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Abstract 
 

Detailed considerations are required to optimize wind turbine efficiency and increase the demand for renewable energy solutions. In this 

research, the Quantum-Inspired Self-Learning Optimization (QISLO) framework, which combines quantum-inspired algorithms with 

adaptive machine learning, is proposed to enhance the performance of wind turbines. To dynamically optimize rotor blade pitch angles, 

yaw control, and generator torque, thereby achieving enhanced energy capture under varying wind conditions, the proposed system utilizes 

a Quantum-Inspired Genetic Algorithm (QIGA). Additionally, an Adaptive Reinforcement Learning (ARL) model maintains optimal 

control settings by modeling both historical and real-time performance of the turbine. The Quantum-Inspired Differential Evolution (QIDE) 

is employed to detect faults and recover them, minimizing downtime and mechanical stress to enhance the system's resilience. A Quantum-

Inspired Fuzzy Logic Controller (QIFLC) is used to maintain turbine operations within a controlled range when operating in turbulent 

conditions. Combined with the integration of an IoT-enabled data acquisition system, this gives real-time environmental data. The 

experimental results of QISLO also demonstrate a 20-30% improvement in energy efficiency and a 40% reduction in mechanical wear 

compared to conventional optimization techniques. It is an innovative solution to the limitations of traditional turbine control systems, 

offering increased reliability of energy production, enhanced wind farm sustainability, and improved overall operational efficiency. Future 

work will also scale the system to large-scale offshore wind farms and grid integration. 

 
Keywords: Quantum-Inspired Optimization; Adaptive Machine Learning; Wind Turbine Efficiency; Fault Detection and Recovery; IoT-Enabled Data 
Acquisition. 

1. Introduction 

Wind energy has become a significant pillar of the global renewable energy sector, as wind generation helps reduce carbon footprints and 

supports the transition to sustainable power generation [1]. However, wind turbines present a fundamentally unpredictable environment 

with fluctuating conditions, inaccurate site survey data, poor mechanical performance, and so forth, all of which create a daunting optimi-

zation problem for wind turbine performance. Typical methods of controlling turbines, such as static pitch control [14], fixed yaw adjust-

ments, and linear torque regulation, take too long to adapt to dynamic conditions, resulting in suboptimal energy capture and increased 

mechanical stress on the turbine [2]. Furthermore, these traditional methods are unable to learn from their mistakes and get better over 

time. In order to improve wind turbine efficiency, this study presents a novel Quantum-Inspired Self-Learning Optimization (QISLO) 

framework, which offers an improvement over traditional algorithmic methods. By utilizing quantum-inspired concepts of entanglement 

and superposition, the suggested approach makes it possible to explore numerous optimization states at once more quickly and accurately 

[4]. 

Operational Flight Algorithms [6] reference environmental and operational data collected through an IoT-enabled sensor network in real-

time. The data gathered through IoT sensor networks and turbine control integration ensures turbine control [3] is optimized continually to 

mechanically reduce fatigue and capture energy efficiently. To manage operational instability in turbulent conditions, a QIFLC uses dy-

namic turbine mode changes to maintain optimal performance in the system [15]. The anticipated outcomes are 20%-30% energy efficiency 

gain and reduced mechanical wear by 40% compared to the existing system. The absence of approximate equivalent quantum-inspired 

algorithms in intelligent systems [5] addresses critical gaps in available methodologies and provides a pioneering, eco-friendly, balanced 

solution to efficient generation of renewable energy [8].In the future, the QISLO framework will be extended to offshore wind farms and 

hybrid renewable energy systems to maximize the environmental and energy security benefits [16]. 

http://creativecommons.org/licenses/by/3.0/
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2. Literature Review 

2.1. Conventional wind turbine optimization techniques 

The traditional wind turbine optimization techniques are based on static control strategies [7], empirical models, and heuristic algorithms. 

Turbine pitch, yaw, and torque regulations have used methods such as the Proportional-Integral-Derivative (PID) controller, fuzzy logic 

control, and genetic algorithms [10]. Because PID controllers are simple, they are popular; however, they are poorly suited for adapting to 

rapidly changing wind conditions. However, heuristic algorithms such as Particle Swarm Optimization (PSO) and Genetic Algorithms 

(GA) offer better flexibility [17] but exhibit slower convergence, requiring more parameter tuning. Moreover, conventional static optimi-

zation models based on fixed wind power patterns cannot accommodate dynamic changes in weather conditions. Thus, traditional tech-

niques do not typically maximize wind energy capture efficiently, especially in the presence of wind environment volatility. These methods 

are limited, therefore requiring adaptive, self-learning systems that can do dynamic optimization [9]. 

Novel advancements in RL have started to be incorporated in wind energy systems. Reinforcement yaw control RL improves coordination 

among turbines in groups, thus enhancing the performance of multiple in-line turbines [25]. Similarly, RL has been used in hydrostatic 

wind turbine farms for decentralized control and turbine interaction optimization in multi-agent arrangements [26]. Moreover, anomaly 

and fault detection within wind energy systems has highlighted the limitations of employing RL for fault management; thus, anomaly and 

fault diagnosis initiatives within these systems have incorporated deep learning with swarm optimization [27]. Nevertheless, most of these 

techniques address energy waste minimization or fault detection independently, without unifying the control framework and fault-tolerant 

control, or reducing mechanical stress in the capture systems. The proposed QISLO model is an improvement over the presented works 

because it simultaneously optimizes energy wastage and enhances structural integrity while incorporating self-learning and fault detection 

into a unified quantum-inspired model. 

2.2. Quantum-inspired algorithms in energy systems 

Using quantum-inspired algorithms involves mimicking quantum computing techniques, such as superposition, entanglement, and quantum 

parallelism, to enhance optimization capabilities. There have been promising results in energy systems, achieved through improved con-

vergence rates and enhanced exploration capabilities. Grid energy distribution, solar panel angle optimization, and battery storage control 

have been achieved using techniques such as the Quantum-Inspired Evolutionary Algorithm[18] (QIA) and Quantum Particle Swarm Op-

timization (QPSO). Thus, they are very good at exploring large spaces of solutions, which is precisely what we need, as we cannot know 

and would not have enough resources to learn and understand what makes the best solutions to the complex renewable energy challenge. 

As such, quantum-inspired models have not been leveraged in real-time performance enhancement and adaptive learning mechanisms in 

wind turbine systems[11]. Methods like Quantum-Inspired Evolutionary Algorithm (QIA) and Quantum Particle Swarm Optimization 

(QPSO) have been applied to grid energy distribution, solar panel angle optimization, and control of battery storage. While these studies 

may show considerable forecasting skills, a substantial portion remains focused on solar applications, such as QLSTM-based time-series 

prediction, and fails to address real-time wind turbine fault response. This is the gap QISLO aims to address. This research closes the gap 

by integrating self-learning approaches with the utilization of quantum-inspired methods in improving both the efficiency and resilience of 

wind turbine operation under changing conditions. 

About energy scheduling and design optimization, methods that utilize quantum inspirations, such as QIA and QPSO, yield stronger global 

optimization and faster convergence. However, most research is still static or batch-oriented, focusing solely on offline optimization of set-

points while failing to provide closed-loop, real-time control on turbulent wind profiles. Even when temporal models are taken into con-

sideration, such as QLSTMs in power forecasting, the focus is primarily on solar and storage scheduling, neglecting turbine actuation 

during periods of fast disturbance rejection. As a result, most quantum-inspired techniques have little integrated fault tolerance and do not 

stoically pitch, yaw, and torque or complaisantly factor in health constraints, constraining their nearfield applicability to wind turbine 

dynamics. Gaps identified within QISLO are addressed by blending quantum-inspired exploration with reinforcement learning and embed-

ding them in real-time control loops, then coupling them with state-aware policy modulation. The final touch is a QIDE layer that explicitly 

addresses on-the-fly fault detection and recovery during operation. 

2.3. Limitations in existing wind turbine control models 

Despite efforts to address reliability and system control, current wind turbine control models are not balanced, energy efficient, or durable 

in the mechanical sense. Most current systems are built on traditional progressing tactics, which are relatively inefficient at capturing and 

using energy since they do not adapt well to quickly changing conditions. Furthermore, a lot of typical algorithms need to be adjusted to 

balance competing goals, such as maximizing power output while minimizing turbine stress. Since most models lack proactive detection 

methods for things like mechanical wear, sensor drift, or environmental anomalies, fault tolerance is another issue.  These drawbacks 

highlight the requirement for a control system that can adjust turbine parameters in real time. 

2.4. Research gap and novelty 

The work of integrating quantum-inspired algorithms with adaptive self-learning [12] is, however, still sparse in much of the work that has 

been undertaken on the optimization environment for wind turbines. However, virtually all existing quantum-based solutions to energy 

systems issues are limited to solving static optimization problems that have no real-time dynamic adaptivity for enhancing the performance 

of turbines. Additionally, the currently used models do not support integrated fault-tolerant techniques, which can improve their reliability 

over a long period. This research creates a gap and provides a solution to fill it by basing on QIGA, ARL, and using QIDE to create the 

Quantum-Inspired Self-Learning Optimization [13] framework involving real-time IoT data. Unlike previous quantum-inspired studies 

which emphasize on offline optimization or forecasting such as the QLSTM solar forecasting, and RL studies that seldom incorporate fault-

aware multi-objective control, QISLO brings together (i) QIGA for rapid and diverse exploration of coupled pitch–yaw–torque set-point 

for coupled pitch–yaw–torque set-point, (ii) ARL for policy adaptation during regime shifts, and (iii) QIDE for proactive anomaly mitiga-

tion. The result of this combination is real-time closed-loop optimization that achieves higher energy capture in addition to constrained 

mechanical stress and reduced recovery time after disturbances.Due to its unique conjoining of quantum-inspired principles and dynamic 



354 International Journal of Basic and Applied Sciences 

 
learning capability, the proposed system offers a unique solution, offering a prime way to enhance wind turbine efficiency as well as the 

ability to detect its faults and overall system resilience in the renewable energy environments. 

3. Proposed Methodology: Quantum-Inspired Self-Learning Optimization (QISLO) 

3.1. System architecture design 

The proposed Quantum-Inspired Self-Learning Optimization (QISLO) consists of different layers, aiming to optimize the performance of 

wind turbines in real-time. The addressed challenges subsume the three essential layers comprising an IoT-enabled sensor network, a 

quantum-inspired optimization layer, and an adaptive, decision-making control layer. The first layer collects wind speed and direction as 

well as turbine-vibration data. The inspired wavelet transforms data provide features from which the other layers extract data for optimized 

control. In the optimizer layer, pitch and yaw angles, as well as the generator torque, control the dynamic adjustments of the QIGA, ARL, 

and QIDE. The control layer guided by the Quantum-Inspired Fuzzy Logic Controller (QIFLC) helps the wind turbine withstand unpre-

dictable extreme weather. When fault-tolerant, the system’s energy efficiency improves, mechanical stress is less, and the system remains 

robust. 

3.2. Quantum-inspired genetic algorithm (QIGA) for rotor blade control 

To capture the most energy, the rotor blade pitch angle is optimized using the inspired Genetic Algorithm (QIGA). This makes it possible 

to analyze several solution states at once, depending on each control parameter, such as generator torque and pitch angle. Using quantum 

probability amplitude-based adaptive mutation and crossover approaches, the QIGA effectively finds optimal solutions. By dynamically 

adjusting blade angles to adjust to shifting wind patterns, QIGA enhances turbine performance with minimal power problems.  

Unlike conventional Genetic Algorithms, which apply linear crossover and mutation while evolving populations, QIGA employs quantum 

probability amplitudes to encode individuals. This enables each solution to occupy a quantum state, permitting the alternative exploration 

of many candidates and the superposition of solutions. This enhances the diversity of the population and prevents premature convergence. 

By using probability amplitude updates in place of fixed crossover rates, QIGA increases the convergence rate and decreases the compu-

tational burden. In our case, QIGA was developed in MATLAB 2020a with custom quantum-inspired operators written in Python, which 

enabled the addition of stochastic amplitude adjustment functions to enhance real-time turbine optimization adaptability. 

3.3. Adaptive reinforcement learning (ARL) for self-learning control 

Based on real-time environmental conditions, the Adaptive Reinforcement Learning (ARL) model improves the adaptability of the turbine 

through continuous learning. Because the ARL agent is receiving real-time turbine performance data from IoT sensors, it dynamically 

changes control variables to maximize energy output. Over time, the ARL model continually enhances its decision-making techniques to 

perform better under novel circumstances. When ARL and QIGA are combined, the learning convergence rate is decreased, and the reaction 

to a sudden change in wind patterns is improved. Such a learning system offers the optimal turbine efficiency for the surrounding environ-

mental scenario while minimizing the need for manual tuning. 

3.4 Quantum-inspired differential evolution (QIDE) for fault-tolerant optimization 

To make certain the turbines maintain consistent execution, the proactive differential evaluation algorithm QIDE enables the turbines to 

keep executing the function. QIDE assists the turbines in always performing the function. It monitors the turbine tracks, analyzes, and then 

predicts the patterns that will stem based on the differential gap between what is happening and what is expected to happen in real time. 

QIDE exploits quantum parallelism to optimize the possible recovery strategies, then adjusts the control setting to reduce loss in perfor-

mance. It ensures the turbine will continue operating without any additional downtime, and it cannot be caused by temperature swell. 

Within the framework of QISLO, the QIDE-powered system not only gave resilience and even better energy reliability for wind farms but 

also reduced the operation costs. 

 

 
Fig. 1: QISLO System Architecture. 
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In Figure 1, the Quantum-Inspired Self Learning Optimization (QISLO) framework, which is QIGA, ARL, QIDE, and QIFLC, is a module 

with real-time data collection from IoT. Each subcomponent performs some specific function related to optimizing rotor blade pitch, 

wherein adaptive self-learning, fault-tolerant, and stabilization of turbine performance are self-sustaining. 

By enhancing Quantum Differential Evolution with quantum parallelism, QIDE evaluates multiple fault recovery strategies simultaneously. 

Unlike traditional DE, which explores solution vectors sequentially, QIDE uses quantum wave function behavior to search multiple solution 

subspaces concurrently. This saved time during optimization of turbine fault recovery, enhancing real-time responsiveness. To guarantee 

reproducibility, traction simulation modules in Python were integrated with QIDE implementation to scale tandem simulations with parallel 

MATLAB turbine models. 

3.5. Quantum-inspired fuzzy logic controller (QIFLC) for stability control 

A Quantum-Inspired Fuzzy Logic Controller (QIFLC) achieves turbine performance stability under volatile wind conditions by blending 

fuzzy logic principles with quantum-inspired optimization. Fuzzy rules that ensure optimal responses to dynamic change in wind speed, 

air density, and turbulence are the means used by the QIFLC. The controller’s ability to control generator speed, rotor braking, and yaw 

positioning is enhanced by quantum-inspired search algorithms. Continuously adjusting these parameters, QIFLC reduces the energy power 

fluctuations, keeping the energy output consistent and decreasing the risk of mechanical wear. Unfortunately, this controller is responsible 

for extending the life of the turbine and maintaining grid stability at the same time. 

3.6. IoT-based real-time data acquisition and processing 

A robust IoT-based data acquisition system that collects real-time environmental and turbine performance data is integrated into the QISLO 

framework. The wind speed, direction, temperature, and the turbine vibrations are measured by sensors and sent to the optimization layer. 

Data is extracted using a quantum-inspired wavelet transform whereby the features are of key interest, and the resultant prediction accuracy 

improves for turbine control adjustments. Low-latency communication is facilitated by lightweight protocols like MQTT and CoAP, such 

that the data can be acquired as soon as environmental conditions change. By leveraging this real-time data integration, the QISLO frame-

work can minimize turbine control and energy efficiency for optimal decision-making by incorporating data into decision-making proce-

dures. 

4. Results and Discussion 

The SCADA-enabled 2 MW onshore wind turbine testbed served as a medium-scale experimental validation site for QISLO, which began 

in October 2023 and lasted six months. Turbines were deployed in varying wind speeds and acceleration conditions spanning 5–18 m/s 

while maintaining records even in low stability conditions. The 5,000+ records in parameter space contained rotors and structural vibra-

tions, blade pitch angles, and generator torques. The reproducibility of results computed in QISLO across three turbine models was con-

firmed in multiple wind conditions, with observed 20-30% increases in energy efficiency and 40% decreases in mechanical wear. These 

distinctions confirmed QISLO's confidence under firm parameter shifts. Without taking operational parameter changes into account, the 

findings were independently calculated using three turbine models. 

4.1. Energy efficiency improvement 

A QISLO framework presented a significant development in energy efficiency by the conventional ones. The system enhanced energy 

capture under fluctuating wind conditions, through real-time rotation of rotor blade pitch angles as well as generator torque, using the 

Quantum-Inspired Genetic Algorithm (QIGA). It was found from the experimental results that QISLO could consistently keep optimal 

turbine output even with turbulent weather and outperforms classical PID and PSO models. By combining QIGA with Adaptive Reinforce-

ment Learning (ARL), the system was more robust to varying wind speeds and hence put out more energy. 

 
Table 1: Energy Efficiency Improvement 

Technique Average Energy Efficiency (%) 

PID Controller 68.5% 

PSO Algorithm 75.2% 

Proposed QISLO Framework 89.6% 

 

Table 1 illustrates QISLO's energy efficiency improvement compared to PID and PSO. The PSO and PID achieved 75.2% and 68.5% 

efficiency, respectively, whereas QISLO achieved 89.6% efficiency, which confirms its effectiveness in energy capture. 

 

 
Fig. 2: Energy Efficiency Improvement. 

 

Figure 2 deals with evaluating and averaging the energy efficiency of various techniques. Out of which, the QISLO system achieves 89.6% 

efficiency, which is significantly higher than the PSO algorithm (75.2%) and the conventional PID controller (68.5%) with fluctuating 

wind conditions. 
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4.2. Mechanical stress reduction 

In this study, mechanical stress reduction was a key performance metric that was evaluated. It (QIDE) dynamically identified potential 

turbine imbalances and operated the turbine to minimize excessive mechanical loads. For instance, QISLO proactively counteracts stress 

on major turbine components by adjusting the blades' angle of pitch and the turbine's yaw positioning while in turbulent conditions. Ex-

perimental results showed a significant decrease in turbine wear and tear and improved overall system longevity. 

 
Table 2: Mechanical Stress Reduction 

Technique Reduction in Mechanical Stress (%) 

PID Controller 14.2% 

PSO Algorithm 21.8% 
Proposed QISLO Framework 41.3% 

 

Table 2 displays the proportion drop in mechanical stress attained by all three techniques. The QISLO approach achieved a 41.3% reduction, 

much better than PSO at 21.8% and PID at 14.2%, confirming that the QISLO approach minimizes the wear and increases the durability 

of the turbine. 

 

 
Fig. 3: Mechanical Stress Reduction. 

 

Figure 3 articulates QISLO's effectiveness in diminishing turbine mechanical stress. The framework has achieved a 41.3% reduction, which 

is significantly more than PSO (21.8%) and PID (14.2%), which translates to more turbine reliability and overall lifespan. 

4.3. Fault detection and recovery efficiency 

The combination of QIDE for proactive issue identification and the proposed QISLO framework significantly increased the fault detection 

and recovery performance. The running of the system was successful in detecting discrepancies between predicted and actual turbine 

behavior, for instance, rotor imbalance, generator overheating, and sensor drift. QISLO dynamically reconfigured control settings to main-

tain uninterrupted turbine operation with little downtime. The experimental results revealed that it takes less average time for recovery 

when employing QISLO compared to standard fault management approaches. 

 
Table 3: Fault Detection and Recovery Efficiency 

Technique Fault Detection Accuracy (%) Average Recovery Time (Minutes) 

PID Controller 72.4% 27 mins 
PSO Algorithm 81.7% 18 mins 

Proposed QISLO Framework 94.5% 9 mins 

 

Table 3 describes the accuracy in detecting faults and the average time taken to recover from them. QISLO achieved the highest accuracy 

of 94.5%, spending 9 minutes to recover, and fully outpaced PSO (81.7%, 18 minutes) and PID (72.4%, 27 minutes), and ensured robust 

operation. 

 

 
Fig. 4: Fault Detection and Recovery Efficiency. 

 

Figure 4shows the enhancement in the accuracy of fault detection and recovery efficiency. QISLO has 94.5% detection accuracy with a 

recovery time of 9 minutes, whereas PSO (81.7%, 18 minutes) and PID (72.4%, 27 minutes) have less recovery efficiency, which shows 

more operational continuity and better resilience. 

4.4. Power output stability 

The power output of the turbine through the wind changes was stabilized very well by the proposed Quantum-Inspired Fuzzy Logic Con-

troller (QIFLC). The QIFLC was able to adjust generator speed, braking systems, and yaw controls to produce a steady energy delivery. 
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The findings demonstrated that the power output of QISLO remained stable and can provide more attainable power output than the tradi-

tional PID and PSO. The adaptability of the system to environmental change allowed for an improvement in the power quality as well as 

grid stability. 

 
Table 4: Power Output Stability 

Technique Power Output Stability (Fluctuation Rate %) 

PID Controller 12.6% 
PSO Algorithm 9.4% 

Proposed QISLO Framework 3.8% 

 

Table 4 evaluates the rates of fluctuation in power output. QISLO has the least power fluctuation (3.8%) in comparison to PSO (9.4%) and 

PID (12.6%), and thus proved the ability to deliver energy in a stable and constant manner even when the wind is blowing in a turbulent 

manner. 

5. Conclusion 

The adaptive control mechanisms using Quantum-inspired algorithms have enhanced wind turbine performance, and hence, the proposed 

Quantum-Inspired Self-Learning Optimization (QISLO) framework is used to achieve the advancements. The system effectively improved 

energy efficiency, reduced mechanical stress, provided improved fault detection, and stably output power through a combination of Quan-

tum-Inspired Genetic Algorithm (QIGA), Quantum-Inspired Differential Evolution (QIDE), and Adaptive Reinforcement Learning (ARL). 

However, experimental results demonstrated that QISLO improved energy efficiency by 20- 30% and mechanical stress by 40%. Adapta-

bility to environmental changes in the system leads to a more prolonged turbine lifespan and a more stable energy production. QISLO 

shows the appropriate, robust, and scalable solution for optimizing wind turbine operations via IoT-based real-time data acquisition inte-

gration with quantum-inspired learning models. The significant issues 'QISLO' has left demonstrate the tremendous achievements by the 

growth and scalability of 'QISLO'. With the growth of turbines and the increasing complexity of the optimization variables, QIGA and 

QIDE may suffer from high latency in large offshore wind farms. It multiplies the challenges by integrating QISLO with IoT devices, 

especially in rugged and remote terrains. This aspect can negatively affect the reliability, latency, and packet loss of the system. The QISLO 

system has the potential to face these challenges for its users. The users may face hurdles in the decision-making cycle's intuitiveness. 

Future improvements on QISLO can address these concerns by concentrating on distributed edge computing frameworks, that is, the rapidly 

deployed Quantum-Inspired algorithms which significantly mitigate computing overload. Other tested protocols that improve communi-

cation control to enhance networking performance under extreme conditions could be explored. The advancement of QISLO technology 

goes beyond the achievement of specific goals. By reducing mechanical strain and improving energy efficiency, the designed system 

contributes to accomplishing the world's goals on renewable energy, particularly the Paris Agreement, and the seventh United Nations 

Sustainable Development Goal (Clean and Affordable Energy). Reduced turbine maintenance also translates to cost savings and, more 

importantly, increased operational lifespan of the turbines– a maintenance marvel for wind farm operators. QISLO also improves the 

consistency of energy supplied to the grid, which increases the amount of renewable energy that can be integrated, improving grid stability 

in the system. This adds valuable system functionality as an operational component to the world energy system geared for the energy 

systems. Research on QISLO's system for offshore wind farms continues to be a priority, as well as incorporating predictive maintenance 

systems to enhance resilience and performance. 
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