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Abstract 

Wind power generation is motivated by environmental 

concern and exhaustion of fossil fuels. It is gradually 

becoming an irresistible source to meet the demands of green 

energy. Wind energy systems are complex structures and 

vulnerable to many possible faults. The fault detection at 

initial stage of occurrences of faults can lead to increase the 

performance of the wind energy systems and reduce the 

failures. This paper gives the comprehensive review of fault 

occurrences in wind energy systems, its diagnosis and recent 

progress in the fault management systems: condition 

monitoring (CM) systems and fault tolerant control (FTC) 

systems. The main objective of this study is to realize the 

existing methods for required levels of efficiency, reliability, 

and availability in high-capacity wind energy systems. 

 

Keywords: Wind turbine faults, condition monitoring, fault 

tolerant control, signal based method, model based method 

 

 

 

mailto:patil.ashwini@kbtcoe.org
mailto:agt.elec@coep.ac.in


Mathematical Statistician and Engineering Applications 

ISSN: 2094-0343 

2326-9865 

 

 
5135 

 
Vol. 71 No. 4 (2022) 

http://philstat.org.ph 

 

 

I. Introduction 

High-capacity wind energy systems (WES) are installed at remote locations. The complicated 

structure and stochastic wind as input causes various faults in the whole structure, which may result 

to major failure in the system [1]. If these faults are not detected early, it causes failure which is 

more acute in case of offshore wind energy systems. To increase the reliability, availability, 

economy and the most importantly safety, several techniques of fault management systems are used: 

condition monitoring and fault tolerant control systems. CM system stops the wind turbine at the 

occurrence of faults whereas FTC can maintain the working condition safely [2]. As the number of 

wind turbines is noticeably increasing, even a minor increase in efficiency of these wind energy 

system will increase the collective yield at large.  

Most of the wind power industries use CM systems that help to reduce the cost of corrective 

maintenance by early fault/failure detection [3]. Sensors are used to monitor the parameters like 

vibration, temperature continuously. The significant change in parameter condition indicates early 

fault detection which prevents subsequent damage[4]. It leads to shorter downtimes and less revenue 

losses [5]. FTC system maintains the system function satisfactorily even after the fault appears. This 

enables detection and replacement of faulty components, thereby reducing the down time cost [6]. 

FTC systems detect the fault, isolate it and provide an alternate physical or analytical redundant 

measurement. The common block in these systems is the fault diagnosis [7]. The methods used for 

fault diagnosis are: signal based, model based, and expert or knowledge-based methods. 

This paper gives an overview of wind energy system operation in different wind speed regions, 

faults occurrence in it, and the fault management systems used in it. 

 

II. Wind energy system control 

Wind turbines are classified according to its construction as horizontal axis wind turbines 

(HAWT) and vertical axis wind turbines (VAWT). Three bladed HAWT yields more electricity and 

so more popularly used in power industry [8]. It consists of the tower, nacelle, brakes, low-speed 

shaft, gear box, high-speed shaft, generator, rotor, anemometer, wind vane and yaw mechanism. 

Kinetic energy of wind is converted by bladed rotor to mechanical energy, transmitted it to generator 

through brakes, low speed shaft, gear box, high speed shaft and further converted into electrical 

energy. 

Variable speed wind energy system operates, with different dynamics, from the cut-in wind speed 

to the cut-out wind speed. It splits the wind turbine operation range in two: below rated called partial 



Mathematical Statistician and Engineering Applications 

ISSN: 2094-0343 

2326-9865 

 

 
5136 

 
Vol. 71 No. 4 (2022) 

http://philstat.org.ph 

 

 

load region and above rated called full load region, where the captured power must be limited to 

rated as shown power curve in figure 1 [9]. 

 

 

 

Figure 1. Power generated in different wind region 

 

When wind is low below cut-in wind speed, wind turbines are stopped as it is uneconomical to 

generate power. The partial load region is where the wind is more than cut-in wind speed and less 

than rated wind speed, wind turbine should produce maximum achievable power [10]. Generator 

torque is regulated to get maximum output power. 

At rated wind speed wind energy systems generate rated power. Full load region exists from rated 

wind speed to cut-out wind speed. Power generation is limited to rated power using an aerodynamic 

power control to avoid the structural and fatigue damage caused by great mechanical loads on the 

structure [10]. The power controller regulates the generator torque to track the rated generator power. 

Above cut-out wind speed, the wind energy systems may go in runaway condition and so are 

stopped. 

Stochastic wind is input to the WES causing frequent incipient (due to aging) or abrupt faults. The 

system has to be stopped if abrupt fault occurs. System can be operational even if incipient fault 

occurs, with less performance. In the next section the faults in the WES are discussed. 

 

III. Faults in wind energy system 

The system failure caused due to the faults occurrence in sensors, actuators and plant faults.  

Plant faults and its diagnosis:  

The faults in component: rotor hub, blades, tower, drive train, bearings, shaft misalignment, 

hydraulic systems, generator in WES cause mechanical failures lead to breakdowns. In rotor, 

asymmetries as well as fatigue, reduced stiffness, crack, increased surface roughness and 
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deformation of blades etc. lead to occurrence of faults. Probable faults in rotor hub and blades are 

blade corrosion, crack, serious aero-elastic deflection and rotor imbalance [11][12]. Long-term 

fatigue, pollution, icing leads to cracks on surface or in internal structure of blade which is monitored 

by using acoustic emission sensors installed on the blade [13]. For higher stable wind, height of 

tower is raised. Tower is designed in such a way that it should sustain vibrations and hold nacelle at 

stable condition. The storm, earthquake, lightening may cause failure of tower [14]. Poor 

manufacturing process, poor raw material used, improper installation, loading, harsh environment 

lead to structure damages, corrosion and crack. The time and frequency domains analysis of the 

vibrations of a tower can reveal its health condition [15].  

Gearbox in the drive train failures contribute to approximately 20% of the downtime [16]. It is 

caused due to faults in gear and bearing. It exceeds unacceptable rotor speed. Gearbox failure occurs 

due to design and material defects, shaft damage, shaft misalignment, torque overloads, surface 

wear, fatigue, gear damage, bearing damage, broken shaft, high oil temperature and leaking oil [17]. 

Characteristic vibration frequencies are induced by the bearings faults, which can be analyzed and 

faults diagnosed [18]. Most gearbox failures start from bearing faults [19]. Using gearbox and 

generator temperature data and generator speed data, a multiple linear regression model is formed. 

Faults can be detected by analyzing the stability of regression coefficient using five step Chow’s test 

[20].  

The faults in main shaft affect the shaft rotation and all other rotating parts connected to the shaft. 

This, in turn, affects the torque transmitted in the drive train and may excite vibrations in the rotor, 

gearbox and generator at certain characteristic frequencies [21]. Hydraulic system is used for drive 

motors in blades pitch system, yaw mechanism, and mechanical brake subsystems [22]. In hydraulic 

system various faults occur, such as, oil leakage and sliding valve blockage. These faults are 

diagnosed by pressure sensors and level sensors. The abnormal sensor reading indicates a fault in the 

hydraulic system.   

In electric generators and motors the failures are due to electrical faults caused by broken rotor 

bar, bearing failure, bent shaft, air gap eccentricity, and rotor mass imbalance. The mechanical faults 

are due to stator or rotor insulation damage or open circuit. The spectrum of the instantaneous power 

reveals relevant fault-related information than stator line currents [23]. The rotor shaft vibrations 

caused due to rotor electrical imbalance. Shaft displacement can be an indicator of the fault [24]. 

Stator electrical imbalance can be diagnosed by monitoring current and power output of the electric 
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machine [25]. The study of variations of the harmonic contents of electrical signals is used to detect 

the stator electrical imbalance.  

Control system faults:  

Control systems consist of sensors, controller, transmitters and actuators. Control system faults 

can be in hardware as good as software. The hardware failure modes include sensor faults, actuator 

faults, failure of controllers (control board), communication links, etc. The model based methods and 

the analysis of signals acquired by the control sub-systems are used to diagnose the hardware faults. 

Software faults are identified by diagnosing codes in the software. Wind turbine control systems are 

used for avoiding excessive mechanical loads, maximization of energy capture, and power quality 

[26].  

The sensor failure cause more than 14% of failures in wind turbine [16]. Pitch sensor fault causes 

imbalances in rotor plane. Faults in speed sensor and converter sensor cause deviation of expected 

output to random output. Pitch actuators are basically of two types: electric and hydraulic. Pitch 

angles are adjusted by hydraulic actuators through a hydraulic system as it’s size can be reduced and 

it offers rapid response [27]. The converter fault causes low output power. It also causes slow 

actuation and change in dynamics. Some faults are very serious result in a fast safe closedown of the 

WES and other can be accommodated by the controller [28]. 

The next section discusses the various fault management systems. 

 

IV. Fault management systems in WECS: Fault tolerant control and Condition monitoring 

systems 

Recent wind energy control systems are equipped with CM systems. The operating conditions of 

the wind turbine are monitored using different sensors and faults are detected, isolated and 

determined. Using available information predictive maintenance is performed. Most CM  systems 

are signal based and utilize e.g., vibration analysis to detect and isolate faults. Various other signal-

based approaches utilized in wind turbines are found in [29]. WESs are mostly shut down in case of 

fault occurrence by using CM system 

A fault-tolerant control system prevents component failures from becoming system level failures. 

However, the control system is allowed to have degraded performance in some cases when exposed 

to a fault. Fault changes the characteristics of a component and failure causes a component to be 

completely dysfunctional. Due to limited resources and lack of optimal solutions under real-world 

constraints, there exist ample scope of research and development [30]. 
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Fault Tolerant Control methods in WECS: There are mainly two types of FTC methods. Signal 

based control and model based control. 

Signal based methods:  

These are based on the analysis of measured output signals. An appropriate feature of the 

measured signals evaluates the operating conditions. These methods are particularly interesting for 

vibration detection. 

Signal based CM systems are numerously available in WES for mechanical and electrical faults in 

blades, gearboxes, generators and bearings. The algorithms and architectures are implemented based 

on sensor measurements and efficient monitoring of the machines is done. The faults in gearboxes 

are analyzed by monitoring the vibration, temperature, lubricating fluid level, and oil cleanliness. 

The most commonly used is acceleration sensor [31]. The vibro-acoustic analysis is currently 

popular for diagnosing mechanical faults in gearbox and bearings. The use of discrete wavelet 

transforms (DWT) reduce noise in highly variable shaft torque and speed signals. The continuous 

wavelet transforms (CWT) can extract time-frequency features correctly from the highly variable 

wind turbine signals used for feature extraction [32]. However, a number of transducers are involved 

in this approach causing high capital cost. 

Drive train faults can be detected using generator terminal quantities through current and voltage 

transformer without using additional sensors [32].  

In [33], demodulated current signal of an induction motor driving a multistage gearbox has used 

for detecting faults using amplitude demodulation and frequency demodulation  

The generator and drive train fault detection includes electrical quantities signature analysis 

(current, power), vibration, temperature and oil monitoring. [34]. 

The steady-state spectral components of stator (voltage, current, and power) are used for 

condition monitoring of induction machine to detect turn faults, broken rotor bars, bearing failures 

and air gap eccentricities [35]. The bearings faults are monitored by vibration. More effectively the 

stator current signal the first Intrinsic Mode Function (IMF) is used for a generator bearing fault [36]. 

Limitations of Signal based methods:  

The signal based approach use hardware/physical redundancies of multiple sensors, actuators to 

measure or control a particular variable. Redundant system decides when and where the fault has 

occurred using voting scheme applied to the hardware. But the hardware redundancy require extra 

equipment, maintenance cost and additional space to accommodate the equipment.  
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Figure 2. Model based and signal based fault diagnosis 

 

Figure 2 shows hardware and analytical redundancy. In model based approach analytical 

redundancy is used. As no additional hardware is used, analytical redundancy is potentially more 

reliable than hardware redundancy. Additional components are not required to realize fault detection 

and isolation (FDI) algorithm which is a major advantage of model based approach.  

The signal based method using vibration signals are generally more versatile. But vibration 

sensors are not reliable to use as they have a wide variety of dynamic ranges and sensitivities [37]. 

Model based methods:  

In these methods the process parameters are estimated with the help of input-output 

measurements and plant model. The residuals are generated by comparing the estimated parameters 

and real parameter sets. These are used as fault indicators. These residuals are used to obtain the 

desired fault-detection and isolation properties. Model-based techniques require an accurate 

mathematical model of the process. Different model-based methods are system identification and 

parameter estimation, parity relation approach, observer based, unknown input observers and 

residual generation, etc.  

Parity relation approach:  

In [38] a set membership approach has used for fault diagnosis in wind turbines. Parity equations 

are formed for the detection of faults. The residual is evaluated by calculating the difference between 

process output and model output. By checking consistency between measurements and model, the 

fault is detected. Analyzing the observed fault signatures on-line and matching them with the 

theoretical ones obtained using structural analysis, the fault isolation algorithm analyzes the fault 

occurrence. The main drawback of this detection test is that the number of constrains that define 
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grows with data. The decisions are taken using up-down counters based on the fault residuals 

generated through physically redundant sensors, parity equations and common filtering [39]. Its 

advantages are fast detection and minimal false alarms without implementation of more complex 

filtering and detection techniques on residuals. It covers almost all sensors and actuators required in 

drive train, rotor and pitch system. In [40] a bank of fault isolation estimators employed to determine 

the particular fault type. An isolation estimator is designed based on a particular fault scenario under 

consideration. Two sensor measurements are used and threshold is checked for detecting fault. 

Fault detection filter using a data-driven model:  

A data-driven model extracts data from sensor measurements. The feature from these 

measurements is fed into a dynamical clustering algorithm. The latter learn process behaviors 

characterized by clusters. It has ability to update the parameters of these clusters. These parameters 

are used as health indicators for diagnosing the drive train faults. It consists of five phases: initial 

processing on sensor measurements, feature estimation, dynamical clustering, health indicators and 

decision scheme for fault detection and isolation (FDI) [41]. Data-driven design method produces 

FDI filters directly based on the simulated data from the benchmark model. Fault isolation scheme is 

developed by using hardware redundancy in the plant. Based on this, a bank of robust data-driven 

detection filters are designed for the benchmark and implemented, simultaneously. The limitation of 

this method is the FDI scheme has to be incorporated with controller reconfiguration [42]. In order to 

enhance the wind turbine diagnosability properties and to optimize the sensor network design, [43] 

has proposed sensor graph representation of the system. This sensor graph is used to study the 

diagnosability and evaluate fault tolerance in different cases of sensors distribution.  

In [44], the generalized likelihood ratio (GLR) test and the associated statistical fault detection 

tools are used to detect and isolate faults in the wind turbine benchmark problem. For each of the 

fault, an accurate detection and isolation of the fault within the stringent time constraints are set. 

Inaccurate measurement of wind speed, high nonlinearities in the drive train model and correlated 

process and measurement noises are dealt which are the critical issues. 

Closed loop identification technique:  

Mathematical model is developed based on closed loop identification technique that includes 

wind dynamics. Kalman filter is used for residual generation further used for fault detection [45]. 

The fault isolation is done with the help of dual sensor redundancy. This approach is used for rotor 

blade moments sensor fault detection large scale wind turbine.  
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Observer based method:  

There are at least four common problems caused by sensors. First, sensors cost can raise the total 

cost of a control system as the sensors are expensive. Most of the times, the sensors and their 

associated cabling are very expensive components in the system. Second, sensors and their 

associated wiring reduce the reliability of control systems. Third, some signals are impractical to 

measure e.g., the temperature of a motor rotor. Fourth, sensors usually induce significant errors such 

as stochastic noise, cyclical errors, and limited responsiveness. In this method, observers are 

designed using mathematical model. Observers design combines the sensed signals with other 

knowledge of the control system to produce observed signals. These observed signals are accurate, 

economic and more reliable than sensed signals [46]. Better the designed mathematical model, better 

will be the reliability and performance of FDI. In order to achieve robustness in FDI, the residuals 

should be insensitive to uncertainty, whilst sensitive to faults [47]. 

An important component in modern wind turbines is converter. The generator torque is an 

important parameter for control point-of-view, but is difficult to measure. The generator 

measurement normally provides the torque acting on wind turbine generator, as well as measurement 

of the torque. An unknown input observer is used to estimate the faults in the converter [48] based on 

benchmark model. In unknown input observer based method, the input parameter is estimated which 

is not accurately measurable. It increases the robustness. 

The FTC scheme based on the estimates of generator speed using bank of unknown input 

observer is simple and accurate [49]. It uses the healthy sensor measurement for unknown input 

observer design. It is ensured that even if the healthy sensor measurement used may contain offset, it 

does not cause the generator speed to shoot above maximum limit. Fault detection and isolation and 

FTC of wind turbines is obtained using the set-valued observers [50]. But the computational 

expenses of this algorithm are more. In [51], an approach based on interval observers has used for 

FDI of wind turbines. Fault detection is proposed using interval observers. The unknown but 

bounded descriptions of the noise and modelling errors, while fault isolation is based on a row 

reasoning approach. Polynomial observer is synthesized to estimate fault [52]. In [53], a control law 

based on a number of interconnected nonlinear observers are proposed. Sliding mode observer 

(SMO)-based fault detection and isolation (FDI) scheme for wind energy system is proposed in [54]. 

With this method the actuator faults in pitch systems of the wind turbine are transformed as sensor 

faults. A reduced order model of the drive train system is constructed to eliminate the effects of 

unknown aerodynamic rotor torque. In [55] the method based on designing a nonlinear observer 
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using State Dependent Differential Riccati Equation (SDDRE) and a nonlinear model of the 5MW 

wind turbine has proposed. The care is taken while designing fault detection system that it should be 

more sensitive to system faults and not to the system noises. 

Linear Parameter Varying (LPV):  

LPV-based active and LPV-based passive FTC systems proposed in [56]. These methods are used 

for changed dynamics of the pitch system and loss of the generator speed measurement in full load 

operation. An AFTC relies on a fault diagnosis system, which is expected to feed information about 

the faults to the controller. This knowledge makes it possible for the AFTC to reconfigure according 

to the current state of the system. The active FTC system is slightly superior to that of the passive. 

But the errors in model may introduce a risk of false positive and false negative diagnosis. 

Comparatively the false decisions are less likely done by PFTC and the detection is done very fast. 

These LPV-based design controllers demonstrate that it is possible to add robustness and fault-

tolerant capabilities to a nominal LPV controller by utilizing unified linear matrix inequalities (LMI) 

based design method [57]. LPV systems with the help of recent advances in the set value observers 

(SVOs) theory used for FDI and FTC methodologies to invalidate dynamic models. The limitation of 

this strategy is that it depends on the availability of large computational resources [58].  

Model predictive controller (MPC):  

Model reference adaptive fault-tolerant control is another model based FTC. This control strategy 

is applied to solve the problem of pitch angle regulation of wind turbines in presence of actuator 

failures, disturbances and modelling uncertainties for a class of nonlinear systems. This fault tolerant 

controller does not reply on a prior information regarding the instance of failure, failure pattern or 

fault size. This method is applied to wind turbine pitch control to alleviate the asymmetric rotor loads 

without reducing efficiency of the energy capture from wind [59]. The global model predictive 

controller which is an active FTC proposed to schedule the operation of the components and exploit 

potential system-level redundancies [60]. In MPC an adaptive internal model combined with a 

parameter estimation and the mechanism is updated, such as an extended version of Kalman filter. 

This scheme has been used for pitch system faults [61]. Based on dual multivariable model-

free adaptive control strategy, a passive FTC is designed for pitch control in [62]. In [63], model-

based predictive controller for FTC is proposed for wind speed sensor fault when the turbine 

operates in partial load region. Both hardware and analytical redundancy are utilized in this 

approach. For the wind speed sensor fault, the Least Squares Support Vector Machine (LS-SVM) has 

proposed for the fault detection and isolation (FDI) unit.  

https://www.sciencedirect.com/topics/engineering/adaptive-control-system
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H∞ optimization-based (Frequency domain design for model-based FDI) 

An H∞ optimization-based approach for the detection and isolation of faults in a horizontal axis 

wind turbine using benchmark model is presented in [64]. In this method, primary residuals are first 

generated from a parity equation approach and then passed onto a robust secondary residual 

generation or filtering scheme. The robust scheme attempts to remove undesirable cross-coupling 

between fault-residual pairs and accommodates the strong aerodynamic nonlinearities and modelling 

uncertainties. Using H∞ tools derived by linear robust control theory the robust schemes are 

obtained. 

In model based methods the perfectly accurate and complete mathematical model of physical 

system is required which is not easily available. The characteristics of the disturbances and noise are 

unknown and cannot be modelled accurately. Robustness in a model based approach must be 

increased by including all possible aspects [65]. 

Expert systems or knowledge-based methods:  

Sometimes a process is too complex to be modeled analytically and a regular signal analysis 

approach may not yield a reliable scheme, e.g., certain fault combinations have different effects on 

the system behavior. It is then possible to classify the faulty behavior by using qualitative process 

knowledge to evaluate relations between measured signals and the current operating conditions. 

In application of knowledge-based techniques, a learning process for each individual component 

of wind energy control system is required for fault detection. In these methods the trends are 

developed, without necessarily linking cause to fault effects. In [66], the data-driven approach for the 

identification, fault detection and isolation of a wind turbine model is proposed. In order to detect the 

faults in the converter and isolate them either to be an actuator or a sensor fault a diagnosis strategy 

is based on fuzzy prototypes.   

Fuzzy techniques are proposed to combine information from different measurements. Event-

triggered mechanism based on Takagi–Sugeno (T–S) fuzzy model, is designed for nonlinear control 

for WES. Using Lyapunov stability theory, the parameter expression of FTC with event-triggered 

mechanisms is designed which is a feasible solution of linear matrix inequalities. It improves the 

robustness and reliability of wind energy control system [67]. 

The "Takagi-Sugeno" (TS) fuzzy model with parametric uncertainties is designed for modelling 

the nonlinear wind energy control systems and establishing fuzzy state observers for sensor faults 

[68]. For robust Active Fault Tolerant Fuzzy Control (AFTFC), a multi-observer switching control 

strategy is proposed. 
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In [69] the approach for wind energy control system monitoring where the diagnosis is done using 

neural networks. In [70] the Kalman filter is used for fault detection of the blade pitch system. The 

Artificial neural network (ANN) builds the predictive model with training, validation and test 

procedures. 

 

V. Conclusion 

This paper has provided the review of the occurrence various faults, its diagnosis methods and 

fault management systems for wind energy system. The CM systems are useful for predictive 

maintenance to avoid failure which are abundantly available in the literature. Fault tolerant control 

systems are considerably less represented in literature as compare to CM systems.   

There are numerous signal based methods available in the literature for diagnosing the mechanical 

faults. Available methods include: Using number of sensors the data is collected and analysed and 

another method by analysing the generator terminal current and voltage using various techniques 

which is comparatively more effective and also economic than first. 

The model based methods are equally reliable and economic. For that the mathematical model 

must be accurate and suitable for designing control systems. The model-based fault tolerant control 

systems used in the literature are  

Observer based fault diagnosis and fault tolerant control systems are designed using benchmark 

model. These fault tolerant control systems are robust, least sensitive to the system disturbances and 

noises. For designing an observer, the set of healthy sensors are used. For generator speed sensor, 

even if healthy sensor measurement used consists of offset, it does not cause output to shoot above 

maximum limit. Using bank of observers, the observer is chosen corresponding to the present fault 

situation. In wind energy systems the drive train and generator are prone to number of mechanical 

faults due to misalignment, damaged gear and bearings. Especially in partial load region, the faults 

cause increased friction due to improper lubrication and irregular maintenance where the shaft speed 

is variable. At variable rotational speed, these losses vary strongly with torque transmission. Looking 

at the drive train sensitivity to the faults, it becomes necessary to consider it in the mathematical 

model. 

The sliding mode observer-based fault tolerant control system is based on the observer designing. 

These are designed for pitch system faults. 

Linear parameter varying method is designed effectively for full load region and not for partial 

load region. Model predictive fault tolerant control systems are used in benchmark model 
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particularly designed for pitch system fault in full load region and for wind speed sensor fault in 

partial load region.  

An H∞ optimization-based approach for the detection and isolation of faults is designed for all the 

nine faults specified in benchmark model. The limitation of this method is that the detection time 

required is more.   

In the expert or knowledge-based fault tolerant control systems qualitative process knowledge is 

required. Few papers have presented observer based T-S fuzzy control system.  

It motivates to study and develop the model based fault tolerant control system and an accurate 

mathematical model for designing it. While designing the mathematical model, frequent mechanical 

faults should be considered so that the design should be robust and efficient. 
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