovoltaic 

energy to power electric vehicles with clean energy. These stations offer a fully renewable and self-sufficient 

charging system,  built entirely on solar energy only, which comes in particularly convenient in remote areas 

or in areas with limited grid coverage [1]-[4]. This fact is that they are not dependent on the traditional 

sources of power, thus reducing the electricity costs, reducing the risk of grid-related disturbances, and 

ensuring that they will have reliability in delivering the charges under different sun rays. This completely 

solar-powered system supports the goals of green mobility as energy is zero-emission in the course of the 

charging process. 

Solar-powered EV charging stations (Figure 1), as shown in Figure 1(a), consist of traditional 

perturb and observe (P&O) maximum power point tracking (MPPT) and proportional integral (PI) controlled 

resonant converters, which continue to be commonly used in EV chargers. In addition, the overall control 

process is illustrated in Figure 1(b) as a flow chart, which depicts the sequence of operations from solar input 

https://creativecommons.org/licenses/by-sa/4.0/
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through MPPT regulation to resonant converter control. Most of the existing literature considers artificial 

neural network (ANN)-based MPPT (Stage 1) or advanced converter control independently. Not enough 

research has been done on the coordinated usage of ANN-based MPPT in Stage 1 and an ANN-controlled 

resonant converter in Stage 2 under dynamic EV battery conditions and rapid irradiance variation. In order to 

improve overall efficiency, stability, and transient performance in solar EV charging systems [5], there is an 

obvious gap in the validation of dual-stage ANN control. 

The key contributions of the research work are: i) the development of a dual ANN-based control 

method for EV charging applications; ii) the 98.6% MPPT efficiency, 96.5% charging efficiency, and a 

reduction in MPP oscillations by 80% compared to PI and P&O methods; iii) improvement of the stability of 

the resonant converter, whose gain margin is at 12.4 dB, and phase margin is 62° in various EV load and 

irradiance conditions; iv) it has much better dynamic stability and the oscillations in the voltage are less than 

l% near MPP and short settling times in response to changes in load and irradiance. 

 

 

 
(a) 

 

 
(b) 

 

Figure 1. EV charging system: (a) solar MPPT and resonant converter and (b) flow chart 
 

 

2. MATHEMATICAL MODELLING 

2.1.  Intelligent solar power optimization 

The basic design of a feed-forward ANN output results from Figure 2, where x indicates the ANN 

input, y represents the output, and w denotes weights and biases. Sigmoidal activation functions power the 

hidden layers’ neurons, along with linear activation in the input and output layers’ neurons. 
 

𝑦1 = 𝑤210 + 𝑤211. 𝑧1 +  𝑤212𝑧2 + ⋯ + 𝑤21𝑛𝑧𝑛 (1) 
 

Therefore, the generalized output equation can be expressed as: 
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𝑦1 = ∑ 𝑤21𝑗𝑧𝑗
𝑛
𝑗=0  (2) 

 

where, 𝑧0 = 1         𝑧𝑗 = 𝑓(𝑎𝑗) =
1

1+𝑒𝑎𝑗         𝑎𝑗 = ∑ 𝑤1𝑗ℎ. 𝑥ℎ2
ℎ=1  

 

𝐸𝑚𝑠𝑒 =
1

𝑛
∑ (𝑡𝑖 − 𝑦𝑖

1)2𝑁
𝑖=1  (3) 

 

The equation defines the feed-forward (Figure 2(a)) prediction method through N training models, target 

value ti, and output signal yi at sample i. 

Figure 2(b) regression plot shows that two other ANN controllers are developed and trained under 

supervised learning, which are the solar MPPT and the CLLLC (C: capacitor, L: inductor) resonant converter 

[6]. ANN-based MPPT uses 2 neurons (PV voltage Vpv and current Ipv to provide the input layer, and 2 

neurons (EV battery voltage Vbat and current Ibat) to control the resonant converters by the addition of 

converter output voltage (Vo). To effectively model system non-linearities, both ANNs have 1 hidden layer 

with 10 neurons and a sigmoid activation function [7]. The optimum switching frequency to the resonant 

converter and optimum duty ratio to MPPT are given by one neuron in the output layer with a linear 

activation function. To reduce the mean squared error (MSE) between the reference control signal and the 

predicted signal, the networks are trained by the backpropagation method with Levenberg-Marquardt 

optimization, a learning rate of 0.01, and 1000 maximum epochs. By epoch 1000, the gradient became 

0.0064034, which indicated that the error surface had converged, whereas the ANN training state. Figure 2(c) 

illustrates effective and constant learning. The low μ = 1×10-5and zero validation checks at epoch 1000 show 

that smooth optimization without overfitting and high generalization are achieved. 
 

 

 
  

(a) (b) (c) 
 

Figure 2. ANN training: (a) structure of feed-forward neurons, (b) regression plot, and (c) training state plot 

 

 

2.2.  Resonant converter parameter design 

The most compelling resonant mode that controls the flow of energy within the CLLLC resonant 

network is based on the equivalent inductance 𝐿𝑒𝑞  and the equivalent capacitance C. The quality factor Q is 

the measure of system efficiency, and 𝑅𝑒 represents the damping due to the load. 

Proper damping as regards load. 
 

𝑅𝑒 =  
8

𝜋2 𝑅𝐿 (4) 

 

Angular frequency of the resonant wave. 
 

𝜔0 =
1

√𝐿𝑒𝑞𝐶
  (5) 

 

The series R-L-C resonant subsystem has a quality factor. 
 

𝑄 =
1

𝑅𝑒 
√

𝐿𝑒𝑞

𝐶
  =  

𝜔0𝐿𝑒𝑞

𝑅𝑒 
  = 

1

𝜔0𝑅𝑒 𝐶
 (6) 

 

Select the strongest resonant mode in a multi-component CLLLC network to identify an effective 

𝐿𝑒𝑞𝐶, which controls the flow of energy, all of the small signal system onto the strongest resonant mode, and 

approximate the closed loop transfer between the control action and the appropriate output using a second 

order form. 



                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 41, No. 3, March 2026: 885-893 

888 

𝐺𝑟𝑒𝑠(𝑠)  = 𝐾 
𝜔0

2

𝑠2+
𝜔0
𝑄

𝑆+𝜔0
2
 (7) 

 

Where 𝜔0 is the natural frequency, and K is the frequency (near resonance) gain. The common denominator 

coefficients of the second order are: 
 

𝑠2 + 2𝜁𝜔0𝑠 + 𝜔0
2 With 𝜁 =

1

2𝑄
 (8) 

 

Because it links physical L, C, and R to classical damping 𝜁 and Q, this form is significant [8]-[11]. 

 

2.3.  ANN-based closed-loop linearized model 

The modelling of a small signal converter: 
 

𝑑

𝑑𝑡
𝑥̂ =  𝐴 𝑥̂  +  𝐵𝜔𝜔̂𝑛 + 𝐵𝑣𝑔𝑣̂𝑔 + 𝐵𝑑𝑑̂ , 𝑦̂ = 𝐶 𝑥̂ (9) 

 

ANN mapping (operating point linearized): 
 

𝑑̂ =  𝐾𝐴𝑁𝑁𝑍̂, 𝑍̂ = 𝐻𝑍𝑥̂,      𝑑̂ =  𝐾𝐴𝑁𝑁𝐻𝑍𝑥̂ (10) 
 

applying Jacobian (analytic form with a single hidden layer), 
 

𝐾𝐴𝑁𝑁 = 𝑤(2)𝑇𝐷𝑓𝑊(1)   (1 x m), (11) 
 

where 𝐷𝑓 = 𝑑𝑖𝑎𝑔(𝑧 ⨀ (1 − 𝑧))  

Substitute (9) into (10), 
 

𝑑

𝑑𝑡
𝑥̂ =  (𝐴 + 𝐵𝑑  𝐾𝐴𝑁𝑁𝐻𝑍)𝑥̂  + 𝐵𝜔𝜔̂𝑛 + 𝐵𝑣𝑔𝑣̂𝑔 (12) 

 

State matrix for closed loops, 
 

𝐴𝐶𝐿 =  𝐴 + 𝐵𝑑  𝐾𝐴𝑁𝑁𝐻𝑍 (13) 

 

2.4.  ANN’s impact on the Q model and model damping 

The reduction to the predominant resonant pair (select the resonant eigenmode along the 2×2 modal 

subspace). Suppose that the lower state vector 𝜁 = [𝜁1, 𝜁2]𝑇. The shortened closed-loop linear dynamics are 

the following: 
 

𝜁̇ = 𝐴𝑟𝜁 + 𝐵𝑟 𝑢̂𝑒𝑥𝑡 (14) 
 

using a simplified closed-loop matrix: 
 

𝐴𝑟,𝐶𝐿 =  𝐴𝑟  + 𝐵𝑟,𝑑  𝐾𝐴𝑁𝑁𝐻𝑍,𝑟 (15) 

 

consider the characteristic polynomial of 𝐴𝑟,𝐶𝐿, be: 

 

ᵪ(𝑠)=𝑠2+𝑎1𝑠+𝑎0
 (16) 

 

then identity:  
 

𝜔0,𝑐𝑙 = √𝑎0, 𝜁𝑐𝑙 =
𝑎1

2√𝑎0
, 𝑄𝑐𝑙 =

1

2𝜁𝑐𝑙
=

√𝑎0

𝑎1
 (17) 

 

The 𝐾𝐴𝑁𝑁 influences the coefficients 𝑎1 and 𝑎0. In particular, the effective stiffness 𝜔0
2 is connected 

with 𝑎0. There is a direct correlation between 𝑎1 and damping (∝ 𝜔0/𝑄). A damping increase or decrease 

(i.e., lowering or raising Q) will be observed when the ANN adds an effective negative or positive feedback, 

which alters 𝑎1. 
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2.5.  Eigenvalue testing and stability criterion 

Eigenvalue test (sufficient and required for linearized models). Compute eigenvalues 𝜆𝑖 of 𝐴𝐶𝐿. 

Stable (local): ℜ𝜆𝑖 < 0 for all i. Lyapunov LMI (sufficient), find 𝑃 = 𝑃𝑇 > 0 that satisfies the linear matrix 

inequality (LMI): 
 

𝐴𝐶𝐿
𝑇 𝑃 + 𝑃𝐴𝐶𝐿 < 0  (18) 

 

Assuming this is possible, the linearized closed loop is exponentially stable, and  𝑉 = 𝜉𝑇𝑃 𝜉 is a 

Lyapunov function. Loop margin (gain & phase) frequency domain [12], whereby we linearize the ANN as a 

gain 𝐾𝐴𝑁𝑁𝐻𝑍 in the d path, and transfer loop L(s) in the ANN output back to the ANN input (where the ANN 

measures error). In the case of ANN, say that the output error is then: 
 

𝐿(𝑠) = 𝐺𝑒𝑑(𝑠) 𝐾𝐴𝑁𝑁 (19) 
 

The gain margin (GM) and phase margin (PM) from Nyquist/Bode of L(s). Typical design 

requirements include PM ≥ 30° and GM ≥ 6 dB for robustness. 

 
 

3. RESULTS AND DISCUSSION 

The results reveal that the solar PV system that is regulated by the MPPT converter produces a 

stable 400 V DC to run the power stage (Figure 3). This DC input is then converted into a CLLLC resonant 

converter, where the DC is converted to AC by the primary converter and converted to DC again by the 

secondary converter through a high-frequency 100 kHz transformer. The converter is a highly efficient, low-

ripple, smooth dynamic response load and radiation changes on the 360 V, 82 Ah lithium-ion EV battery 

[13]-[16]. 
 

 

 
 

Figure 3. Solar energy EV charging system 

 

 

3.1.  Dynamic behaviour of the solar system and EV battery load 

The solar system performance under varying solar conditions, the conventional controller offers 

slow performance while producing power and voltage oscillations during specific periods of 0.4s to 0.6s, 

resulting in deteriorated system functions as solar radiation changes by 600 W/m2, and MPPT voltage and 

power are reduced to 300 V and 30 KW (Figure 4). The ANN system functions through rapid control systems 

to maintain a dependable, stable, optimal voltage of 350 V and 40 KW as shown in Figures 4(a) and 4(b). 

ANN-based MPPT shows fast adaptation at 600, 800, and 900 W/m2 through which it achieves consistent 

and efficient power tracking performance. Figure 4(c) makes it evident how well the ANN-based controller 

reacts to dynamic variations in the load current of the EV battery. 

First, the EV battery load is kept at 50 A between 0 and 0.05 seconds, which indicates a low-demand 

situation. In order to supply the necessary current, the controller modifies the duty cycle when the load rises 

to 65 A between 0.05 and 0.15 seconds. The dynamically adjusted ANN-based controller to adjust the duty 

cycle to sustain the performance of the charge-up is stable as the load increases further, up to 0.3 seconds, 

and limitingly reaches 80 A. Between 0.3 and 0.4 seconds, the load drops to 75 A, and this triggers the 

controller to adjust the duty cycle and ensure a smooth and efficient EV charging process. ANN-based 
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controller ensures a constant current charging of batteries without creating sudden variations by automatically 

adapting to the changing load demands of all these times [17]-[20]. In the PI controller Figure 4(d), it is 

possible to observe oscillations at the beginning of every load transition, unlike the smooth converter control 

and adaptive response in the ANN-based controller. 
 

 

  
(a) (b) 

 

  
(c) (d) 

 

Figure 4. Fluctuation of source and EV load; (a) solar voltage (b) solar power  

(c) ANN control EV battery current, and (d) PI control battery current 
 

 

3.2.  Comparative performance of dual-stage ANN-based and conventional control techniques 

Comparative analysis performance is shown in Figure 5. In Stage 1, as shown in Figure 5(a), ANN-

based MPPT was superior to the traditional P&O method because it had achieved a lower steady-state 

oscillation near the maximum power point of 15% to 2%, reduced tracking time of 90 ms compared to 250 

ms, and better tracking performance of 94.2% versus 99.2% with different irradiance conditions. Stage 2, as 

shown in Figure 5(b), the ANN-controlled CLLLC resonant converter was better than PI control in stability 

and regulation, the THD decreased to 4.3%, settling time reduced to 65 ms compared to 180 ms, and the 

output voltage deviation dropped to ±1.2% as compared to PI control of ±4%. Moreover, converter efficiency 

increased to 96.5%, which proves that the proposed ANN-based dual control system significantly enhances 

the quality of power, the dynamic response, and the charging efficiency of solar EV charging systems [21]. 

The proposed ANN-based controller and the traditional PI-controlled system achieved improvement 

compared in Table 1 

 

 

  
(a) (b) 

 

Figure 5. Comparative analysis; (a) ANN Vs P&O MPPT and (b) ANN Vs PI control resonant converter 
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Table 1. The performance of solar MPPT using P&O and ANN control methods 

 
 

3.3.  Analysis of voltage gain and stability in resonant converters 

The stability of the CLLLC resonant converter to EV charging at the battery voltages of 250 V, 350 

V, and 450 V in a switching frequency range of 1 kHz-200 kHz was also evaluated using gain and phase 

margin studies, as shown in Figure 6. Figures 6(a) and 6(b) the open-loop system was not very stable in terms 

of gain margin available at 4-6 dB and a phase margin of 18°-22°. PI control gave the phase margin of 35°-

40° and closed-loop gain margin of 12.4 dB; however, oscillations and phase error (±8°–10°) were noted in 

dynamic voltage swings. By contrast, the ANN-controlled converter was significantly more stable, with a 

gain margin of 18-20 dB and a phase margin of more than 62°, and a phase error range of ±2°–3°, compared 

to 30–35 ms with the PI controller, as shown in Figure 6(c) [22]-[24]. The ANN system was found to be 

stable in voltage gain and soft-switching behavior in all operating conditions, fully 96.5% more efficient than 

94% when used with the PI-controlled converter. These findings prove that ANN control offers better 

stability, rapid transient response, and efficiency of dynamic EV charging. The operation of a resonant 

converter defines the EV charging power during 24 hours, as shown in Figure 6(d). The model operates over 

a 0 to 24-hour time range with a 0.5-hour time interval, and the converter generates 200-400 V at 20 V 

increments. The demand analysis represents the activity of charging the EV with the help of a cosine-based 

demand factor, which is the combination of peak time and the off-peak period. To gain a clearer insight into 

the optimal ways of charging an EV, this assessment examines voltage control within the CLLLC converter 

that dictates the amount of power to charge daily. 
 

 

  
(a) (b) 

 

 
 

(c) (d) 

 

Figure 6. Converter quality and stability analysis; (a) Bode response, (b) voltage gain,  

(c) efficiency and phase error, and (d) EV charging power over 24 hours 

 

Performance metric 
Conventional PI-

controlled system 

Proposed ANN-based 

controlled system 
Improvement achieved 

Efficiency of MPPT tracking (%) 94.2% 98.6% +4.4% 
Total efficiency of the charger (%) 95.0% 96.5% +1.5% 

Voltage ripple (%) in DC output 4.8% 1.6% 66.7% reduction 

Error in steady-state voltage (V) ±8 V ±2 V 75% reduction 

Overshoot while changing the load (%) 9.5% 2.3% 75.8% reduction 

Irradiance change response time (ms) 150 ms 55 ms 63.3% faster 

Power oscillation with changes in irradiance (W) 120 W 35 W 70.8% reduction 
Charging current THD (%) 6.2% 2.1% 66.1% reduction 

Stability under changes in step load Marginal oscillations No oscillations, Stable Improved robustness 

Converter efficiency (%) 95.0 96.5 +1.5 
Voltage regulation error (%) ±4.8 ±1.2 75% reduction 

DC-link voltage settling time (ms) 180 65 63.9% faster 

Output voltage overshoot (%) 8.5 2.1 75.3% reduction 
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4. EXPERIMENTAL IMPLEMENTATION 

The hardware results of the solar EV charging system are shown in Figure 7. The entire hardware 

configuration, which includes a 30 V, 300 W photovoltaic panel, an MPPT-based DC–DC converter, and an 

isolated high-frequency resonant converter, is depicted in Figure 7(a). The primary-side high-frequency 

transformer voltage, which is measured at roughly 24–28 V and operates in the 20 kHz range, is shown in 

Figure 7(b), indicating soft-switching operation. The secondary-side transformer voltage, stepped down to 

roughly 15–16 V AC in accordance with the intended turns ratio, is shown in Figure 7(c). Lastly, Figure 7(d) 

validates steady and secure charging performance by displaying the regulated DC output voltage of  

13.8–14.4 V delivered to the EV lithium-ion battery under BMS control [25]. 
 

 

    
(a) (b) (c) (d) 

 

Figure 7. Solar EV charger; (a) hardware setup, (b) primary side HF transformer voltage,  

(c) secondary side voltage, and (d) DC voltage to EV battery 

 

 

5. CONCLUSION AND FUTURE WORK 

The performance of the EV charger under dynamic conditions of battery load and solar fluctuation. 

The resonant converter controlled by the ANN-based and PI strategies exhibited more rapid convergence of 

the MPPT, increased tracking, and a more stable charging current than a more traditional controller. It also 

ensured a smooth SOC transition, which enhanced battery safety and energy efficiency. The PI controller for 

the resonant converter was limited in its real-time usage due to delayed response and oscillations when the 

load was changed abruptly. In the case of complex and high-performance EV charging systems, the ANN-

based control is the most appropriate one, as it is capable of effectively adapting to the shifting load 

requirements and solar input. These results justify the feasibility of ANN-integrated resonant converters to be 

implemented in smart grid and renewable energy-based charging infrastructure. The further studies will be 

focused on the practical use of the proposed ANN-based solar EV charging system in practice, where the 

IoT-based real-time control of the PV output, battery state-of-charge, and charger health will be 

implemented. AI-based predictive maintenance will also be explored to enhance the reliability of the 

converters and batteries. The controller will also be extended to hybrid solar-grid charging designs to ensure 

that power sharing is smooth and power charging takes place even when the irradiance is low and under peak 

demand conditions. 
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