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ABSTRACT

The increasing growth of wind energy and installation of turbines offshore sets 

higher expectations on the reliability of wind turbine systems. During its operation, a 

wind turbine is prone to various types of failures that disturb its normal operation and 

introduce unplanned maintenance costs. Monitoring the resilience of wind turbines 

starts with recognizing faults when they occur. Fault Detection (FD) has been an 

active held of research for a few decades now. but its application to wind turbines has 

only gained interest among researchers in the last decade, with an ascending number 

of related publications since 2009.

Model-based sensor FD typically relies on physical redundancy in the sense that 

detecting a faulty sensor is contingent on comparing its behavior to a corresponding 

redundant sensor (that measures the same quantity). Comparable detection schemes 

based on measurements from a single sensor would alleviate the need for sensor re

dundancy to solve the FD problem, and potentially result in cost reduction.

The objective of this thesis is to detect sensor faults using measurements from a 

single sensor instead of multiple redundant sensors, with comparable results to the 

existing redundancy-based methods. A 4.8 MW wind turbine benchmark model is 

used for simulations. The sensor faults considered include: stuck sensor faults, offset 

faults and scaling factor faults. Single sensor fault detection schemes are designed 

for each of the fault types using change detection techniques such as the CUSUM LS 

algorithm. The performance and robustness of these schemes are assessed based on 

criteria such as the speed of detection, limited false alarms, and no missed detections. 

A single-sensor-based Fault-Tolerant Control scheme is also proposed to reconfigure 

the controller in the event of a fault, and simulation results are provided.
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CHAPTER 1 

INTRODUCTION

The reliability of wind turbines is gaining more interest as more wind turbines are 

installed, especially offshore where the operating environment is more severe and less 

accessible. During its operation, a wind turbine is prone to various types of failures 

that disturb its normal operation and introduce unplanned maintenance costs and 

safety hazards (Amirat et al, 2009; Hameed et al, 2009). Reliability can be enhanced 

using better techniques for detecting faults when they occur.

Fault Detection (FD) is an active held of research, but its application to wind 

turbines remains less mature than in other industries. FD techniques can be classified 

into model-based and data-based. Model-based methods use a mathematical model of 

the system to perform FD in real-time, and commonly use state estimation, parameter 

estimation and/or parity space techniques. Data-based methods are model-free and 

generally based on signal processing methods (Zhang & Jiang, 2008).

Sensor faults affect the reliability of wind turbines, especially as sensors are often 

used in feedback control, for example for speed regulation and load reduction. In the 

worst case, faulty measurements may lead the controller to increase loads (Odgaard 

et al, 2009; Wei et al, 2010), and detecting sensor faults becomes essential to prevent 

damage to the turbine. Sensors also start failing early in the lifetime of a wind turbine, 

before most of the other components of the turbine (Walford, 2009), as shown in 

Figure 1.1, so detecting sensor faults is of interest, although the associated repair 

cost is lower than for the other components.

1.1 Previous FD M ethods for W ind Turbines

Previous work in model-based FD for wind turbines has been largely based on 

Kalman filtering. Actuator faults in a wind turbine are detected by Donders (2002)

1
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Figure 1.1: Wind turbine components: Failure risk (industry average). Reproduced
with permission from Walford (Walford, 2009)

using Kalman filtering and IMM (Interacting Multiple-Model) techniques. The es

timation of a multiplicative actuator fault in a wind turbine using Kalman filtering 

is presented by Mesic et al. (2003). Faults in wind turbine converter are detected 

by Odgaard & Stoustrup (2009) using an unknown input observer. The sensor Fault 

Detection and Isolation (FDI) problem is solved by Wei et al. (2010) for the flapwise 

blade bending moment sensors for a wind turbine, using dual redundancy sensors. 

A pitch misalignment fault is detected using a Kalman filter and a CUSUM test by 

Dolan (2010). Sensor FD methods for Doubly-Fed Induction Generators in a wind 

turbine are provided by Carillo (2010) and Rothenhagen & Fuchs (2009). A method 

for sensor FD using H infinity methods is proposed by Liu et al. (2008).

The model-based sensor FD methods for wind turbines by Dobrila & Stefansen 

(2007), Wei et al. (2010), Ozdemir et al. (2011), and Chen et al. (2011) rely on physical 

redundancy since detecting a faulty sensor is contingent on comparing its output to 

an additional, redundant sensor which is installed to measure the same or a closely- 

related quantity. Such FD methods are referred to in this thesis as “redundancy- 

based” methods. Sensor redundancy is commonly used in industry to increase a 

system’s reliability, by assisting with the processes of FD and Fault-Toler ant Control

2



(FTC) (Zhang & Jiang, 2008). FD methods to detect faults on the same wind turbine 

benchmark model used in this thesis (Odgaard et al, 2009) have been published as 

part of the 18th IFAC World Congress, and they rely on physical redundancy for FD 

(Chen et ai, 2011; Ozdemir et al, 2011; Simani et ai, 2011; Zhang et al, 2011).

Redundancy can be classified into two types: physical (hardware) redundancy 

and analytical (software) redundancy. Physical redundancy in the context of sensors 

is the use of a sensor set consisting of multiple identical sensors measuring the same 

quantity; if one of the sensors in the set is faulty, the other redundant sensors are used 

to reduce the effect of the fault on the produced measurement . Analytical redundancy 

uses functional relationships between variables in the system’s model to perform FD 

and FTC (Gustafson, 2000; Patton, 1998; Zhang & Jiang, 2008).

Although physical redundancy is omnipresent in fault-tolerant systems, the value 

of analytical redundancy has been highlighted ever since it was introduced by the 

aerospace industry. According to Zhang & Jiang (2008), analytical redundancy can 

possibly reduce the dependence on hardware redundancy when designing FD methods. 

Also, FD methods based on physical redundancy would fail to successfully detect 

the fault in the case when all redundant sensors in the sensor set simultaneously 

experience a fault.

1.2 Scope and Problem  D efinition

This thesis proposes single-sensor-based approaches to detect three types of sensor 

faults in the FD benchmark model of a 4.8 MW three-bladed horizontal-axis wind 

turbine with variable speed (Odgaard et al, 2009). Three types of sensor faults (stuck 

sensor fault, offset sensor fault, and scaling sensor fault), and two types of sensors 

(blade pitch sensor, and generator speed sensor) are examined. The performance and 

robustness of the proposed single-sensor-based methods are evaluated based on a set 

of criteria, under different model uncertainties.
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Although the majority of this thesis examines FD, Chapter 5 briefly explores 

a Fault-Tolerant Control (FTC) scheme for the generator speed sensor fault, using 

measurements from a single sensor. FTC refers to a control scheme that automatically 

accommodates faults while maintaining stability and desirable performance during 

faults (Zhang & Jiang, 2008). Such systems are said to “tolerate” faults and are 

called Fault-Tolerant Control systems (FTC systems). In contrast with a passive FTC 

system, an “active FTC system” (AFTCS) reacts to a detected fault by reconfiguring 

the controller accordingly to maintain normal operation during a fault (Zhang & 

Jiang, 2008). By definition, active FTC systems requires FD as a prior step to 

reconfigurable control, which motivates the choice of active FTC systems over passive 

FTC systems in this thesis. More background on FTC is provided in Chapter 5.

Research is relatively limited on the design of FDD with the intent to include it 

in an integrated AFTCS that comprises both detection and Reconfigurable Control 

(Zhang & Jiang, 2008). Ideally, the FDD scheme needs to be designed jointly with 

a reconfigurable control scheme that uses the FDD results (Patton, 1998). The joint 

design of FD and FTC is out of the scope of this thesis, and FTC simulation results 

(that use the output of the proposed FD scheme) are presented solely to illustrate 

the suggested single-sensor-based FTC strategy.

1.3 M otivation and Thesis C ontribution

The problem defined in this thesis is motivated by the dependence of most model- 

based sensor FD schemes for wind turbines on the comparison of the behavior of two or 

more sensors that measure the same quantity. This redundancy is central to the design 

of FD and FTC schemes to the extent that earlier reports state that “in principle, 

in order to achieve fault-tolerance, system redundancy is necessary” (Patton (1998), 

p:1035). This dependence on physical redundancy, combined with the considerable 

cost of sensors in a wind turbine, suggests the investigation of another class of FD 

methods that do not depend on physical redundancy to detect sensor faults.

4



The single-sensor-based FD paradigm proposed in this thesis substitutes analyt

ical redundancy for the physical redundancy of redundancy-based FD schemes. If 

results attained using measurements from a single sensor are comparable to those 

from redundancy-based methods, sensor redundancy will no longer be necessary in 

FD, and significant cost savings in expensive sensors will potentially follow.

Simplicity in the overall sensor fault diagnosis process is another promising advan

tage of single-sensor-based over redundancy-based FD. The FDD process for sensor 

faults can be summarized in three steps (Donders, 2002): (1) Fault Detection notifies 

of a failure in some (unknown) sensor in the sensor set, (2) Fault Isolation specifies 

which one of the redundant sensors in the set failed, as well as the fault type, and (3) 

Fault Identification indicates the magnitude or signature of the fault. It is reasonable 

to omit the step of Fault Identification for critical sensor faults, since the wind turbine 

is typically shut down to replace these faulty sensors soon after detection (Johnson & 

Fleming, 2011). In the case of redundancy-based schemes, the FDD process reduces 

to Fault Detection and Fault Isolation. The latter task of isolation is deemed chal

lenging for many FDD methods (Wei et ai, 2010). For a single-sensor-based scheme, 

Fault Isolation is not applicable since the faulty sensor is inherently determined in 

the FD step. In other words, the use of a single sensor changes the meaning of sensor 

FD to the composite task of indicating that a sensor failed and which sensor failed in 

one step.

Single-sensor-based FD using a data-based approach has been explored by Ren 

et al. (2011) using Kernel Principal Component Analysis and wavelet transforms. 

Another method for single-sensor Fault Detection and Identification using Bayesian 

Belief Networks is proposed in Mehranbod (2002).

Regarding the choice of the sensor types studied in this thesis, faults in the blade 

pitch sensor are characterized as some of the most severe failures in the two-bladed 

Controls Advanced Research Turbine (CART2), and they may require an emergency



stop (Johnson & Fleming, 2011). Faults in the generator speed sensor can also cause 

severe operational problems for the turbine since the turbine’s rotational speed is 

usually used in feedback.

One of the essential contributions of this thesis is to explore the question of 

whether and when the FD and FTC problems can be solved using a single sensor 

while achieving performance similar to the redundancy-based methods. The ratio

nale is to reduce costs induced by the redundant sensors, and to simplify the processes 

of FD and FTC. In general, the application of FD and FTC techniques to wind tu r

bines is a relatively new research area, and this thesis falls under the efforts to explore 

that application area.

The contributions of this thesis can be summarized as follows:

• Designed a sensor FD scheme that is based on measurements from a single 

sensor, and as such does not depend on the physical redundancy of sensors 

to detect faults. The simplicity of the FD scheme eliminates the need for the 

laborious process of Fault Isolation.

• Assessed the performance of the single-sensor-based FD scheme using simula

tions on a wind turbine benchmark model, under different conditions of model 

uncertainty and two different wind speed inputs.

• Investigated the ability of the single-sensor-based approach to produce satisfac

tory FTC simulation results.

The thesis is organized as follows. In Chapter 2, the models of the wind turbine 

pitch drive and the drive train are described, and the three fault types (stuck sensor, 

offset fault, and scaling fault) are defined. In Chapter 3, the suggested approach for 

single-sensor-based FD is formulated, the FD models and FD methods are described, 

and simulation results are presented. Chapter 4 consists of remarks on the robustness

6



of the proposed methods. In Chapter 5, a Fault-Tolerant Control method using a 

single sensor is examined and simulation results are presented.
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CHAPTER 2 

WIND TURBINE MODEL DESCRIPTION

This chapter describes the simulation model of a wind turbine containing sensor 

faults, on which FD methods are tested. Values of all system parameters and other 

related variables and matrices are provided in Appendix A.

2.1 M odel D escription

A horizontal-axis turbine primarily consists of a rotor placed on top of a tower. 

The rotor converts wind to rotational energy thanks to the motion of the rotor shaft 

(low-speed shaft) which drives the generator, thus producing electrical energy. The 

blades are connected to the rotor shaft at the hub via the blade pitch drive. The 

blades pitch at an angle about their longitudinal axis, and pitch control is used to 

control the rotor speed and the generator power. The drive train consists of the 

gearbox and the generator shaft (high-speed shaft) in addition to the rotor shaft, the 

rotor hub and the pitch drive (Hau, 2005). For more information on wind turbines 

and their control, the interested reader is referred to Hau (2005) and Pao & Johnson 

(2011).

The wind turbine model used in this thesis is a wind turbine benchmark model 

developed by (Odgaard et al, 2009) specifically to simulate FD and FTC methods, 

and is referred to in this thesis as “the benchmark model.” The model is built using 

M atlab’s Simulink modeling and simulation tool, and has been made publically avail

able as part of a FD competition. The benchmark model captures many important 

features of the wind turbine, including some of the nonlinear aerodynamic behavior, 

actuator models, and linearized dynamics of many components. It also includes a 

baseline controller valid throughout the turbine’s operational modes.

9



The benchmark model comprises a wind turbine system, a baseline controller, 

and simulates a set of sensor faults, actuator faults and system faults. The modeled 

wind turbine is a three-bladed horizontal-axis wind turbine, with variable speed and 

a rated power of 4.8 MW. The benchmark model is discrete-time and has a sampling 

time of Ts = 0.01 s.

The wind turbine system can be represented as a set of interacting subsystems: 

blade pitch drive, aerodynamics, drive train, generator, and converter. The operation 

of the system is controlled by a baseline pitch and torque controller described in 

Section 2.1.3. An overview of the wind turbine model and the relations between its 

subsystems and the controller is shown in Figure 2.1.

^ wind

m
Pitch Driver.m

Aerodynamics

ref

g,ref

Fault

g .m

r;m

m

Converter Generator

Drive
Train

Baseline
Controller

Sensors

Figure 2.1: Wind Turbine Model Overview according to the benchmark model. The 
signals affected by sensor faults discussed in this thesis are shown in thicker lines

In Figure 2.1, vwind (m/s) is the wind speed, ujr (rad/s) is the actual rotor speed, 

ujg  (rad/s) is the actual generator speed, r r  (N) is the rotor torque, Tg  (N) is the 

generator torque, Pg (W) is the generator power, Prated (W) is the rated power, 

(5 (deg) is the actual blade pitch angle. The additional subscript “, m ” indicates the 

measured value of the variable.
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Two types of sensors are considered for FD in this thesis: the pitch angle sensor 

and the generator speed sensor. The corresponding subsystems in Figure 2.1 are the 

pitch drive and the drive train, which are described in detail in Sections 2.1.1 and

The sensors are modeled by adding a band-limited white noise to the actual value 

of the measured quantity. The measurement noise is characterized by a noise power 

Np and the corresponding noise covariance R, where the latter is approximated by: 

R = Np/T s . Values for both variables are provided in Appendix A for each of the 

sensors.

2.1.1 P itch  Drive M odel D escription

In a wind turbine, the blades are subject to a torque rr , according to the nonlinear 

system aerodynamics described by Equation (2.1) (Odgaard et al, 2009)

where r (m) is the radius of the blade, Cq is the torque coefficient, and A defined as: 

X = (ljt - r ) /v wind is the tip speed ratio.

The three blades of the turbine in the benchmark model are allowed to pitch 

independently to fii, fa, and fa, which results in the modified aerodynamic torque:

where rw is the value of the torque acting on the blades of index i.

Figure 2.2 shows a model of the pitch drive used by the benchmark model. The 

modeled pitch drive is a hydraulic piston servo system and is modeled as a second 

order closed-loop system as in Equation (2.3) (Odgaard et al, 2009).

2 . 1 . 2 .

(2 . 1)
2

3

(2 .2)
i = l
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Fault

ref
ml avg

AveragingPitch
Drivecontroller

Baseline

sensor 2

Pitch  
sensor 1

Pitch

Figure 2.2: Pitch drive model according to the benchmark model

Æ L  = (2 3)

where ujn is the natural frequency of the pitch drive servo system and (  is its damping 

coefficient. The output is the actual pitch angle (3 and the control input is denoted 

by

As shown in Figure 2.2, the wind turbine of the benchmark model is equipped 

with two redundant pitch sensors for each of the wind turbine’s three blades. The 

measurements from pitch sensors 1 and 2 are denoted by (3ml and /3m2, respectively. 

Due to the single-sensor nature of this research, only (3mi, a measurement from a

single sensor, is used to detect a fault in pitch sensor 1.

A state space representation of the pitch drive is given by Equation (2.4):

% bp,k+ l A-bpXbp^k T  BbpUbp^k (2-4)
P m l , k  — CbpXbp^k T  'ft'bpl,ki

where Â p is the state matrix, B^p is the control matrix, and Cbp is the output matrix. 

The direct feedthrough matrix is zero for the state space representations of both 

the pitch drive and the drive train (Equation (2.16)). The discrete time index is de

noted by k and is the measurement noise for sensor 1. For illustration purposes, 

the output equation presented is for measurement ^mi, although measurement /3m2 

from the second sensor can be used equivalently.
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The actual pitch angle (3 is given in Equation (2.5)

(2.5)

The control input u ^ k  can be expressed as (refer to Figure 2.2):

Ubp,k (3ref,k T  0 f , k

f i f ,k  — (3k ~  (3avg,k

— -(^ml,k +  An2,k)

=  /)re/,k +  CbpZbp,k — +  /3m2,k)

(2 .6)
(2.7)

(2 .8)

(2.9)

where (3ref k̂ is the reference pitch angle, (3avĝ  is the average of the two redundant 

pitch measurements, and (3f^ is the feedback pitch angle, an internal variable that 

models the pitch angle error caused by sensor faults.

Combining equations (2.4) and Equation (2.9), the state space representation of 

the pitch drive becomes:

When there is no fault is any of the measurements f3mi and /3m2 ( “fault-free” case), 

the redundant measurements are identical except for different random values of the 

additive Gaussian measurement noises (sensor noises) which corrupt the actual pitch 

angle (5 as shown in Equation (2.12):

In the fault-free case, the state space representation of the pitch drive is given by 

Equation (2.13) (derived from Equations (2.12) and (2.10)):

(2 .10) 

(2 .11)

(2 . 12)
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%bp,k+l — AbpXbp̂ k +  Bbp((3ref̂ k — -nbpi,k — %^6p2,A:)

0ml,k Cbp%bp,k ^bpl,k

(2.13)

(2.14)

The inputs to fault-free state-space representation can be formulated as a sum of 

a control input term and a disturbance input term stemming from the measurement 

noises. Hence, the fault-free state space representation is given by Equation (2.15):

2.1.2 Drive Train M odel D escription

Figure 2.3 shows a schematic of the elements that constitute the drive train model. 

The term “drive train model” is used, by extension, to refer to the model containing 

the drive train as well as the generator and converter. For simplicity, only one sensor 

block is used to represent the two redundant sensors (for generator speed, rotor speed, 

and generator power) contained in the benchmark model and whose measurements 

are averaged. In the proposed FD scheme, only one generator speed sensor is assumed 

to be available.

The drive train is modeled in the benchmark model (Odgaard et a/., 2009) by 

a two-mass model (Equation (2.16)), where r r and Tg denote the rotor speed and 

the generator speed obtained from the aerodynamic model and the converter model, 

respectively.

(2.15)

Tl'bp2,k

Xdek+1 AdtXdt,k T  Bdt
9.

(2.16)

A more detailed representation is given by:
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Figure 2.3: Drive train model according to the benchmark model

(jjr UJr -

“g =  A dt UJg +  Bdt Tr

T9__9a (< ) .

Adt

B r - B dL

B d t  =

Jr

VdtBdt
N g J r

V;
Bdt
N 9

No

-K,dL

VdtKdt 
N 0 Jr

(2.17)

(2.18)

(2.19)

where 6a  (deg) is the drive tra in ’s torsion angle, Bdt is the drive tra in’s damping 

coefficient, B g is the high speed shaft’s viscous friction, Ng is the gear ratio, Jg is the 

high speed shaft’s moment of inertia, and is the drive tra in ’s efficiency.

The converter and the generator are modeled by Equations (2.20) and (2.21), 

respectively, where Pg is the generated power, and rjg is the generator’s efficiency..

Tg(s ) _  Qtgc 
7 g , r e / ( s )  S  T  Otgc

(2 .20)
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P g ( t )  =  r]gÜJg( t ) Tg( t ) , (2.21)

2.1.3 Baseline Controller

The baseline pitch and torque controller operates in three operating zones or 

regions in normal operation, plus a high wind speed zone (Odgaard et al, 2009). The 

nomenclature typically used in the wind turbine control literature is as follows: Region 

1 is where the turbines starts up, Region 2 is where power optimization is performed 

(through torque control), and Region 3 is where the produced power reaches the 

rated power limit and a constant power production is maintained (through pitch 

control). A plot of the generated power as a percentage of the rated power versus 

wind speed (called power curve) is provided in Odgaard et al. (2009).

The controller switched between Region 2 torque control and Region 3 pitch con

trol as a function of generator speed. In Region 2, the reference torque is computed 

as:

Tg,re/ =  (2.22)

K opl =  h A ro,orr 3% ^ ,

where p is the air density, A rotor (m2) is the area swept by the rotor, r (m) is the 

radius of the blade, and Cpm̂ax is the maximum value of the power coefficient Cp 

(Ran, 2005; Pao & Johnson, 2011).

In Region 3, the controller regulates the turbine power to the reference power via 

a PI controller that controls the reference pitch angle (3ref. The values of the PI gains 

are given in Appendix A. More details about the design of the baseline controller are 

given in Odgaard et al. (2009).
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2.2 Fault Im plem entation

A sensor fault is characterized by a faulty output %/& due to electrical or mechanical 

defects. In the benchmark model, faults are implemented as a Boolean signal that 

takes a True  value during a fault, and a False value otherwise. When a fault occurs, 

the sensor output is altered in a way that reflects the mathematical description of 

the fault, as explained for each of the three fault types considered: stuck sensor fault, 

offset sensor fault, and scaling fault.

2.2.1 Stuck Sensor Fault

The stuck sensor fault, also known in the literature as the “output stuck fault,” 

or the “fixed value fault” (Odgaard et al, 2009; Wei et al., 2010) is described by 

Equation (2.23) where Cstuck is a constant.

U f a u l t y ,k — C s tuck (2.23)

The sensor output has a fixed value during the fault. This type of fault can be 

triggered by a loose wire causing the sensor to saturate for example at its maximum 

or minimum reading value.

2.2.2 Offset Sensor Fault

The offset sensor fault, also called the “additive sensor fault,” (Odgaard et ai, 

2009; Wei et al, 2010) is generally due to calibration errors and is described by 

Equation (2.24) where A y  is a bias that is added to the non-corrupted output %/&.

(2.24)

2.2.3 Scaling Factor Fault

The scaling factor is otherwise known in the literature as the “multiplicative sensor 

fault,” the “gain factor fault,” and the “scaling error” (Mesic et al, 2003; Wei et al, 

2010). The scaling factor fault can be caused by sensor degradation (Bonders, 2002)
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or calibration errors and is described by Equation (2.25) where K  is & constant gain 

factor.

U faulty,k =  KVk (2.25)

18



CHAPTER 3 

SENSOR FAULT DETECTION

This chapter defines the FD models for the pitch drive and the drive train, and 

describes the proposed approach for detecting faults using measurements from a single 

sensor. Simulation results are then presented for selected scenarios using two different 

sequences of wind input.

3.1 FD M odel

The algorithms developed in this thesis to detect sensor faults follow the generic 

scheme illustrated in Figure 3.1. In addition to the sensor measurements and the 

reference variables, both available from the benchmark model, the FD algorithms 

assume some knowledge of the turbine’s subsystem(s) upon which the measured vari

able depends. This knowledge is encompassed in what we call a Fault Detection (FD) 

model, which may or may not be identical to the simulated subsystem’s plant model, 

subject to uncertainty assumptions. For example, to detect a fault on the pitch sen

sor, the algorithm requires the pitch measurements, the reference pitch angle, and a 

FD model of the pitch drive.

Measurement 

Reference variable 
 ►

Figure 3.1: Generic Fault Detection scheme

The best-case scenario is that the plant is known exactly, in which case the FD 

model is identical to the plant. In practice, however, it is improbable to know the 

plant model exactly. Consequently, the FD model is corrupted with uncertainties.

Fault Detection Alarm

Aleoritlun

19



This thesis considers uncertainties in system parameters (state space matrices A, B, 

and C) and initial conditions.

Uncertainty in system parameters is accounted for by scaling matrices A, and C  

by uncertainty gains. For instance, a —20% uncertainty percentage corresponds to an 

uncertainty gain of 0.8. If perfect knowledge is assumed, the value of the uncertainty 

gain is 1. In any given fault scenario, the same uncertainty gain is applied to all 

matrices A, B, and C. Stability of the scaled plant is verified (\eig(A)\ < 1), and 

only uncertainty gains resulting in a stable plant are used in fault scenarios.

The second type of uncertainty in the FD model is uncertainty in initial conditions, 

where a selection of new initial condition values is determined for each fault scenario 

based on normal operational range of parameters and simulation analysis.

3.1.1 P itch  Drive FD M odel

The pitch drive FD model, used in the context of a single-sensor-based FD scheme, 

is depicted in Figure 3.2. The FD model within the FD algorithm (Figure 3.1) assumes 

some initial conditions for the state vector Xbp as well as the A ^, B ^, and C^p matrices 

of the FD model, which are equal to or scaled from Equation (2.10) by the uncertainty 

gain. /30i represents the op en-loop estimate, and more details about the FD scheme 

and the residual evaluation module are given in Section 3.5.

Alarm
R Pitch Drive FD model/-m

Pitch Drive 
(uncertain)

Residual
Evaluation

Figure 3.2: Pitch drive model used with a single-sensor-based FD scheme

In the FD model, we assume a zero value for both measurement noises and

nbp2,k-> which implies that the feedback pitch angle in Equation (2.6) is reduced to
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zero (flf =  0) and consequently the control input becomes equal to the reference 

pitch ubp =  (3ref  (Equation (2.8)).

Comments on the effect of faults and uncertainties on the actual model of the 

pitch drive are now provided.

3.1.1.1 Effect o f Stuck Sensor Fault on P itch  Drive M odel

To examine the effect of the stuck sensor fault on the dynamics of the pitch drive 

model (Equation (2.10)), a state space representation of the pitch drive in the stuck 

sensor fault case is derived in this section. Without loss of generality, assume that a 

stuck sensor fault (Equation (3.1)) occurs on pitch sensor 1, measured by The

second measurement (3m2,k is assumed to be fault-free.

f i m \ ,k  — C stuck (3-1)

The state space representation in the stuck sensor fault case is derived from Equa

tion (2.10) and given in Equation (3.2). Intermediary steps of the derivation arc 

included in Appendix B.

xbpM+i — {Abp +  -BbpCbp)xbp̂  +  BbPfiref^ +  [o —\Bbp —\BbP

— Cstuck

Tlbpl,k
' b̂p2,k
Cstuck

(3.2)

It can be deduced that the stuck sensor fault changes the state matrix by an 

additive term and therefore changes its eigenvalues. Also, a third dimension is added 

to the disturbance input matrix.

3.1.1.2 Effect o f Offset Fault on P itch  Drive M odel

When an offset fault (Equation (3.3)) occurs on measurement the pitch

drive is modeled by Equation (3.4). Intermediary steps of the derivation are given in 

Appendix B.
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f iml,k — Cbp +  Tlbpi^k +  A/3mi (3 .3)

A/?mi

We can conclude that the offset fault does not affect the eigenvalues of the state 

matrix A bp. However, the fault adds to the state equation an offset disturbance 

term, which is scaled by the uncertainty gain when model uncertainty is included. 

Consequently, an uncertainty gain higher than 1 would amplify the effect of the fault 

on the state trajectory, while an uncertainty gain lower than 1 would attenuate that 

effect.

3.1.1.3 Effect o f Scaling Fault on P itch  D rive M odel

The scaling fault on the pitch measurement /3ml is modeled by Equation (3.5) 

where K  is the scaling factor. When this scaling fault occurs, the pitch drive is mod

eled by Equation (3.6). Intermediary steps of the derivation are given in Appendix B.

P m l , k  K C bp T  K f l b p l i k (3.5)

{KCbp)xbp^ +  [K 0]

The scaling results in a change of the eigenvalues of the state matrix as well as a

scaling of the noise disturbance term in the state equation.
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3.1.2 Drive Train FD M odel

The FD model for the drive train (Figure 3.3) is composed of a model of the drive 

train, the converter, the blade pitch drive, and the nonlinear aerodynamic model 

of the wind turbine. For our simulations, the FD model components are similar to 

the actual plant, except for the pitch drive and the drive train where uncertainty is 

introduced depending on the fault scenario. In other words, the aerodynamics and 

the converter model are assumed to be known in the FD model. It is noteworthy 

that aerodynamic uncertainty can decrease controller efficiency considerably in wind 

turbines, and remains one of the challenges in wind turbine control (Johnson & Flem

ing, 2011). Hence, the assumption that the aerodynamic model is known may not 

be valid. More details about the FD scheme shown in Figure 3.3, and the residual 

generation and evaluation modules are given in Section 3.5.

Uncertainty in the drive train and the pitch drive is simulated using scaled matrices 

A dt, Bdu Cdt, A hp, B bp, and Cbp. Regarding wind measurements vWind,m (Figure 3.3), 

when the wind input used in the simulation is wind sequence 1, vWindm̂ is computed 

using a simulated LIDAR sensor that has been added to the benchmark model, as 

shown in Figure 3.4. When wind sequence 2 is used, vwindm̂ is the same as the 

sequence; in other words no additional measurement noise is added.

wind, m

ref
ĝ-olg. ref

A larm

Moving
average

Converter
(actual)

Residual
Evaluation

Aerodynamics
(actual)LIDAR sensor

lidar

D rive Train FD m odel

Figure 3.3: Drive train FD model used with a single-sensor-based FD scheme
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Figure 3.4: LIDAR sensor added to the benchmark model

The LIDAR sensor is modeled using additive white noise nudar with covariance 

Rudar =  0.0071 followed by a moving average filter over 100TS (frequency of 1Hz). 

Though LIDAR is currently not available on commercial turbines, it is being actively 

researched by many manufacturers and researchers and may be installed for other 

purposes than fault detection, such as load mitigation (Dunne et al, 2011; Laks 

et ai, 2011; Wang et al, 2011a,b).

3.2 Single-sensor-based FD Approach

The FD process consists of two distinct steps: residual generation and residual 

evaluation. A residual is a fault indicator that is usually a function of the differ

ence between two quantities, one of which is typically the real-time output of the 

plant and the other of which represents the expected behavior when there are no 

faults or changes (Gustafson, 2000). If the plant operates without faults, the resid

ual would be close to zero. Conversely, if a fault occurs, the residual would deviate 

from its zero value. Residual evaluation indicates faults by identifying when residuals 

become larger, generally using change detection algorithms such as the Cumulative 

Sum Least Squares (CUSUM LS) test and Generalized Likelihood Ratio Test (GLRT) 

(Gustafson, 2000).

Residual generation precedes residual evaluation, and the key to the effectiveness 

of detection is that the generated residuals are sensitive to the fault to be detected 

(Gustafson, 2000). For redundancy-based sensor FD schemes, the residual is typically 

a comparison between the outputs of the two redundant sensors (Wei et ai, 2010). If 

only one of the sensors is faulty, the residual between the two sensors in the sensor
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set deviates away from zero, and change detection algorithms can be used to detect 

the fault. For single-sensor-based fault detection, a different approach is therefore 

required.

The single-sensor-based approach that we introduce for the detection of sensor 

faults substitutes analytical redundancy, which uses functional relationships between 

system variables, (Gustafson, 2000; Patton, 1998) for the physical redundancy of 

redundancy-based detection schemes. The residual generation compares the real

time measurements (from a single sensor) to the outputs of an open-loop estimator. 

The open-loop estimate is based on the FD model from Section 3.1 and produces the 

output of the plant model where the input is the same as the control input to the 

actual plant. When a sensor failure occurs, the measurement is expected to deviate 

from the open-loop estimate. Consequently, the residual would deviate from the 

close-to-zero value as the fault lasts, and a proper residual evaluation method can be 

designed to detect the fault.

This approach is used for the detection of the offset sensor fault and the scaling 

factor fault. For each of these two fault types, the “FD algorithm” (Figure 3.1) 

implements a residual generation module and a residual evaluation module, which are 

explained in detail in Section 3.5.2 and Section 3.5.3. On the other hand, the stuck 

sensor fault is detected using a different, simpler method described in Section 3.5.1.

The output of the FD algorithm in all cases is an alarm that indicates whether 

a fault has occurred or not with a Boolean value (False and True, respectively). 

All solutions presented in this thesis are implemented as Embedded Mat lab routine 

augmentations to the benchmark Simulink model.

3.3 Perform ance M etrics

The performance of the FD methods can be assessed using the following perfor

mance metrics commonly used in the FD arena: speed of detection, false alarms, and 

missed detections (Gustafson, 2000; Odgaard et al, 2009). Ideally, all true faults
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should be detected since the fault that is not detected could be fatal to the operation 

of the turbine. Additionally, the faster the detection is, the faster the system can 

recover or be repaired. In the best case, false alarms should be limited and should be 

as short as possible in duration.

Assessing the performance based on these metrics depends on the specific appli

cation requirements. For the purpose of this thesis, the acceptable speed of detection 

is defined to be less than or equal to 5 s. In an industrial context, the portion of 

the FD alarm that carries the most importance is the period immediately following 

the occurrence of the fault, since it represents the initial notification to the turbine’s 

operator that action is to be taken. For this reason, false alarms that are gener

ated after the end of the fault are deemed acceptable. On the contrary, false alarms 

that happen before the true fault alarm should be avoided since they would lead to 

initiating unnecessary remedial action by the turbine’s operator.

Table 3.2 and Table 3.3 is a summary of the performance of the FD methods for 

all faults scenarios using three metrics: detection time, false alarm rate, and true 

detection rate (Chen et al, 2011). The detection time is the time elapsed between 

the beginning of the fault and the first occurrence of the detection alarm. The false 

alarm rate or the false positives’ rate is the number of false alarms divided by the 

number of samples in the no-fault period of the simulation. The recommended false 

alarm rate recommended by the benchmark model paper (Odgaard et a/., 2009) is a 

maximum of 10“ 5 per sample. In other words, the mean time between false alarms 

should be larger than 105 samples, and when expressed as a percentage the false alarm 

rate should be smaller than 0.001%.The true detection rate, the complement of the 

false negatives’ rate, is the number of instances of detection alarms divided by the 

number of time steps in the total duration of the fault.
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3.4 Fault Scenarios for Selected R esults

Fault scenarios used for simulation results are outlined in Table 3.1, and numbered 

F I  through F6. The same fault scenarios are simulated using two different wind 

input sequences: wind sequence 1 from the benchmark model (Figure 3.5), and wind 

sequence 2 from NREL (Figure 3.6).

The uncertainty parameters used in each simulation case are provided in the last- 

two columns of Table 3.1. Note that uncertainty in state space matrices is not appli

cable for the raw detection of stuck sensor faults.

Table 3.1: Description of fault scenarios. Fault scenarios F1-F3 pertain to a pitch 
sensor and scenarios F4-F6 are for a generator speed sensor

Fault
Scenario

Fault m agnitude Fault start 
& end tim es

U ncertainty  
in A, B, C

U ncertainty in 
initial conditions

FI Stuck at 12 deg 2500 - 2600 s N/A N/A
F2 Offset =  +11 deg 3000 - 3400 s 0.9 Corrupted: [1; 1] 

Actual: [0; 0]

F 3 Scaling factor =  1.5 3100 - 3200 s 0.9 None

F4 Stuck at 80 rad/s 1500 - 1600 s N/A N/A

F5 Offset =  +20 rad/s 2500 - 2600 s 0.95

dn+e."
Corrupted: [0.5; 0.5] 

Actual: [0; 0] 
Drive train: 

Corrupted: [1; 97; 0] 
Actual: [1; 100; 0]

F6 Scaling factor =  1.4 1000 - 1100 s 0.95 None

In the case of a generator speed sensor fault scenario F6 where uncertainty in 

process parameters (A, B, and C) is introduced, the same uncertainty factor indi

cated in Table 3.1 is multiplied by both the state space matrices of the “pitch drive” 

model and of the “drive train” model shown in Figure 3.3. Additional uncertainty 

in the generator speed sensor faults are incorporated using noisy wind measurements 

simulated with the LIDAR sensor described in Section 3.1.1.
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In fault scenario F5, the same uncertainty gain of 0.95 is applied to the state 

space matrices of both the drive train and the pitch drive, with the exception of the 

matrix A^t of the drive train. Due to the large value of one entry of the matrix 

(A(2, 3) =  697.1662) relative to the other entries, applying the uncertainty gain to 

the matrix leads to instability. This indication of poor robustness to uncertainty 

implies that the model-based single-sensor-baaed method proposed may be ineffective 

for offset faults in the generator speed sensor.

30

25

w 20

$ 15
C lw
"O
I  10

400030001000 2000
Time(s)

Figure 3.5: Wind speed sequence 1, from the benchmark model

3.5 FD M ethods and Sim ulation R esults

This chapter presents the FD methods proposed to detect each of the three types 

of sensor faults: stuck sensor fault, offset sensor fault, and scaling sensor fault. For 

each fault type, selected simulation results are given after the FD method is described. 

Different fault types could possibly be detected more effectively using different FD 

methods, however the same methods are used for both offset faults and scaling faults
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Table 3.2: Summary of FD results for selected fault scenarios using wind sequence 1

Fault scenario D etection  tim e False alarm rate True d etection  rate

FI 0.03 s 0 % 100 %
F2 (Tolerance-based) 0.01 s 0.130 % 21.12 %

F2 (Modified CUSUM) 11.5 s 0.002 % 1.60 %
F3 (Tolerance-based) 156.11 s 0.250 % 1.26 %

F3 (Modified CUSUM) 161.19 s 0.030 % 0.04 %
F4 0.03 s 0 % 100 %

F5 (Tolerance-based) 68.04 s 0.170 % 59.07 %
F5 (Modified CUSUM) 69.37 s 0.006 % 2.23 %

F6 (Tolerance-based) 0.01 s 0 % 100 %
F6 (Modified CUSUM) 0.01 s 0.012 % 100 %

Table 3.3: Summary of FD results for selected fault scenarios using wind sequence 2

Fault scenario D etection  tim e False alarm rate True d etection  rate

FI 0.03 s 0 % 100 %
F2 (Tolerance-based) 0.04 s 0.004 % 0.63 %

F2 (Modified CUSUM) 0.01 s 0.010 % 0.56 %
F3 (Tolerance-based) N/A 0 % 0 %

F3 (Modified CUSUM) N/A 0% 0 %
F4 0.03 s % 100 %

F5 (Tolerance-based) 9.39 s 1.460 % 15.20 %
F5 (Modified CUSUM) 12.14 s 0.340 % 0.41 %

F6 ( Tolerance-based) 0.01 s 0 % 100 %
F6 (Modified CUSUM) 0.01 s 0 0.062 % 100 %
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3.5.1.1 Raw D etection  M ethod

The stuck sensor fault is detected using an intuitive method called “Raw De

tection,” which consists of comparing successive measurements from the sensor of 

interest, as outlined in Equation (3.7)

£fc ~  ym,k+l ym,k (3.7)
T

Alarm if: ek =  0 for N successive steps; N  = —
Î  s

When the difference between each two consecutive measurements is zero for N  

successive steps, where N  = Td/T s and Td is a “detection threshold time,” it can be 

inferred that the sensor output is stuck at a fixed value and the detection alarm is 

triggered. The detection threshold time Td is a design parameter that is contingent 

on the FD requirements and whose minimum value is twice the sampling time. The 

detection threshold time can be increased if the goal is to reduce false alarms, and it 

can be decreased if faster detection is sought.

3.5.1.2 Sim ulation R esults

Figure 3.7 and Figure 3.8 show the results of using the Raw Detection method 

described in Equation (3.7) to detect the stuck sensor faults FI and F4 for the pitch 

and generator speed sensors, respectively (Table 3.1), when the turbine is subject to 

wind sequence 1. Results show that this intuitive scheme detects the stuck sensor fault 

for both sensor types from its start to its end without interruption using measurements 

from a single sensor. The detection threshold time is set to be =  3 Ts and the 

fault alarm is triggered Td = 0.03 s after the fault starts. The detection alarm goes 

off Ts =  0.01 s after the end of the fault.

On the whole, the Raw Detection method (Equation (3.7)) for stuck sensor faults 

yields results that are at least as effective as using the redundancy-based scheme 

proposed by Wei et ai (2010), which uses the CUSUM LS filter on the difference
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Figure 3.7: Fault Detection results for a stuck pitch sensor (Fault scenario FI, Ta
ble 3.1)

between the outputs of two redundant blade root moment sensors. Considering that 

our single-sensor-based method is solely based on sensor readings and thus performs 

similarly regardless of the type of sensor, Raw Detection is a simple and less compu

tationally demanding detection method for stuck sensors, without requiring physical 

redundancy of sensors.

Figure 3.9 and Figure 3.10 show the results of using Raw Detection to detect the 

stuck sensor faults FI and F4 for the pitch and generator speed sensors, respectively 

(Table 3.1), when the turbine is subject to wind sequence 2. The results obtained are 

similar to the case that uses wind sequence 1.
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Figure 3.8: Fault Detection results for a stuck generator speed sensor (Fault scenario 
F4, Table 3.1)

3.5.2 Offset Sensor FD

Two FD schemes for the offset sensor fault are described in this section. The 

schemes use the same residual generation method but two different residual evaluation 

methods. The single-sensor-based approach introduced in Section 3.2, and further 

explained in Section 3.5.2, is used both in the offset and scaling FD schemes.

3.5.2.1 R esidual G e n e ra tio n

As outlined in Section 3.2, residuals are generated as the difference between the 

real-time measurement from a single sensor and the open-loop estimated output 

( (3.8)). The open-loop estimate incorporates model uncertainties in the FD model
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Figure 3.9: Fault Detection results for a stuck pitch sensor (Fault scenario FI, Ta
ble 3.1)

(Equations (2.10) and (2.16)) via scaled state space matrices A, B, and C.

— ym,k Vol.k (3-8)

3.5.2.2 R esid u a l E v a lu a tio n

When no faults occur on the sensor, we can expect the magnitude of the generated 

residual to be smaller than a certain threshold value, assuming knowledge of the 

plant is sufficiently accurate. Therefore, residual evaluation can be performed using 

thresholding or stopping rules, which are often used in fault detection (Gustafson, 

2000). The two residual evaluation methods we use to detect offset faults and scaling 

faults are the Tolerance-based method, and the Modified CUSUM method.
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£ k  ÿ m , k  Vol.k

Alarm if: \ek \ > Toi
(3.9)

M odified C U SU M  M ethod The Modified CUSUM method is a modified 

version of the CUSUM LS (Cumulative Sum Least Squares) change detector. The 

CUSUM LS is a statistical change algorithm that is based on stopping rules and can 

be used for mean change detection (Basseville & Nikiforov, 1993; Gustafson, 2000). 

CUSUM-based algorithms have been used previously to detect faults in wind turbines 

using redundancy-based approaches (Dobrila & Stefansen, 2007; Wei et a/., 2010).

The basis of the proposed Modified CUSUM method is the one-sided CUSUM 

LS algorithm where test statistic gl sums up the residuals when the sum reaches 

a certain threshold fi, the alarm is turned on. To prevent the drifting of the test 

statistic, a drift term is is subtracted every time step (Gustafson, 2000).

The CUSUM LS algorithm is modified from (Gustafson, 2000) such that the resid

ual £k is generated from the measured variable and the open-loop estimator instead of 

the measured variable and the least squares estimate. The Modified CUSUM method 

is described by Equation (3.10).

&k =  ÿm,k ÿol,k (3.10)
Sk = £k

+  4  -  ^  9)
Alarm if: gl>h  

After alarm, reset gk = 0

The design parameters of the Modified CUSUM method (Equation (3.10)) are the 

threshold h and the drifting parameter is, and they can be tuned to satisfy the fault 

detection requirements for detection speed and false alarms. We start with a very 

large threshold h and choose is such that the test statistic is <7*. =  0  more than half 

of the time. Increasing h and is results in fewer false alarms but slower detection
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(Gustafson, 2000).

3.5.2.3 Sim ulation results

The single-sensor-based FD methods for offset faults were tested in simulation, 

and selected results are provided in this section.

P itch  Sensor R esults To detect an offset pitch sensor fault, Figure 3.11 and Fig

ure 3.12 illustrate the use of the Tolerance-based method and the Modified CUSUM 

method through FD results for fault scenario F2 (Table 3.1), using wind sequences 

1 and 2, respectively. The pitch sensor is offset by +11 deg compared to its correct 

reading and an uncertainty gain of 0.9 is applied to the state space matrices. The 

generated residual e used by both methods is plotted for reference.

Based on tuning performed when the wind turbine is subject to wind sequence 1 

(Figure 3.15), the tolerance value of the Tolerance-based method is tuned to Toi — 10.8. 

False alarms occur at a rate of 0.130 %, and they are due to the low sensitivity of 

the residual to the combination of characteristics of the fault in this scenario, par

ticularly the uncertainty in process parameters. The fault detection alarm is first 

triggered 0 . 0 1  s after the fault starts, however the alarm is intermittent later and the 

time elapsed between two consecutive alarms can last up to 50 s. The frequency of 

the alarm’s oscillations increases towards the end of the fault, thus improving the 

performance of detection, but the low frequency of the alarm for the first 1 0 0  s affects 

the FD negatively.

To showcase the effect of the tuning parameters of the Modified CUSUM method, 

we show plots for two different sets of the design parameter n =  8  and v = 1 2 , 

while holding h = 1 2  for both sets. The Modified CUSUM alarm using v = 8 plots 

(Figure 3.11) is similar to the Tolerance-based methods in terms of the rate of false 

negatives and speed of detection, but has significantly more false alarms (0 . 2 0 0  % 

compared to 0.130 % for the Tolerance-based method). Tuning the Modified CUSUM 

for less false alarms gives the results shown in the u =  12 plots. In this case, the set
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Figure 3.11: Fault Detection results for an offset pitch sensor (Wind sequence 1, Fault 
scenario F2, Table 3.1)
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of false alarms lasts less than 2 s and happens after the fault, leading to a false alarm 

rate of only 0.002 %, which is very close to the recommended rate of 0.001 %. The 

tradeoff is that the number of false negatives during the fault becomes higher, which 

remain problematic. The design of the Modified CUSUM method depends on whether 

priority is given to limited false alarms or fast detection.
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Figure 3.12: Fault Detection results for an offset pitch sensor (Wind sequence 2, Fault 
scenario F2, Table 3.1)

When the wind turbine is subject to wind sequence 2 (Figure 3.16), without any 

re-tuning of parameters of the FD methods (case of %/ =  8 for the Modified CUSUM), 

the alarm is off for most of the fault’s duration (true detection rate of only 0.63 % 

and 0.56 % for Tolerance-based and Modified CUSUM, respectively). Due to lower 

wind speeds and lower pitch values compared to the case using wind sequence A, the 

performance of the FD methods is noticeably reduced and parameter tuning might 

need to be performed to relatively improve the results.
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G e n e ra to r  Speed  Sensor R esu lts  The generator speed sensor reading is offset 

by 20 rad/s in fault scenario F5 where a model uncertainty gain of 0.95 and initial 

condition uncertainties are simulated, and the fault occurs when the generator’s speed 

is relatively high (above 120 rad/s). The timing of this fault during this operating 

state increases the sensitivity of the residual, and improves the effectiveness of the 

Tolerance-based method.

For the purpose of this thesis’ simulation and to isolate the effect of the fault 

studied, the generator speed measurement where the fault is simulated is not used as 

an input to the turbine’s feedback controller so as to prevent undesirable controller 

behavior. Instead, the redundant generator sensor, which is fault-free, provides the 

signal for feedback control.
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Figure 3.13: Fault Detection results for an offset generator speed sensor (Wind se
quence 1, Fault scenario F5, Table 3.1)
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As shown in Figure 3.13 (with wind sequence 1), using a tolerance of Toi =  0.5 

and Modified CUSUM parameters h = 20 and i/ = 0.6 on the residual results in late 

detection (68.04 s and 69.37 s, respectively). The alarm then goes on and off at a 

high frequency for both methods. A set of false alarms is triggered at the beginning 

of the simulation, with a lower false alarm rate for the Modified CUSUM (0.006 %) 

while the Tolerance-based methods generates false alarms at a rate of 0.170 %.

Taking into account the uncertainty gain of 0.95 introduced for this scenario both 

in the drive train model and the associated pitch drive model, the single-sensor-based 

methods can be considered to generate a marginally satisfactory alarm, but only after 

the first occurrence of the alarm, which happens about 70 s. Also, larger discrepancies 

between the measurement and the open-loop estimate at higher wind speeds are due 

to the feedback controller limiting the generator speed, whereas this behavior is not 

included in the FD model.

A different wind input (wind sequence 2) is used with the same fault scenario (F5) 

and generally similar results are obtained with both methods without re-tuning the 

parameters. Results are shown in Figure 3.14.

3.5.3 Scaling Sensor FD

The scaling sensor fault is detected using the same residual generation and residual 

evaluation techniques used for the offset fault and described in Section 3.5.2. In this 

section, simulation results for fault scenarios F3 and F6 are examined (Table 3.1).

3.5.3.1 P itch Sensor R esults

Figure 3.15 and Figure 3.16 show plots of the FD results for fault scenario F3 

using wind sequences 1 and 2, respectively. A pitch sensor fault affects the second 

sensor on blade 2 in the benchmark model, where the sensor reading is scaled by a 

factor 1.5 and uncertainty is introduced via the initial condition and a 0.9 uncertainty 

gain on the state space matrices.
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Figure 3.14: Fault Detection results for an offset generator speed sensor (Wind se
quence 2, Fault scenario F5, Table 3.1)

When the wind input used is wind sequence 1 (Figure 3.15), the tolerance value 

of the Tolerance-based method is tuned to Toi — 9.9, and the Modified CUSUM 

parameters used are h = 8 and v — 10. The first occurrence of the detection alarm 

occurs late with both methods (after 56 s and 61.3 s for Tolerance-based and Modified 

CUSUM, respectively). The Modified CUSUM leads to relatively more false negatives 

than the Tolerance-based method, and its alarm consists of only two sets of ON 

signals: one alarm set at the beginning of the fault, and the second alarm 1.7 s before 

the end of the simulation. However, the Modified CUSUM leads to significantly less 

false alarms, making it easier to distinguish a true fault alarm from a false alarm, 

with the exception of the condense false alarm set that starts approximately at 3804 s 

due to peak in the pitch measurements.
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Figure 3.15: Fault Detection results for a scaling pitch sensor (Wind sequence 1, Fault 
scenario F3, Table 3.1)

Figure 3.16 shows results of using wind sequence 2 with the same scenario and no 

parameter tuning. The FD alarm is off during the whole simulation, and the fault 

is not detected by any of the two FD methods. This is mainly due to the fact that 

pitch measurements are very small and it is hard to detect faulty behavior.

It is possible to conclude, based on using wind sequences 1 and 2 with fault 

scenario F3, that FD performance improves when the value of the pitch measurement 

is relatively high (turbine is pitching) during the fault. For example, when the turbine 

is subject to wind sequence 2, the fault is not detected because the turbine is hardly 

pitching during the fault, but better FD results are obtained with wind sequence 1 

when the turbine is pitching at higher values for part of the fault’s duration .

It can be noticed that, although the scaling factor for this scenario is larger (Scaling 

factor: 1.5) than what is suggested by (Odgaard et ai, 2009) (Scaling factor: 1.2),

43



tf)
II
I
5

2400 2600 2800 3000 3200 3400 3600 3800

Pitch angle 
OL estimate 
Fault time limit

Tolerance

8 5  0

ON

Tolerance-based

OFF
2500 3000 3500 2500 3000 3500

U)
o

Threshold h
ON

É
<

Modified CUSUM

OFF
2500 3000 3500

Time(s)
2500 3000 3500

Time(s)

Figure 3.16: Fault Detection results for a scaling pitch sensor (Wind sequence 2, Fault 
scenario F3, Table 3.1)

the quality of detection decreases if the pitch measurements are not sufficiently large.

3.5.3 2 G enerator Speed Sensor R esults

Fault scenario F6, illustrated in Figure 3.17, consists of a faulty generator speed 

sensor reading that is scaled by a factor of 1.4, when the wind speed input corresponds 

to wind sequence 1. We assume a 0.95 uncertainty gain in the state space matrices, 

without any uncertainty on initial conditions.

The Modified CUSUM tuning parameters used are h — 6 and z/ =  6, and the tol

erance value for the Tolerance-based method is Toi = 13.5 and the alarm is triggered 

by both methods 0.01 s after the beginning of the fault. The alarm is consistently on 

for the whole duration of the fault (true detection rate: 100 %). The same behavior 

is observed when wind sequence 2 is used without parameter re-tuning.
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Figure 3.17: Fault Detection results for a scaling generator speed sensor fault (Wind 
sequence 1, Fault scenario F6, Table 3.1)

Decreasing the uncertainty gain to less than 0.95 decreases the quality of detection 

leading to too many false alarms, especially that the timing of the fault in this scenario 

is such that the generator speed is rotating relatively slowly for the case of wind 

sequence 1 (80 rad/s).
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CHAPTER 4 

ROBUSTNESS REMARKS

This chapter includes robustness remarks for the proposed single-sensor-based 

FD schemes and a discussion of trends in achieving satisfactory detection of the three 

types of faults. Both the pitch sensor and the generator speed sensor exhibit generally 

similar behavior when the FD schemes are simulated on the benchmark wind turbine 

model. Details are provided for the offset pitch sensor fault, robustness results for 

scaling faults and generator speed sensor faults were not further investigated.

As illustrated by the simulation results (Section 3.5.1), Raw Detection can detect 

a stuck sensor as early as Tj = 3 Ts = 0.03 s after the fault, and produces a steady 

alarm signal for the entire duration of the fault. Consequently, raw detection provides 

an accurate indication for whether or not a fixed-value sensor fault is occurring, 

regardless of when the fault occurs, the value of the stuck sensor, or how much 

knowledge is available about the sensor or the process model.

The performance of a FD algorithm for more complex faults, such as the scaling 

and offset faults, depends on the fault magnitude, timing of the fault, uncertainty in 

process parameters, and uncertainty in initial conditions. The effects of these factors 

are partially illustrated with five fault scenarios with results presented in Figure 4.1 

and Figure 4.2.

FD results presented in this section were all obtained using the Modified CUSUM 

method. Tolerance-based results are not displayed due to poorer performance against 

the Modified CUSUM method in higher uncertainty conditions. Note that the results 

provided were tuned with the control goal of primarily reducing the number of false 

alarms, especially before the fault occurs; the rationale being that once the beginning 

of the fault is detected, it may not be critical to maintain the alarm on for the entire
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Figure 4.1: Comparison of different faults scenarios of a pitch sensor 11 deg offset 
fault and for different process uncertainty gains and different fault times (2100 to 
2500 s results in green, and 3000 to 3400 s results in blue)

The effects of a set of robustness parameters on the performance of the FD meth

ods are presented in the subsequent sections, based on the simulation results for the 

five fault scenarios defined in this chapter.

4.1 M ag n itu d e  of th e  F au lt

The fault magnitude is designated by the offset value in an offset fault and the 

scaling factor in a scaling fault. As the fault magnitude increases, the residual becomes 

more sensitive to the fault. All other variables being equal, both the Modified CUSUM 

and the Tolerance-based method perform better for larger magnitude faults, with 

fewer false alarms and relatively faster detection. In general, the Modified CUSUM
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Figure 4.2: Comparison of two faults scenarios of a pitch sensor 5 deg offset fault 
with different process uncertainty gains

performs better than the Tolerance-based method when the fault magnitude is small. 

In Figure 4.1 (offset =  11 deg) and Figure 4.2 (offset =  5 deg), the Modified CUSUM 

methods yields similar overall detection performance for the different fault magnitudes 

when the process parameters A, B, and C are known perfectly, as can be seen by 

comparing the lowest left subplots from the two figures. With an uncertainty gain of 

0.8 in A, B, and C  (right-hand subplots), more false alarms appear with the smaller 

5 deg offset.

4 .2  T im in g  o f  t h e  F a u lt

Faults occurring on a pitch sensor when the turbine is pitching or on a generator 

speed sensor when the turbine is operating at a high speed are easier to detect than 

those that occur while not pitching or at low speeds. Single-sensor-based detection 

methods produce fewer false alarms and fewer false positives when measurements
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are relatively large or oscillate at large values. The results in Figure 4.1 show this 

advantage in performance of a 11 deg offset fault with 0.8 process uncertainty, which 

occurs when the turbine is pitching (lower middle plot) over the same fault that 

occurs earlier in the simulation (lower right plot, 2200s-2600s), all other variables 

being equal.

The Tolerance-based method can be an effective single-sensor-based fault detection 

tool when the fault magnitude is sufficiently large that its effect on the residual is 

visible, or when the timing of the fault is at an operation mode where measurements 

are relatively large. In such cases, the Tolerance-based method can be a simpler 

alternative to the Modified CUSUM, which required case-by-case tuning.

4.3 U ncertainty in Process Param eters

Knowledge of the process parameters is a key factor in determining the perfor

mance of the methods based on comparing the open-loop estimate and the closed- 

loop estimate. As uncertainty increases, the open-loop estimate and the measurement 

grow farther apart regardless of whether or not the measurement is faulty, making 

model-based FD more difficult. Both Figure 4.1 and Figure 4.2 show the considerable 

improvement in the quality of detection (mainly the reduction in false negatives and 

false alarms) when moving from the case with 20 % model uncertainty to the case 

where model parameters are known perfectly, all other variables remaining the same.

In some cases, uncertainty in initial conditions can have a lasting effect on the 

quality of detection, for example, fault scenario F5 (the generator speed offset fault) 

where applying a sufficiently large uncertainty gain can lead to instability issues.

The boundaries where the proposed methods are robust to process uncertainties 

are not pre-deffned and considerably differ, mainly depending on the values of the 

measurements, and the values of the state space matrices. In short, the performance of 

the fault detection algorithms can be improved significantly if the process parameters 

are well known.
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In conclusion, the single-sensor-based FD methods based on an open-loop strategy 

produce satisfactory results in the absence of uncertainties about the plant’s model 

or when uncertainties are within limited boundaries. This said, no generalizations 

can be made as to what values of uncertainties or which combination of uncertainties 

produces acceptable results. The experimental results have shown that the robustness 

varies from one fault scenario to another.
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CHAPTER 5

FTC FOR GENERATOR SPEED SENSOR FAULTS

Sensor measurements are typically used as inputs to a feedback controller to facil

itate achieving the control goal. In the event of a sensor fault, the controller receives 

erroneous measurement signals, which may lead to degraded performance of the con

troller and possibly to instability. Even minor faults can result in significant damages 

for complex and safety-critical systems such as wind turbines (Zhang & Jiang, 2008).

To reduce the effects of faults on the operation of the system, conventional feed

back control systems are replaced with FTC systems, which are able to automatically 

accommodate faults and maintain stability and desirable performance during faults 

(Zhang & Jiang, 2008).

FTC systems can be classified into two categories: active and passive. Passive 

FTC systems are pre-configured and designed to be robust to a set of pre-assumed 

faults. In that sense, a passive FTC system behaves in the same way independently of 

the occurrence of a fault, which limits its fault tolerance. Passive FTC systems do not 

rely on FD or online controller reconfiguration. Conversely, an active FTC system 

reacts to a detected fault by reconfiguring the controller accordingly to maintain 

normal operation during a fault (Zhang & Jiang, 2008). By definition, active FTC 

systems requires FD as a prior step to reconfigurable control, which motivates the 

choice of active FTC systems over passive FTC systems.

Active FTC systems are alternatively referred to in the literature as self-repairing 

or reconfigurable control systems. They can be divided to four subsystems: a Fault 

Detection and Diagnosis scheme, a reconfigurable controller, a controller reconfigu

ration mechanism, and a reference governor (module that automatically adjusts the 

command/ reference controller input as needed) (Zhang & Jiang, 2008).

53



The major considerations in designing active FTC systems are: the limited amount 

of time to reconfigure the controller before damage occurs, the ease of reconfiguring 

the controller, the effectiveness and robustness of FD, and the recovery of the pre-fault 

performance to the largest extent in the presence of uncertainties and FD-induced 

delays (Zhang & Jiang, 2008).

This chapter examines the use of the proposed single-sensor fault detection method 

with open-loop estimation in reconfiguration control given a generator speed sensor 

fault. The generator speed sensor was selected since it is one of the most commonly 

used sensors in feedback control for wind turbines, and errors in measurements propa

gate quickly through the feedback loops. Simulation results are provided for an offset 

fault scenario and a scaling fault scenario. In principle, the same approach can be 

used with a stuck sensor fault after defining a FD model.

5.1 Sensor FTC  Schem e

After a fault has been detected, the next step is an active FTC system is recon- 

hguring the controller. In redundancy-based approaches to sensor FTC, the solution 

is primarily based on using measurements from the other sensor(s) in the redundant 

sensor set. If a sensor measurement is faulty, it is substituted by the (a priori healthy) 

measurement of the other sensor(s). This redundancy-based approach to FTC has 

been applied by Dobrila & Stefansen (2007) to reconfigure a controller to recover from 

a pitch sensor fault in a wind turbine. The baseline controller used consists of both 

collective pitch control and individual pitch control strategies. Dobrila & Stefansen 

(2007) highlight that the risks associated with depending on physical redundancy 

increase considerably if a fault occurs on the second redundant sensor. In that case, 

the fault cannot be properly isolated, and reconfiguration of the controller cannot be 

performed using the aforementioned approach. The suggested reconfigurable control 

scheme is based on switching control, upon detection of a fault, from the advanced 

individual pitch control to the more simple collective pitch control. The suppression
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uncertainty in the FD model, so this research assumes that the turbine’s shutdown 

scheme is to be initiated soon after the sensor fault is detected. Hence, the role of 

the FTC scheme would be to ensure an acceptable performance of the controller in 

the first few seconds following the first instance of the FD alarm used in the FTC.

5.2 Sim ulation R esults for a G enerator Speed Sensor Fault

Simulation results illustrating the effect of the FTC scheme will be shown using 

two plots: a plot showing the entire duration of the fault, and another plot showing 

the first few seconds after the beginning of the fault. Since the improvements resulting 

from the FTC scheme are most beneficial during the first few seconds of the fault, the 

discussion of the results will be mainly based on the zoomed-in version of the plots.

In each plot, signals are plotted for three cases: “Fault-free” refers to the case 

where the generator speed sensor is not subject to any fault, “Faulty - without FTC” 

refers to the case where a fault occurs on the sensor as defined by the corresponding 

fault scenario, and “Faulty - with FTC” refers to the same case as the latter except 

that the controller is reconfigured to use the open-loop estimate of the generator speed 

instead of the faulty sensor measurement when a fault is detected. The variables 

plotted are the measured value of the generator speed , and the actual values of 

the generator speed the pitch angle, and the generator torque

Analysis of the effect of the FTC focuses on u gactual rather than the ujg,m due to 

the dynamics and fault modeling in the benchmark model. When FTC is applied, the 

outputs of the controller are the reference generator torque Tg .r and the reference pitch 

/3r (Figure 5.1), which lead the drive train to produce the controlled output u g , a c t u a l -  

The actual generator speed is then the variable that reflects the control goal, while 

the corresponding measured generator speed is computed by adding the offset to the 

actual value thus resulting in a corrupted measured value in the case of no FTC.

Section 5.2.1 and Section 5.2.2 show simulation results for an offset fault and a 

scaling fault occurring on a generator speed.
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The system’s performance resulting from the FTC scheme used on the benchmark 

model should preferably comply with a set of constraints defined by Odgaard et ai 

(2009) and summarized in Table 5.1. The soft maximum generator speed is the value 

that the generator speed should be kept below, and the hard maximum generator 

speed is the value above which the wind turbine will be force to shut down for safety 

reasons. For all faults scenarios presented in this chapter, the constraints on the Soft 

and Hard Maximum generator speeds have been satisfied.

Table 5.1: System constraints for controller design in the wind turbine benchmark 
model (Odgaard et ai, 2009)

M etric Value

Maximum pitch 90 deg

Minimum pitch -2 deg

Maximum pitch gradient 9 deg/s

Minimum pitch gradient -9 deg/s

Maximum torque 3.6 1 0 ^ ^
Minimum torque q  N.m

Maximum torque gradient 1.25 lO ^ ^

Minimum torque gradient -1.25 lO^A^

Soft maximum generator speed 186 rad/s

Hard maximum generator speed 207 rad/s

5.2.1 Offset Sensor Fault R esults

Figure 5.3 shows simulation results of the proposed FTC scheme for an offset 

fault on generator speed sensor 1 in the benchmark model. A zoomed-in version of 

the plots is given in Figure 5.4. A 30 rad/s offset fault occurs on the sensor from 

2500 s to 2600 s. The FD model includes a 0.986 uncertainty gain and the initial 

conditions are the same as used in Fault Scenario F5 (Table 3.1).

The FD alarm used by the reconfigurable controller is obtained using the Tolerance- 

based method (Toi — 10.8) (Equation (3.9)). The FD result has been tuned for fast
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detection rather than limiting the number of false alarms, since the value of the recon- 

figurable controller is sought primarily for the few seconds following the fault, until 

the wind turbine shutdown is performed. As is shown in Figure 5.2, the FD alarm 

does not detect the fault consistently from beginning to end and there are false neg

atives from 2507 s to 2550 s, with a particularly extended sequence of high frequency 

intermittent alarms from 2534 s to 2550 s. This case study illustrates the importance 

of the performance of the FD results in determining the output of the FTC scheme.

Figure 5.3 shows values of key signals throughout the entire offset fault. The 

actual value u j 9 ,a c t u a l  of the generator speed (upper right plot) obtained using the 

FTC scheme generally deviates from the fault-free case less than the faulty case 

where the faulty measurement was to the controller when the FD alarm has no false 

negatives. Similar behavior is observed for the actual generator torque Tactuai where 

the controller switches from pitch control to torque control at different torque values

2500 2520 2540 2560 2580 2600
Time(s)
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Figure 5.4: FTC results for a generator speed sensor offset fault with 0.986 process 
uncertainty and the same initial conditions as in Fault Scenario F5 (Zoomed in)

of the pitch value to a value of 97 deg, which also violates the maximum constraint 

value of 90 deg suggested by Odgaard et al. (2009). Additionally, such a sudden and 

drastic pitch increase is unsafe and would automatically trigger the shutdown scheme 

in a real wind turbine. The abrupt effect of the fault is relatively attenuated by the 

FTC scheme for approximately 1 s after the fault (pitch angle increases to about 64 

deg instead of 97 deg when no FTC is used) and therefore satisfies the maximum 

pitch constraint in Table 5.1. However, this increase is still larger than would be 

supported by a real turbine. Similar relative improvement is observed for the actual 

generator torque Tĝ actuai, which decreases by approximately 4750 N.m when the faulty 

measurement is used by the controller, and only by approximately 2450 N.m when
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the controller is reconfigured using the open-loop estimate. The value resulting from 

the FTC scheme is likely still unacceptable, though it is an improvement over the 

no-FTC case. After the first second following the fault start, the FTC scheme has no 

discernable effect on the pitch angle and generator torque as long as the FD alarm 

input is correct.

The minimum pitch constraint of 2 deg is slightly violated in the FTC case for 

about 2 s starting 2546 s where the pitch angle value goes down to -2.14 deg. The pitch 

gradient constraints of + /-  9 deg/s are satisfied when the reconfigurable controller 

is used while using no FTC leads to abrupt changes in the pitch value, for example 

at 2519.4 s where a 30 deg/s is observed in less than 1 s, which shows the value of 

FTC in improving the controller’s performance. Concerning torque constraints, the 

minimum and maximum torque values’ constraints are both satisfied and the steepest 

change in torque occurs at 2560.5 s and consists of a gradient of -0.72 I Q 4 which 

is less than the recommended minimum gradient of -1.25 104A ^.

5.2.2 Scaling Sensor Fault R esults

Figure 5.6 and Figure 5.7 show the results of using the FTC scheme with a scaling 

fault (with scaling factor 1.4) on generator speed sensor 2 in the benchmark model. 

The Tolerance-based FD results with a tolerance value oî Toi =  15 are shown in 

Figure 5.5, and the fault is consistently detected from beginning to end, mainly due 

the absence of model uncertainty.

Figure 5.6 shows that the FTC scheme significantly improves on the performance 

of the actual generator speed to actual and the actual torque Tactuai, compared to the 

case where no FTC scheme is used. While using faulty measurements as an input to 

the controller leads the actual generator speed and the actual torque to considerably 

deviate from their values in the fault-free case, the values obtained using the FTC 

scheme are very close to their fault-free counterparts. Due to the fact that the turbine 

is operating in below rated mode in which the pitch control signal remains constant
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Figure 5.5: Tolerance-based FD alarm for a generator speed sensor scaling fault with 
no model uncertainty

at 0 deg, there is no change in the actual pitch angle (3actual*

As highlighted earlier in this chapter, one of the issues of active FTC systems is 

that the FTC scheme depends on the effectiveness of the FD scheme. When the FD 

results are satisfactory, the FTC produces a lasting effect to limit damages on the 

turbine only when no uncertainties are assumed (scaling fault example, Figure 5.6), 

but relatively improve the performance for Is after the fault when even a small un

certainty is used (offset fault example, Figure 5.3 and Figure 5.4).

Overall, the proposed FTC scheme yielded promising results when no model un

certainty was assumed, and limited the abrupt effect of the fault on the actual torque 

and the actual pitch when an extremely low uncertainty level (0.986 uncertainty gain) 

was assumed. However, increasing uncertainty reduces the value of the FTC scheme 

and leads to worse performance due to the open-loop estimate being based on a highly 

uncertain model. Reducing the magnitude of the faults to lower than 30 rad/s (offset
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CHAPTER 6 

CONCLUSION AND FUTURE WORK

The research results presented in this thesis show that single-sensor-based FD is 

possible but that using a single sensor makes the FD problem more challenging com

pared to physical-redundancy-based sensor FD and that single-sensor-based methods 

may suffer from lack of robustness to model uncertainty. This lack of robustness 

will need to be evaluated compared to the additional costs of hardware redundancy 

in physical-redundancy-based FD. For single sensor FD, stuck sensor faults can be 

easily detected using the raw detection scheme. Offset and scaling faults have been 

investigated using two single-sensor-based residual evaluation methods, and the pro

posed Modified CUSUM methods was generally more robust to process uncertainty 

than the Tolerance-based method. The tradeoff that exists in the arena of FD be

tween detection speed and number of false alarms is confirmed by the simulation 

results. Additionally, frequent false negatives during the fault for some fault scenar

ios hinder the quality of FD. Uncertainty and robustness remain primary concerns in 

designing FD solutions in general, and likewise they have been shown to be issues for 

the single-sensor-based FD problem covered in this thesis.

The proposed FTC scheme based on measurements from a single sensor was of 

limited success in that it was able to limit the magnitude of operational discrepancy 

from the fault-free case compared to the no-FTC case, but only when the FD model 

uncertainty was very low. Other strategies for reconfigurable control that can be used 

with a single sensor need to be examined.

In future work, the suggested FD methods should be tested on a more advanced 

wind turbine model to verify the validity of the results. Future work should also in

clude testing the schemes with different turbulent wind speed sequences. Robustness
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has been approached in this thesis from a perspective based on few simulations, and 

a theoretical study of the effect of robustness would give more insight to the proper

ties of single-sensor-based methods. To further validate the simulation results, Monte 

Carlo simulations need to be conducted for different values of measurement noise.
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APPENDIX A - BENCHMARK MODEL PARAMETER VALUES

Values of parameters of the wind turbine benchmark model are presented in this 

appendix.

A .l  P itch  Drive S tate Space M atrices

The state space representation of the pitch drive model (Equation (2.10)) is de

scribed by the matrices:

A An -- 0.8695 -1.1532 
0.0093 0.9941
0.093

'■bp

Bbp

C%, =  [0 123.4321]
0

The value of parameters used in the transfer function representation of the pitch 

drive (Equation (2.3)):

UJn =  11.11 
(  =  0.6

Other parameters used with the pitch drive model: 

r =  57.5; p =  1.225;

A .2 D rive Train State Space M atrices

The state space representation of the drive train model (Equation (2.16)) is de

scribed by the following matrices, where the values are rounded to the 5th significant 

figure.
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Adt =

Bdt =

a dt

0.9976 0.0000 -0.4844
3.5099 0.9619 697.16

_ 0.009 -0.0001 0.9606
"1.8182 - 10-s 0

0 -0.2564 • 10-4
0 0

Ï  0 O'
0 1 0

Other parameters used with the drive train model: — 9.45 ; B g =  0; B r =  0;

Ng =  95; Kdt = 2.7 • 109; Jg =  390; rjdt =  0.97; r]g =  0.98; a gc — 50;

A 3 Baseline Controller Param eters

K p = 4; Ki = 1; Prated =  4.8 • 10

A .4 Sensor N oise Param eters

6 .

The noise power and noise covariance for the pitch sensor, the generator speed 

sensor, the rotor speed sensor, the generator power sensor, respectively, are: Np^p =  

1.5T0-3 ; Rt,p — 0.0015; NPjgs =  5T 0-4; Rgs =  0.0005; Np r̂s =  2.3TQ-4; Npĝp =  10;
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APPENDIX B - DERIVATIONS

B .l  P itch  Drive State Space R epresentation - Stuck Sensor Fault

% bp,k+l =  AbpXbp^k T  B b p ( ( 3 re f ,k  T  Cbp%bp,k ~^{(^ml,k T  P m 2 , k ) )

% bp,k+ l A-bpXbp^k T  B bp ((3r e f ,k  T  C bpX bp,k  ~ ^ s tu c k  T ^bpX bp^ k  ~^ft'bp2,k)

% bp ,k+ l  AbpXbp^k T  ( - B bp C b p ) X b p jk T  B bp(3r e f  k V B bp {  ~^Xtbp2,k s tuck )

P m l , k  C stuck

%bp,k+i — {Abp +  -BbpCbp)xbp,k +  Bbpf3refk  +  [0 —^B bp

(3m l,k  =  Cstuck

2 ̂ h'P\
Tlbplik
rH'bp2,k
Cstuck

B.2 P itch  Drive S tate Space R epresentation - Offset Sensor Fault

%bp,k-hl A b p X bp,k T  B f ) p { ^ r e f ,k  T  C bpX bp,k  ^ { f i m l , k  T  /3 m 2 ,k ) )  

% bp,k+ i  =  A b p X k  T  B bp(3r e f  k +  B bp ( — - n bp i ^  — - n bp 2 ^  — -A /?ml)

(3m l,k  C bp X k  T  ^6pl,fc T

X b p ,k + i  — A x bp,k +  B bp(5re f ^  +  \ — ^ B bp — ^ B bp — |  B bp\

^bpl,k
'ft/bp2,k

— CbpXbp,k T [l 0 l]
W’bplX
^bp2,k
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