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ABSTRACT 
As energy demand grows worldwide and the impact of climate change, renewable energy 

sources have become increasingly prominent in the global energy transition, especially offshore 

wind farms, which benefit from stronger wind conditions. However, due to the effects of wind and 

waves on wind turbines, assessing their reliability is essential. In this study, quantum computing 

was employed as an alternative approach to estimate the probabilities in a Bayesian Network model 

of a floating offshore wind turbine generator. The quantum version of the model was implemented 

on a quantum circuit with 22 qubits, simulating service times of up to 10 years, with 10 executions 

performed for each service time using a quantum simulator. The results, when compared to the 

exact solution, showed error values close to zero, indicating that quantum computing can be 

effective for applications of this nature. 
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1. Introduction 
Over the years, wind energy has increased its contribution to global electricity generation. 

By 2030, renewable energy sources are expected to account for 46% of the total electricity 

produced worldwide, with wind and solar together contributing around 30% [IEA 2024]. Wind 

energy is generated by converting the kinetic energy of the wind into electrical power through the 

use of wind turbines. As a renewable energy source, wind energy has significantly contributed to 

reducing the dependence on fossil fuels. However, due to its intermittent nature, ensuring the 

reliability and cost-effectiveness of wind turbines throughout their operational lifetime is essential 

to maintain competitiveness in the energy market [Sayed et al. 2023]. 

Despite the maturity of onshore wind farms, offshore wind energy has a promising future 

due to its capability of harnessing stronger and reliable winds, greater availability of space, and 

reduced conflicts [Jung et al. 2024]. To explore wind in deep water, floating offshore wind turbines 

(FOWTs) have been increasingly investigated as a viable solution. In this context, several studies 

have focused on the performance improvement and reliability analysis of FOWTs, such as 

aerodynamic and wake analysis under pitch motion [Fu et al. 2023], fatigue life assessment due to 

wake effects and yaw misalignment [Tao et al. 2023], and pitch fault detection [Wang et al. 2024]. 

Quantum computing (QC) offers new possibilities for solving complex problems by 

exploiting fundamental principles of quantum mechanics, as superposition and entanglement 

[Golestan et al. 2023]. This technology is gaining attention in the wind energy sector, with research 

on fault detection [Correa-Jullian et al. 2022], wind speed forecasting [Hong et al. 2024], and 

optimization of wind farm layout [Kagemoto 2024]. Thus, this study focuses on applying QC to 

the reliability analysis of the FOWT generator through a quantum variant of a Bayesian Network 

following the procedure proposed by [Borujeni et al. 2021]. 

 

2. Quantum Bayesian Network  
Bayesian Networks (BNs) are probabilistic graphical models representing knowledge 

over a set of variables 𝑋 from an uncertain domain. The qualitative part of a BN is described by a 

directed acyclic graph (DAG), where the nodes represent the variables and the edges correspond 

to the dependencies between the variables. In addition, the quantitative part is given by assigning 

the marginal probabilities of independent variables and the conditional probability of a variable 

given its parents with the Conditional Probability Table (CPT) provided by 𝑃(𝑋𝑖|𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖)), 

for 𝑖 =  1, … , 𝑛, in which 𝑛 is the number of nodes (or variables) in the BN.  

The BN functions as a predictive model by the joint probability 𝑃(𝑋1, 𝑋2, ⋯ , 𝑋𝑛) =
 ∏ 𝑃(𝑋𝑖|𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑖))𝑛

𝑖=1  or can be used for inference analysis based on Bayes’ Theorem 

𝑃(𝑋𝑖|𝐸) =  𝑃(𝐸|𝑋𝑖)𝑃(𝑋𝑖) 𝑃(𝐸)⁄ , which allows the calculation of posterior probabilities, such as 

the probability of a generator failure given evidence of a wind turbine failure.  

In this study, the quantum model was applied based on the fault tree (FT) approach for 

the FWOT generator described by [Kang et al. 2019], and evaluated as a BN problem by [Li et al. 

2020], as shown in Figure 1. The failure probabilities of the root nodes were obtained using the 

failure rates presented in Table 1, assuming an exponential distribution, following 𝑃 = 1 −  𝑒−𝜆𝑡. 

 
Table 1. Identification of events and failure rates of the root nodes for the wind turbine generator.  

Event Failure 

rate (h-1) 

Event Failure 

rate (h-1) 

GN: Generator  B4: Asymmetry 5.85E-6 

I1: Rotor and stator failure  B5: Structural deficiency 1.17E-6 

I2: Bearing failure  B6: Abnormal vibration 2.14E-6 

I3: Abnormal signals  B7: Abnormal instrument reading 2.17E-6 

I4: No centricity generation  B8: Fail to synchronize 3.61E-6 

I5: Overheating  B9: Broken bars 2.10E-7 

B1: Measurement facilities failure 1.63E-5 B10: Fail to start on demands 2.89E-6 

B2: Wire failure 1.00E-7 B11: Sensor failure 7.08E-6 

B3: Leak 8.40E-5 B12: Temperature above limitation 7.20E-7 
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Figure 1. Models of failure analysis for the wind turbine generator (a) FT model; (b) BN model.  

 
The Quantum Bayesian Network (QBN) leverages quantum circuits to perform 

probabilistic inference. The number of qubits required to represent the BN is given by 𝑁𝑞𝑢𝑏𝑖𝑡𝑠 =

 𝑛 + 𝑚𝑎𝑥(𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋1), 𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋2), ⋯ , 𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑋𝑛)) − 1 = 22. To construct the quantum 

circuit, the primary quantum gates used are the rotation-Y gate, which encodes the marginal 

probabilities of the root nodes using 𝜃𝑖 = 2 ∙ 𝑎𝑟𝑐𝑡𝑎𝑛 √𝑃(𝑋𝑖 = 1) 𝑃(𝑋𝑖 = 0)⁄ , and a combination 

of controlled-NOT and controlled-rotation-Y gates to encode the conditional probabilities of 

variables with more than two parent nodes. 

 

3. Results and Discussion 
To implement the QBN, the Python library Qiskit was used. A quantum circuit with 22 

qubits was executed with 20,000 shots and repeated 10 times to compute the average marginal 

probabilities over a service time of up to 10 years, as illustrated in Figure 2. 

 

 
Figure 2 – Mean marginal probabilities of the child nodes from the QBN. 

 
To compare the results obtained using the QBN approach, the exact solution was also 

computed. The root mean square error (RMSE) was then computed for each service time and each 

marginal probability by √(1 𝑛𝑟𝑢𝑛⁄ ) ∙  ∑ (𝑦 − 𝑦̃𝑖)2𝑛𝑟𝑢𝑛
𝑖=1 . The RMSE for the generator failure 

𝑃(𝐺𝑁 = 1), reached the maximum value (0,811) at 1-year service time and the minimum value 

(0,004) for 10-year service time compared with predictions of the marginal probabilities of 

intermediate events. Considering only the intermediate events, the maximum RMSE value was for 
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bearing failure 𝑃(𝐼2 = 1), with 0.435 for 5-year service time and the lowest RMSE was for 

overheating with 0.013 for 1-year service time. However, the RMSE values close to zero indicate 

that the QBN approach was effective in representing a BN problem within the context of a FOWT. 

 

4. Conclusion   
This study demonstrated the feasibility of applying QC to the reliability analysis of a 

FOWT generator by implementing a QBN model. The QBN was constructed based on an FT with 

22 qubits in the quantum circuit, evaluating the marginal failure probabilities over different service 

times. The results of 10 simulations showed that the approach achieved consistent results compared 

with the exact solution, with RMSE values close to zero in most cases. Future research should 

focus on the application of amplitude amplification techniques to estimate the conditional 

probabilities of rare events, which are difficult to observe using the standard QBN approach. 
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