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Abstract 

This study proposes and experimentally validates a hybrid photovoltaic–wind–battery energy conversion system for driving a three-phase 

induction motor under variable renewable-source conditions. The system integrates a high-gain SEPIC converter, a PWM rectifier, a bidirectional 

battery converter, a reduced-switch 31-level cascaded H-bridge inverter, and a Lion Optimization Algorithm–tuned adaptive neuro-fuzzy 

inference system controller. The proposed controller performs maximum power point tracking and regulates the common DC-link voltage by 

adjusting the converter and rectifier switching commands in response to changes in solar irradiance, photovoltaic temperature, and wind-side 

voltage. The system was evaluated using MATLAB/Simulink and an FPGA-based experimental prototype. The photovoltaic array produced 

approximately 134 V and 75 A under the tested operating conditions, while the SEPIC converter and PWM rectifier maintained the DC-link 

voltage near 400 V. The battery state of charge remained around 60%, indicating balanced charging and discharging operation. The 31-level 

inverter generated a stable multilevel output with an RMS voltage of approximately 499 V and real power of approximately 4990 W. The 

simulated total harmonic distortion was 1.39%, while the experimental prototype achieved 2.85%. The experimental results were consistent with 

the simulation outcomes and confirmed the effectiveness of the proposed controller in improving transient response, reducing steady-state 

fluctuations, and maintaining stable power delivery to the induction motor. The proposed configuration provides a feasible solution for renewable-

powered motor-drive and marine propulsion applications requiring high voltage gain, adaptive control, energy-storage coordination, and low 

harmonic distortion. 

Keywords: Adaptive Neuro-Fuzzy Inference System, Battery Energy Storage, Cascaded H-Bridge Inverter, High-Gain SEPIC Converter, Hybrid Renewable 

Energy System, Induction Motor Drive, Lion Optimization Algorithm, Maximum Power Point Tracking, Photovoltaic–Wind System, Total Harmonic Distortion, 

Process Innovation.  

1. Introduction  

The transition toward low-emission marine transportation has accelerated the development of hybrid electric propulsion 

systems supplied by renewable energy sources. Photovoltaic (PV) and wind energy conversion systems (WECS) offer 

a practical pathway for reducing fuel consumption and emissions in marine vessels; however, their power outputs are 

inherently intermittent and strongly influenced by irradiance, temperature, wind speed, and operating conditions. In 

wind-based generation, disturbances in the grid and variations in aerodynamic input can significantly affect the voltage, 

power, and dynamic stability of doubly fed induction generator systems [1], [2]. Similar reliability challenges occur in 

grid-connected PV systems, where uncertain generation and changing environmental conditions require coordinated 

sizing, conversion, storage, and control strategies [3]. 

Energy storage is therefore essential for maintaining the continuity and stability of a hybrid renewable propulsion 

system. Batteries can compensate for short-term power deficits, absorb excess renewable energy, and support the DC-

link voltage during rapid source and load variations. Hybrid storage configurations have also been shown to improve 

 
*Corresponding author: R. K. Padmashini (padmashinirkeee@gmail.com)   

DOI: https://doi.org/10.47738/jads.v7i3.1466 

This is an open access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/). 

© Authors retain all copyrights 

https://orcid.org/0000-0003-4450-7498
https://orcid.org/0000-0002-8071-805X
https://orcid.org/0000-0002-2050-3997
https://orcid.org/0000-0001-5984-0678
https://orcid.org/0000-0002-6027-8077


Journal of Applied Data Sciences 

Vol. 7, No. 3, September 2026, pp. 2161-2174 

ISSN 2723-6471 

2162 

 

 

 

the stability of DC power systems in all-electric ships, particularly when transient power demand cannot be managed 

effectively by a single storage technology [4]. Nevertheless, the performance of the overall system depends not only 

on storage capacity but also on the ability of the power-management controller to coordinate PV generation, wind 

generation, battery operation, and propulsion demand in real time. Efficient power conversion represents another 

critical requirement because the low and variable voltage generated by renewable sources must be regulated before it 

can supply the propulsion drive. DC–DC converters provide the voltage-conditioning interface between the renewable 

sources and the common DC bus, while their dynamic characteristics determine the transient response, voltage gain, 

and stability of the system [5]. Accurate modelling of PV generation is also required because a substantial proportion 

of the available generation may be unmonitored or affected by rapidly changing operating conditions [6]. Although 

several high-gain and multi-output converter structures have been developed, conventional topologies may require 

additional semiconductor devices, introduce high component stress, or increase control complexity [7]. A high-gain 

single-switch SEPIC configuration is therefore considered in this study to provide continuous input current, increased 

voltage conversion gain, and simplified switching control. 

The wind-energy conversion stage introduces additional control challenges because oscillations and disturbances 

generated on the AC side can propagate to the DC link through the rectification stage. Compensation and damping 

strategies have been developed to mitigate oscillatory behavior in DFIG-based wind farms [8]; however, a marine 

hybrid system also requires coordinated voltage regulation across multiple energy sources. A fixed-gain or 

conventionally tuned controller may not provide satisfactory performance across nonlinear and time-varying operating 

conditions. An adaptive neuro-fuzzy inference system (ANFIS) is suitable for this problem because it combines data-

driven learning with fuzzy rule-based reasoning, enabling nonlinear relationships between voltage error, error variation, 

and control action to be represented. Its effectiveness, however, remains dependent on the selection of membership-

function and consequent parameters. 

At the load-side interface, a multilevel inverter is required to convert the regulated DC-link voltage into a high-quality 

AC supply for the three-phase induction motor. Cascaded H-bridge multilevel inverters can produce a staircase voltage 

waveform with lower harmonic distortion and reduced filtering requirements, but conventional symmetrical structures 

generally require a large number of isolated sources and switching devices. Reduced-switch symmetrical and 

asymmetrical configurations have consequently been investigated to increase the number of voltage levels while 

limiting the semiconductor count [9]. Renewable-source-fed multilevel inverter systems have further demonstrated the 

suitability of these structures for integrating variable DC sources with AC loads [10]. Recent reviews nevertheless 

identify device count, voltage-source arrangement, switching losses, voltage balancing, and control complexity as 

continuing design constraints in high-level inverter topologies [11]. 

To address these interconnected challenges, this study proposes a hybrid PV–wind–battery propulsion system 

incorporating a high-gain SEPIC converter, a PWM rectifier, a bidirectional battery converter, and a reduced-switch 

31-level cascaded H-bridge inverter for a three-phase induction motor. A Lion Optimization Algorithm is employed to 

tune the ANFIS controller used for maximum power point tracking and DC-link voltage regulation. The proposed 

framework is designed to improve convergence, reduce steady-state error, maintain voltage stability under changing 

renewable inputs, and enhance the quality of the inverter output. Its performance is evaluated through simulation and 

experimental implementation by analyzing source-side responses, converter regulation, battery state of charge, inverter 

voltage and current, motor operation, and total harmonic distortion. 

2. Literature Review  

The integration of photovoltaic (PV), wind, and battery energy storage systems has been widely investigated to improve 

the reliability, continuity, and quality of renewable power generation. Hybrid wind–solar–battery architectures 

effectively mitigate the intermittent nature of renewable sources by combining complementary energy profiles with 

energy storage and advanced power conversion techniques [12]. Nevertheless, fluctuations in solar irradiance, ambient 

temperature, and wind speed continue to create highly nonlinear operating conditions that complicate maximum power 

extraction and DC-link voltage regulation. In PV systems, partial shading and module mismatch significantly reduce 

energy conversion efficiency unless adaptive control strategies are employed to continuously track the optimal 

operating point [13]. Likewise, wind energy conversion systems, particularly those based on doubly fed induction 
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generators (DFIGs), are susceptible to grid disturbances and oscillatory dynamics that adversely affect output power 

stability [14]. 

To interface low-voltage renewable sources with medium- or high-voltage DC buses, high-voltage-gain DC–DC 

converters have become an essential component of modern renewable energy systems. Transformer less and switched-

inductor converter topologies have demonstrated superior voltage gain while reducing the size, weight, and cost 

associated with conventional isolated converters [15]. However, achieving higher voltage conversion ratios generally 

requires additional semiconductor devices and passive components, resulting in increased conduction losses, switching 

complexity, and control challenges. Alternative converter topologies, including single-input multi-output and resonant 

converter structures, have been proposed to achieve high voltage gain with improved efficiency, although their 

performance remains dependent on switching frequency, component stress, source characteristics, and output 

regulation requirements [16]. Consequently, various closed-loop control and parameter tuning techniques have been 

developed to enhance converter transient response and maintain voltage stability under source and load disturbances 

[17]. 

To overcome the limitations of conventional fixed-parameter controllers, intelligent and adaptive control techniques 

have received increasing attention in renewable energy applications. Reinforcement learning integrated with sliding-

mode control has demonstrated improved robustness in PV grid-connected systems operating under varying 

environmental and system conditions [18]. Another promising approach is the Adaptive Neuro-Fuzzy Inference System 

(ANFIS), which effectively models nonlinear input–output relationships through trainable fuzzy inference rules. 

Nevertheless, the performance of ANFIS strongly depends on the selection of membership functions, rule parameters, 

and training conditions. Therefore, optimization algorithms can be employed to determine optimal controller 

parameters that minimize tracking error, overshoot, settling time, and steady-state error. This motivates the integration 

of the Lion Optimization algorithm with ANFIS to achieve superior maximum power point tracking (MPPT) and DC-

link voltage regulation compared with conventionally tuned intelligent controllers. 

On the inverter side, multilevel inverter (MLI) topologies have become a preferred solution for renewable energy 

conversion and motor-drive applications because they generate high-quality AC waveforms with reduced voltage 

stress, lower harmonic distortion, and improved efficiency [19]. Advanced modulation techniques, particularly space-

vector pulse-width modulation (SVPWM), have further enhanced voltage-vector utilization and switching-state 

optimization in multilevel converters [20]. Moreover, recent developments in reduced-switch and switched-inductor 

multilevel inverter structures have increased the number of output voltage levels while minimizing semiconductor 

count, making them attractive for high-performance induction motor drives and renewable energy systems [21]. 

Despite these advances, a comprehensive system that simultaneously integrates hybrid renewable energy sources, 

adaptive MPPT based on Lion Optimization–ANFIS, high-gain DC–DC conversion, coordinated battery energy 

storage, a reduced-switch 31-level inverter, and induction motor operation remains insufficiently investigated in the 

existing literature. 

3. Methodology 

3.1. Proposed System Architecture and Experimental Configuration 

The proposed system integrates photovoltaic generation, wind generation, battery storage, DC–DC power conversion, 

a 31-level cascaded H-bridge multilevel inverter, and a three-phase induction motor (see figure 1). The PV array is 

connected to the common DC link through a high-gain SEPIC converter, whereas the wind energy conversion system 

uses a doubly fed induction generator followed by a PWM rectifier. A bidirectional DC–DC converter manages battery 

charging and discharging according to renewable-power availability and load demand. The regulated DC-link voltage 

is supplied to the reduced-switch 31-level cascaded H-bridge multilevel inverter, which generates the three-phase AC 

voltage required by the induction motor. 

The Lion-optimized ANFIS controller regulates both renewable-source interfaces. At the PV interface, the controller 

adjusts the SEPIC converter duty cycle to track the maximum power point and maintain a stable converter output. At 

the wind interface, it controls the PWM rectifier to suppress voltage fluctuations caused by wind-speed variations. 

When the combined PV and wind generation is insufficient, the battery discharges to support the DC link. Conversely, 

excess renewable energy is directed to the battery charging process. This coordinated configuration follows the hybrid 
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renewable-generation principle used in wind–solar–battery systems [19], while the high-gain conversion stage is 

designed to avoid the excessive device count associated with several conventional converter structures [13]. 

 

Figure 1. Proposed PV–wind–battery energy conversion and induction-motor drive architecture. 

3.2. Mathematical Modelling and Lion-Optimized ANFIS Control 

The PV array is represented using the single-diode model. The output current is expressed as: 

𝐼PV = 𝐼ph − 𝐼0 [exp (
𝑉PV + 𝐼PV𝑅𝑠

𝑎𝑉𝑇
) − 1] −

𝑉PV + 𝐼PV𝑅𝑠
𝑅sh

 (1) 

𝐼ph is the photocurrent, I0I_0I0 is the diode saturation current, 𝑅𝑠 and 𝑅sh are the series and shunt resistances, 𝑎 is the 

diode ideality factor, and 𝑉𝑇 is the thermal voltage. The generated PV power is calculated as 𝑃PV = 𝑉PV𝐼PV. The MPPT 

controller uses changes in PV voltage and power to determine the appropriate duty-cycle adjustment. 

The proposed high-gain SEPIC converter operates in continuous conduction mode and contains three inductors, three 

capacitors, three diodes, and one controlled switch. During the switch-ON interval, the inductors store energy while 

the output capacitor supplies the load. During the switch-OFF interval, the stored inductor energy is transferred to the 

capacitors and DC link. Under ideal steady-state conditions, the converter voltage gain can be represented as: 

𝐺SEPIC =
𝑉dc
𝑉PV

=
1 + 𝐷

1 − 𝐷
 (2) 

𝐷 denotes the converter duty cycle. This relationship is used as the initial analytical basis, while the actual switching 

command is continuously adjusted by the Lion-ANFIS controller. The ANFIS controller receives two inputs: the 

voltage or power error and the change in error. For DC-link regulation, these inputs are formulated as: 

𝑒(𝑘) = 𝑉dc
∗ − 𝑉dc(𝑘),   Δ𝑒(𝑘) = 𝑒(𝑘) − 𝑒(𝑘 − 1) (3) 

𝑉dc
∗   is the reference DC-link voltage and 𝑉dc(𝑘) is the measured voltage at sampling instant 𝑘. The ANFIS output is 

the incremental duty-cycle command Δ𝐷(𝑘). The controller consists of fuzzification, rule activation, normalized firing-

strength calculation, consequent evaluation, and output aggregation. For a first-order Takagi–Sugeno rule, the 

controller output is written as: 

𝑢 =
∑ 𝑤𝑖(𝑝𝑖𝑒 + 𝑞𝑖Δ𝑒 + 𝑟𝑖)
𝑁𝑟
𝑖=1

∑ 𝑤𝑖
𝑁𝑟
𝑖=1

 (4) 

𝑁𝑟 is the number of fuzzy rules, 𝑤𝑖 is the firing strength of rule 𝑖, and 𝑝𝑖, 𝑞𝑖, and 𝑟𝑖 are consequent parameters. The 

Lion Optimization Algorithm is used to determine the ANFIS premise and consequent parameters. Each candidate lion 

represents one complete parameter vector. The population is divided into resident prides and nomadic lions, while 

candidate solutions are updated through hunting, roaming, mating, defense, and territorial replacement. The 

optimization minimizes a composite control objective defined as: 

𝐽 = α IAE + β 𝑡𝑠 + γ 𝑀𝑝 + δ 𝑒ss
2  (5) 
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IAE is the integral absolute error, 𝑡𝑠 is the settling time, 𝑀𝑝 is the maximum overshoot, and 𝑒ss is the steady-state error. 

The weights α, β, γ, and δ determine the relative importance of each control criterion. 

Figure 2 illustrates the complete workflow of the proposed Lion-optimized ANFIS controller, consisting of an offline 

training stage and an online execution stage. During offline training, measured variables, including PV voltage, PV 

current, wind-side voltage, and DC-link voltage, are used to calculate the controller inputs, namely the voltage error 

and change in error. The ANFIS structure is initialized with predefined membership functions, while each candidate 

solution in the Lion Optimization (LO) algorithm represents a complete set of ANFIS parameters. The optimization 

process evaluates each candidate using an objective function based on voltage regulation performance, followed by 

hunting, roaming, mating, and defense operations to update the population iteratively until the stopping criterion is 

satisfied. The optimized ANFIS parameters are then transferred to the online controller, where the trained ANFIS 

generates incremental duty-cycle commands in real time to regulate the SEPIC converter and PWM rectifier. This 

process is repeated at every sampling interval, enabling adaptive DC-link voltage regulation under continuously 

varying operating conditions. 

 

Figure 2. Training and execution workflow of the Lion-optimized ANFIS controller. 

Table 1 summarizes the optimization settings adopted for the proposed Lion-ANFIS controller. A population of 30 

lions is divided into four prides, with 20% of the population designated as nomadic lions and an 80% female ratio to 

preserve the natural social structure of the algorithm. The optimization is executed for a maximum of 100 iterations 

with a mating probability of 0.30 and an initial roaming ratio of 0.20, while the objective function is evaluated through 

10 independent runs to improve solution robustness. The ANFIS controller uses the voltage error and change in error 

as input variables and produces an incremental duty-cycle command as its output. The optimization terminates when 

either the maximum number of iterations is reached or the best fitness value remains unchanged for 15 consecutive 

iterations, providing a balance between computational efficiency and convergence accuracy. 

Table 1. Lion-ANFIS optimization settings 

Parameter Value 

Population size 30 lions 

Maximum iterations 100 

Number of prides 4 

Nomadic population ratio 20% 

Female ratio 80% 

Mating probability 0.30 

Initial roaming ratio 0.20 

Objective-function repetitions 10 independent runs 

Controller inputs Error and change in error 

Controller output Incremental duty-cycle command 

Stopping criterion Maximum iteration or unchanged best fitness for 15 iterations 
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3.3. Inverter Operation, Validation Procedure, and Performance Measures 

The regulated DC-link voltage is converted into a three-phase AC output using the proposed reduced-switch 31-level 

cascaded H-bridge (CHB) inverter. The inverter consists of a switched-source multilevel stage and a conventional H-

bridge output stage, enabling the generation of 31 discrete voltage levels while requiring fewer power semiconductor 

devices than conventional symmetric CHB topologies [22]. The switched-source stage synthesizes multiple voltage 

magnitudes from four unequal DC sources, whereas the H-bridge determines the polarity of the output voltage. This 

configuration reduces switching losses, gate-driver requirements, converter size, and implementation cost while 

maintaining high-quality output waveforms suitable for renewable-energy and motor-drive applications. The complete 

topology of the proposed inverter is illustrated in figure 3. 

 

Figure 3. Reduced-switch 31-level cascaded H-bridge inverter topology. 

As shown in Figure 3, switches S1–S8 are responsible for selecting the appropriate combination of DC voltage sources 

to produce the required voltage magnitude, while switches S9–S12 form the H-bridge that alternates the output polarity 

during positive and negative half cycles. During positive operation, switches H1 and H2 conduct while H3 and H4 

remain off. Conversely, H3 and H4 conduct during the negative half cycle, producing the corresponding negative 

voltage levels. Zero output voltage is obtained by disabling the switching paths. This operating principle enables the 

synthesis of a staircase voltage waveform with significantly lower harmonic distortion than conventional two-level 

inverters. The switching combinations required to generate all 31 voltage levels are summarized in table 2. 

Table 2. Switching states of the 31-level CHB inverter. 

Inverter Output Voltage (𝑺𝟒) (𝑺𝟑) (𝑺𝟐) (𝑺𝟏) (𝑯𝟏) (𝑯𝟐) (𝑯𝟑) (𝑯𝟒) 

(15𝑉𝑑𝑐) 1 1 1 1 1 1 0 0 

(14𝑉𝑑𝑐) 1 1 1 0 1 1 0 0 

(13𝑉𝑑𝑐) 1 1 0 1 1 1 0 0 

(12𝑉𝑑𝑐) 1 1 0 0 1 1 0 0 

(11𝑉𝑑𝑐) 1 0 1 1 1 1 0 0 

(10𝑉𝑑𝑐) 1 0 1 0 1 1 0 0 

(9𝑉𝑑𝑐) 1 0 0 1 1 1 0 0 

(8𝑉𝑑𝑐) 1 0 0 0 1 1 0 0 

(7𝑉𝑑𝑐) 0 1 1 1 1 1 0 0 

(6𝑉𝑑𝑐) 0 1 1 0 1 1 0 0 

(5𝑉𝑑𝑐) 0 1 0 1 1 1 0 0 

(4𝑉𝑑𝑐) 0 1 0 0 1 1 0 0 

(3𝑉𝑑𝑐) 0 0 1 1 1 1 0 0 

(2𝑉𝑑𝑐) 0 0 1 0 1 1 0 0 

(1𝑉𝑑𝑐) 0 0 0 1 1 1 0 0 

(0) 0 0 0 0 0 0 0 0 

(−1𝑉𝑑𝑐) 0 0 0 1 0 0 1 1 
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(−2𝑉𝑑𝑐) 0 0 1 0 0 0 1 1 

(−3𝑉𝑑𝑐) 0 0 1 1 0 0 1 1 

(−4𝑉𝑑𝑐) 0 1 0 0 0 0 1 1 

(−5𝑉𝑑𝑐) 0 1 0 1 0 0 1 1 

(−6𝑉𝑑𝑐) 0 1 1 0 0 0 1 1 

(−7𝑉𝑑𝑐) 0 1 1 1 0 0 1 1 

(−8𝑉𝑑𝑐) 1 0 0 0 0 0 1 1 

(−9𝑉𝑑𝑐) 1 0 0 1 0 0 1 1 

(−10𝑉𝑑𝑐) 1 0 1 0 0 0 1 1 

(−11𝑉𝑑𝑐) 1 0 1 1 0 0 1 1 

(−12𝑉𝑑𝑐) 1 1 0 0 0 0 1 1 

(−13𝑉𝑑𝑐) 1 1 0 1 0 0 1 1 

(−14𝑉𝑑𝑐) 1 1 1 0 0 0 1 1 

(−15𝑉𝑑𝑐) 1 1 1 1 0 0 1 1 

The proposed Lion-ANFIS controller is validated through both MATLAB/Simulink simulation and laboratory-scale 

hardware implementation. To comprehensively evaluate controller performance, eight operating scenarios are designed 

to represent steady-state operation, renewable-source disturbances, battery charging/discharging conditions, induction 

motor dynamics, and inverter power-quality assessment. These experimental scenarios and their corresponding 

evaluation objectives are summarized in table 3.  

Table 3. Experimental scenarios and evaluation objectives 

Scenario Input condition Evaluation objective 

S1 Irradiance: 800 W/m²; temperature: 25 °C Initial steady-state performance 

S2 Irradiance step: 800 to 1000 W/m² at 0.3 s MPPT transient response 

S3 Temperature step: 25 to 35 °C at 0.3 s Robustness against PV-temperature variation 

S4 Variable DFIG output voltage PWM-rectifier and DC-link regulation 

S5 Renewable power below load demand Battery discharging response 

S6 Renewable power above load demand Battery charging response 

S7 Motor startup and rated-load operation Speed, current, and torque response 

S8 31-level inverter at steady state RMS voltage, current, real power, reactive power, and THD 

The simulation is conducted for 0.5 s. Solar irradiance is initially maintained at 800 W/m² and increased to 1000 W/m² 

at t = 0.3 s, while the PV module temperature simultaneously changes from 25 °C to 35 °C. These disturbances are 

introduced to evaluate the MPPT response, converter transient performance, and DC-link voltage regulation. Wind-

side voltage variations are also applied to assess the robustness of the PWM rectifier controller. The battery energy 

storage system is initialized with a state of charge (SOC) of 60% and automatically operates in charging or discharging 

mode according to the instantaneous renewable power balance. 

The hardware platform consists of an FPGA-based controller, a PV source (or PV emulator), a DFIG wind-source 

emulator, a high-gain SEPIC converter, a PWM rectifier, a bidirectional battery converter, the proposed reduced-switch 

31-level inverter, and a three-phase induction motor. Voltage and current waveforms are acquired using a digital storage 

oscilloscope, while motor speed and battery variables are monitored through the embedded controller. The same DC-

link reference voltage, switching frequency, inverter topology, and controller parameters used in the simulation are 

implemented during the hardware experiments to ensure a fair comparison. 

4. Results and Discussion 

4.1. Renewable-Source and DC-Link Performance 

The dynamic performance of the proposed PV generation system was first evaluated under simultaneous variations in 

solar irradiance and cell temperature to examine the effectiveness of the Lion-ANFIS-based MPPT controller. Initially, 
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the solar irradiance was maintained at 800 W/m², while the PV cell temperature was fixed at 25 °C. At t = 0.3 s, the 

irradiance was increased to 1000 W/m², and the temperature was simultaneously raised to 35 °C. These operating 

conditions were intentionally introduced to emulate realistic environmental variations and to assess the controller's 

ability to rapidly identify the new maximum power point while maintaining stable DC-link power delivery. The 

corresponding environmental inputs and PV electrical responses are presented in figure 4.  

 

Figure 4. PV response under changes in temperature and solar irradiance: (a) temperature, (b) irradiance, (c) output 

voltage, and (d) output current. 

As illustrated in figure 4(a) and figure 4(b), both the temperature and irradiance undergo step changes at 0.3 s, creating 

a new operating condition for the PV array. In response, the PV voltage shown in figure 4(c) increases rapidly from 

approximately 100 V to 134 V, reaching the new steady-state value with negligible overshoot and without noticeable 

oscillations. Similarly, the PV current in figure 4(d) rises from approximately 50 A to 75 A, exhibiting only a small 

transient before settling quickly to the desired operating point. The smooth voltage and current transitions indicate that 

the proposed Lion-ANFIS controller successfully tracks the new maximum power point despite the simultaneous 

increase in irradiance and temperature. Furthermore, the absence of sustained oscillations demonstrates effective 

suppression of steady-state tracking errors, thereby ensuring stable power extraction and providing a well-regulated 

DC-link voltage for the subsequent converter and inverter stages. 

The voltage regulation capability of the high-gain SEPIC converter was subsequently evaluated by comparing four 

intelligent control strategies, namely PSO-Fuzzy, PSO-ANN, PSO-ANFIS, and the proposed Lion-ANFIS controller. 

The objective of this comparison was to investigate the influence of different optimization methods on converter 

transient performance and steady-state voltage regulation under identical operating conditions. The converter output-

voltage responses obtained using each controller are presented in figure 5. 

As shown in figure 5(a), the PSO-Fuzzy controller is capable of regulating the converter output to the 400 V reference; 

however, it exhibits a relatively large overshoot and noticeable oscillations before reaching steady-state operation. A 

similar transient behavior is observed for the PSO-ANN controller in figure 5(b), although the oscillation amplitude is 

slightly reduced. The PSO-ANFIS controller presented in figure 5(c) provides improved dynamic performance by 

decreasing both overshoot and settling time, resulting in a smoother convergence toward the reference voltage. Among 

all evaluated controllers, the proposed Lion-ANFIS controller in figure 5(d) demonstrates the best voltage regulation 

performance. The output voltage rapidly reaches the 400 V reference with the smallest overshoot, minimal transient 

oscillation, and the shortest settling time while maintaining a nearly ripple-free steady-state response. 

he superior performance of the proposed controller is attributed to the Lion Optimization algorithm, which 

effectively determines the ANFIS membership-function parameters and consequent coefficients during the 

offline optimization stage. Consequently, the optimized controller provides more accurate control actions 

during transient operating conditions, improving DC-link voltage stability and reducing steady-state error. 

These characteristics are particularly advantageous for hybrid renewable-energy systems, where rapid 

variations in source power require fast and robust converter regulation to maintain stable operation of the 

downstream inverter and motor-drive system. 
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The performance of the wind-energy conversion stage is evaluated next by analyzing the DFIG output 

characteristics and the corresponding PWM rectifier response, which converts the variable AC voltage into 

a regulated DC voltage before supplying the common DC-link. 

 

Figure 5. Converter output-voltage responses using (a) PSO-Fuzzy, (b) PSO-ANN, (c) PSO-ANFIS, and (d) Lion-

ANFIS controllers. 

The effectiveness of the proposed controller was further evaluated on the wind-energy conversion stage to verify its 

ability to regulate the DC-link voltage under fluctuating wind-source conditions. The variable AC voltage generated 

by the DFIG was first processed by the PWM rectifier before being supplied to the common DC-link shared with the 

PV generation system. This experiment was conducted to assess the capability of the rectifier-controller combination 

in rejecting source-side voltage variations and maintaining a stable DC-link voltage. The corresponding DFIG output 

voltage and PWM rectifier output voltage are presented in figure 6. 

 

Figure 6. Wind-energy conversion response: (a) DFIG output voltage and (b) PWM-rectifier output voltage. 

As illustrated in figure 6(a), the DFIG produces a variable AC voltage with continuously changing instantaneous values, 

representing the inherent fluctuations associated with wind-energy generation. After rectification and closed-loop 

regulation, the PWM rectifier successfully converts the variable AC input into a nearly constant DC output, as shown 

in figure 6(b). Although a small transient overshoot is observed during the initial start-up period, the output voltage 

rapidly converges to the 400 V reference with negligible steady-state ripple and without sustained oscillations. These 

results demonstrate that the proposed Lion-ANFIS controller effectively compensates for variations in the DFIG output, 

thereby preventing wind-induced disturbances from propagating to the common DC-link. 

The coordinated regulation of the PV-side SEPIC converter and the wind-side PWM rectifier ensures that both 

renewable energy sources contribute stable DC power to the hybrid system despite their different electrical 

characteristics and operating conditions. Consequently, the downstream multilevel inverter and induction motor are 

supplied with a well-regulated DC-link voltage, improving overall system stability and dynamic performance. A 

summary of the renewable-source responses and DC-link regulation performance is presented in table 4. 
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Table 4. Summary of renewable-source and DC-link responses 

Performance variable Observed result 

Initial PV irradiance 800 W/m² 

Final PV irradiance 1000 W/m² 

Initial PV temperature 25 °C 

Final PV temperature 35 °C 

Stabilized PV voltage Approximately 134 V 

Stabilized PV current Approximately 75 A 

SEPIC converter output Approximately 400 V 

PWM-rectifier output Approximately 400 V 

Best comparative controller Lion-ANFIS 

Steady-state behaviour Stable with limited voltage fluctuation 

4.2. Battery, Multilevel Inverter, and Motor-Side Performance 

The performance of the battery energy storage system (BESS) was subsequently evaluated to verify its capability in 

balancing the instantaneous mismatch between renewable power generation and the induction-motor load demand. 

Through the bidirectional DC–DC converter, the battery operates in charging mode when the renewable generation 

exceeds the load requirement and automatically switches to discharging mode when the generated power becomes 

insufficient. This coordinated energy-management strategy is intended to maintain a stable DC-link voltage while 

minimizing unnecessary battery cycling. The corresponding battery voltage, current, and state-of-charge (SOC) 

responses are presented in figure 7. 

 

Figure 7. Battery operating response: (a) voltage, (b) current, and (c) state of charge. 

As illustrated in figure 7(a), the battery voltage remains nearly constant at approximately 120 V throughout the 

simulation, indicating stable operation of the bidirectional converter. The battery current shown in figure 7(b) exhibits 

only a short transient during the initial operating period before settling to a nearly constant value, demonstrating smooth 

power exchange between the battery and the DC-link. Meanwhile, the SOC profile in figure 7(c) remains close to 60% 

with negligible variation, confirming that the proposed energy-management strategy successfully prevents excessive 

charging and discharging cycles. Maintaining the battery near its nominal SOC provides sufficient operating margin 

for both charging and discharging events, thereby improving battery lifetime while ensuring continuous support during 

renewable-power fluctuations. 

The regulated DC-link voltage is subsequently supplied to the proposed reduced-switch 31-level cascaded H-bridge 

inverter to generate the three-phase AC voltage required by the induction motor. The objective of this stage is to 

evaluate the inverter output quality and its capability to deliver a stable voltage and current under steady-state operation. 

The simulated output voltage and current waveforms of the 31-level inverter are presented in figure 8. 
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Figure 8. Simulated 31-level inverter output: (a) voltage waveform and (b) current waveform. 

As shown in figure 8(a), the inverter successfully synthesizes the expected 31-level staircase voltage waveform, closely 

approximating a sinusoidal waveform through multiple discrete voltage levels. Compared with conventional two-level 

inverters, the smaller voltage steps significantly reduce waveform distortion and switching stress. The output voltage 

reaches a peak value of approximately ±600 V, while the output current shown in figure 8(b) exhibits a short start-up 

transient before settling to approximately 14 A after 0.2 s. The absence of sustained oscillations in the steady-state 

current demonstrates that the inverter provides a stable supply for the induction-motor load. To further evaluate the 

quality of power delivered to the load, the RMS output voltage, converter output current, real power, and reactive 

power were monitored throughout the simulation. These responses are presented in figure 9. 

 
Figure 9. Simulated inverter and load responses: (a) RMS voltage, (b) converter current, (c) real power, and (d) 

reactive power. 

As illustrated in figure 9(a), the RMS output voltage rapidly increases during start-up and stabilizes at approximately 

499 V within 0.1 s, indicating effective voltage regulation by the proposed converter–inverter system. The converter 

output current shown in figure 9(b) follows the load demand with only minor transient variations before reaching 

steady-state operation. Likewise, the real power in figure 9(c) converges to approximately 4.99 kW, while the reactive 

power presented in figure 9(d) remains comparatively small and exhibits only slight fluctuations around the steady-

state operating point. These results confirm that the proposed hybrid renewable-energy system delivers stable active 

power while maintaining a low reactive-power demand, thereby improving the overall efficiency of the power 

conversion process. The output voltage quality of the proposed multilevel inverter was finally evaluated through 

harmonic analysis. The corresponding harmonic spectrum is shown in figure 10. 

As shown in Figure 10, the fundamental output frequency is 50 Hz, and the total harmonic distortion (THD) is limited 

to only 1.39%, which is well below the 5% limit recommended by IEEE Std. 519 for voltage harmonic distortion. The 

low THD is primarily attributed to the 31-level voltage synthesis, which substantially reduces the difference between 

the staircase output waveform and the ideal sinusoidal reference. Consequently, the proposed inverter minimizes 

harmonic currents supplied to the induction motor, thereby reducing copper losses, torque ripple, electromagnetic 

vibration, and acoustic noise while improving the overall power quality of the drive system. 
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Figure 10. Harmonic spectrum of the simulated 31-level inverter output. 

The overall simulation results demonstrate that the proposed Lion-ANFIS-controlled hybrid renewable-energy system 

provides stable battery operation, effective DC-link voltage regulation, high-quality multilevel voltage generation, and 

low harmonic distortion under varying renewable-energy operating conditions. A summary of the principal battery, 

inverter, and load-side performance indicators is provided in table 5. 

Table 5. Simulated battery, inverter, and load-side performance 

Performance variable Observed result 

Battery state of charge Approximately 60% 

Inverter output-voltage magnitude Approximately 600 V 

Steady-state output current Approximately 14 A 

RMS output voltage Approximately 499 V 

Real power Approximately 4990 W 

Simulated THD 1.39% 

Induction-motor rated power 1 hp 

Induction-motor rated speed 1390 rpm 

Induction-motor rated voltage 415 V AC 

5. Conclusion 

This study developed and experimentally validated a hybrid PV–wind–battery energy conversion system for driving a 

three-phase induction motor. The proposed configuration combines a high-gain SEPIC converter, a PWM rectifier, a 

bidirectional battery converter, a Lion-optimized ANFIS controller, and a reduced-switch 31-level cascaded H-bridge 

inverter. The controller was designed to coordinate maximum power extraction and DC-link voltage regulation under 

changing solar irradiance, PV temperature, and wind-generation conditions. 

The simulation results showed that the PV-side voltage and current stabilized at approximately 134 V and 75 A, while 

both the SEPIC converter and PWM rectifier maintained the common DC-link voltage near 400 V. The battery state 

of charge remained around 60%, indicating balanced charging and discharging operation. On the load side, the 31-level 

inverter produced an output-voltage magnitude of approximately 600 V, an RMS voltage of approximately 499 V, and 

real power of approximately 4990 W. The simulated inverter total harmonic distortion was limited to 1.39%. 

Experimental validation confirmed the principal characteristics observed in the simulation. The prototype increased 

the PV input from approximately 130 V to a regulated output of approximately 400 V, stabilized the rectified wind-

side voltage, and maintained the battery state of charge near 60%. The measured inverter THD was 2.85%, which 

remained low despite practical effects such as switching delays, semiconductor voltage drops, parasitic elements, 

component tolerances, and measurement noise. The close agreement between the simulated and experimental responses 

demonstrates the technical feasibility of the proposed control and power-conversion architecture. 

Overall, the Lion-optimized ANFIS controller provided stable renewable-source integration, effective DC-link 

regulation, and improved transient behaviour compared with the evaluated PSO-based controllers. The reduced-switch 
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31-level inverter also supplied the induction motor with a stable multilevel waveform and limited harmonic distortion. 

Future work should evaluate the system under longer operating periods, wider load and environmental variations, 

battery-aging conditions, and real-time marine propulsion duty cycles. Further investigation should also consider multi-

objective controller optimization that simultaneously minimizes tracking error, converter losses, battery degradation, 

switching stress, and harmonic distortion. 
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