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Abstract: For wind turbines, condition monitoring is an essential part of research. To 
minimize downtime of the plants and to prevent extensive damage, it becomes 
inevitable to detect faults at an early stage, especially, since plants are increasingly 
placed in poorly accessible areas, like deserts, arctic or offshore regions. The 
following paper concentrates on temperature monitoring and discusses an observer-
based approach reconsidering the model’s accuracy and reliability for condition 
monitoring purposes. As novel approach the fault detection is focused on individual 
measuring points rather on the overall system. The presented model is developed as an 
equivalent thermal circuit. To minimize the difference between modeled and 
measured temperature curve (residual), a observer is implemented and configured. 
The advantages and disadvantages as well as the improvement of the presented 
approach compared to presently used methods are outlined. 

Keywords: Model-based condition monitoring, fault detection, parameter 
optimization, observer, thermal model 

1.   Introduction 

Automated fault detection is essential to prevent extensive damage by predicting 
abnormal machine behaviour as early as possible and creating lead time to organize 
inspections and spare parts. This is especially needed for machines in areas that are 
difficult to reach or are exposed to harsh environmental conditions as in offshore, 
arctic and desert regions. Since many new wind energy plants are planned in remote 
areas, it becomes necessary to identify fault conditions with enough lead time to 
prevent unplanned downtime. 

This paper applies the model-based fault detection on individual measuring points 
of a wind turbine generator to detect temperature faults at an early stage. Major faults 
of the generator cause a mean annual downtime of 5.7 days [1] followed by faults of 
the electrical system (0.80 days), the electrical control (0.63), the gearbox (0.59) and 
the generator (0.58). The presented method should be considered as an additional tool 
to detect elevated temperatures since high temperatures lead to faults and reduce the 
remaining useful lifetime of the machine. The current fault detection system widely 
used [2] now uses pre-set fixed alert thresholds. Since this system has several 
disadvantages making fault isolation difficult, more research and development is 
needed. To overcome the drawbacks of the common systems, this paper in contrast 
focuses on model-based condition monitoring using residual generation to individual 
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measuring points on wind turbine drive trains. Residuals describe the difference 
between the measurements and the model output which represents the non-faulty 
system behaviour. A fault is indicated if the measurement deviates from the model 
output. The wind turbine drive train can be expressed mathematically using the state-
space representation if the dependencies such as actual and past machine operations 
and ambient conditions are known. 

Fault detection can be achieved according to Gertler [3] in two ways, either in 
model-based (e.g., [4]) or non-model-based methods (e.g., [5]). Examples of the latter 
(adapted from [3]) are pre-set alert thresholds, multiple sensors and frequency analysis 
[6]. Because of its simplicity, the method of pre-set alert thresholds is widely used, but 
the drawbacks of this method (adapted from [7]) are that a conservative threshold must 
be set to allow for a wide range of signal variation and the lack of fault detection in 
transient stages, since the fault is not recognized before the non-faulty signal and the 
fault add up to exceed the pre-set alert threshold. The model-based approach, on the 
other hand, can detect faults at an early stage, monitoring signals in transient operating 
states and detect faults in closed loop systems [8]. There are numerous methods for the 
dynamic temperature estimation of induction machines. For an electrical motor of a 
hybrid vehicle, Lindstroem [9] developed a thermal equivalent circuit where the 
temperature of the machine components can be estimated for steady state as well as 
transient operation taking various losses into account. In a thermal model of an electric 
motor developed by Demetriades [10], the calculation of temperatures in all operating 
states in real-time is made possible through model order reduction. Calculated and 
measured temperatures agree well. In the generator of a wind turbine, the temperatures 
can be detected using Neuro-Fuzzy approaches. Using SCADA data about the 
component state, Schlechtingen [11] describes a condition monitoring system using a 
representation of normal behaviour based on an adaptive neural network. This system 
is able to identify problems at an early stage as well as to locate the actual source of 
the problem. All these approaches reduce the complex machine to one model. Since it 
is difficult to estimate model parameters of electrical machines such as iron losses 
[12], mostly only solvable by computer aided systems [13], this paper will be limited 
to monitor only individual temperature measuring points and to diagnose abnormal 
behaviour with a model-based method. This method is less complex and can be used 
for all kind of temperature measuring points. In this paper, a straightforward model 
will be implemented and an algorithm will be presented to estimate all necessary 
parameters.  Additionally, the model performance of fault simulation is evaluated by 
applying different faults. 

Notation 
  T Sample time 
𝒙 State variables 𝛳𝑎𝑚𝑏 Ambient temperature 
𝒙� Estimated state variables Pl Power losses 
𝒚 Output Jy-peak Output peak value 
𝒚� Estimated output Jr-peak Residual peak value 
𝒖 Input variables Jtrend Residual trend value 
A, B, C, D Constant matrices Jth Threshold value 
L Observer gain r Residual signal 
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𝛳 Measured temperature fs Sensor fault 
𝛳�  Estimated temperature fa Actuator fault 
Rth Thermal resistance fp Process fault 
Cth Thermal capacity k Discrete time variable 

2.   System Model 

The system is modelled using the discrete time invariant state-space representation, 
see equation (1) and (2).  

𝒙(𝑘 + 1) = 𝑨 𝒙(𝑘) + 𝑩 𝒖(𝑘),   𝒙(0) = 𝒙0 (1) 
𝒚(𝑘) = 𝑪 𝒙(𝑘) + 𝑫 𝒖(𝑘) (2) 

Constant matrices are A, B, C and D. The output is expressed by y(k), the inputs by 
u(k), the state variables by x(k). All estimated variables are marked with a circumflex. 
An observer is added, to correct modelling uncertainties. The model is then described 
as follows: 

𝒙�(𝑘 + 1) = 𝑨 𝒙�(𝑘) + 𝑩 𝒖(𝑘) + 𝑳 (𝒚(𝑘) − 𝑪 𝒙�(𝑘) − 𝑫 𝒖(𝑘)) (3) 
𝒚�(𝑘) = 𝑪 𝒙�(𝑘) + 𝑫 𝒖(𝑘) (4) 

Where L is the observer gain matrix and needs to be selected such that the system 
is stable, but at the same time uncertainties of the model are corrected. The block 
diagram of the observer and the modelled process are shown in Figure 1. 
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Figure 1: Block Diagram of a Generalized 
Model and Observer in State-Space 

Representation.  

Figure 2: Block Diagram of the Thermal Model 
and the Thermal Observer in State-Space 

Representation including Faults.  

3.   Fault Detection  

To detect the fault of a system the output of the system resulting variable of the system 
needs to be analyzed. In this paper the authors will concentrate on three methods: (1) 
threshold analyses of the process output y(k); (2) peak value analyses of the residual 
signal r(k) and (3) trend value analyses of the residual signal r(k). Where r(k) 
represents the difference between the measured process output signal y(k) and the 
calculated observer output 𝒚�(𝑘). Thereby, the non-faulty system behaviour is 
represented by the observer output. The methods (2) and (3) used to analyse r(k) can 
also be used to analyse y(k). Besides those methods, more can be found e.g., in [14]. 
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3.1  Process Output Peak Analysis   

As described in section, the most common way to monitor a system is to monitor one 
of the measured outputs signal y(k) of the system. The extreme values e.g., the peak 
value is used. We can define it as follows:  

𝑱𝑦−𝑝𝑒𝑎𝑘 = ‖𝒚‖𝑝𝑒𝑎𝑘 ∶= 𝑠𝑢𝑝
𝑘 ≥ 0

‖𝒚(𝑘)‖ (5) 

3.2 Residual Peak Analysis   
The peak value Jr-pea k of the residual r(k) can be defined as [14]: 

𝑱𝑟−𝑝𝑒𝑎𝑘 = ‖𝒓‖𝑝𝑒𝑎𝑘 ∶= 𝑠𝑢𝑝
𝑘 ≥ 0

‖𝒓(𝑘)‖ (6) 

3.3 Residual Trend Value Analysis 
According to [14] the trend value J trend can be defined as in equation (7). J trend 

describes the gradient between two data points of the residual. It is often implemented 
by replacing ∆𝒓(𝑘) by ∆𝒓(𝑘) = 𝒓(𝑘) − 𝒓(𝑘 − 1). 

𝑱𝑡𝑟𝑒𝑛𝑑 = ‖∆𝒓(𝑘)‖𝑝𝑒𝑎𝑘 ∶= 𝑠𝑢𝑝
𝑘 ≥ 0

‖∆𝒓(𝑘)‖ (7) 

3.4   Monitoring 

The introduced values J are compared to pre-set thresholds J th (the threshold for the 
process output value is J th,y-peak , residual peak value is J th,r-peak and trend value J th,trend). 
Like that it is tested if a fault is present. The comparison can be formulated as  

𝑱 > 𝑱𝑡ℎ ⇒ fault is detected, 
𝑱 ≤ 𝑱𝑡ℎ ⇒ no fault is detected. [14] 

4.    Fault Simulation  

4.1  Model 

To show the described methods including faults, a straightforward model of an 
individual thermal measuring point of a wind turbine generator is designed by the 
authors in [15]. The model is described as the following discrete time invariant state-
space representation with observer: 

𝛳�(𝑘 + 1) = 𝑒−
1

𝑅𝑡ℎ𝐶𝑡ℎ
𝑇𝛳�(𝑘) + 𝑅𝑡ℎ𝐶𝑡ℎ �1 − 𝑒−

1
𝑅𝑡ℎ𝐶𝑡ℎ

𝑇� �
1

𝑅𝑡ℎ𝐶𝑡ℎ
1
𝐶𝑡ℎ

� �𝛳𝑎𝑚𝑏(𝑘)
𝑃𝑙(𝑘) �

− 𝐿 �𝛳�(𝑘) −𝛳(𝑘)� , 𝛳�(0) = 𝛳(0) 
 

(8) 

𝛳�(𝑘) = 𝛳�(𝑘) (9) 
The measured temperature (e.g., the housing temperature) is 𝜃(𝑘), the estimated 

temperature is 𝜃�(𝑘), the power losses are Pl(k) and the ambient temperature 𝜃𝑎𝑚𝑏(𝑘). 
The two constant parameters are thermal resistance Rth and thermal capacity Cth. The 
discrete model is sampled with the sample time T. Figure 2 shows the corresponding 
block diagram of the thermal model. Optimal parameters for thermal resistance and 
thermal capacity are found if the gap between simulation and measurement is minimal 
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for optimal operational state. In this case, the Root Mean Square Error (RMSE) of 
simulation and measurements is minimal. To calculate the parameter for the 
simulation, there are different methods available. The straightforward method is to 
calculate and compare every possible solution, which has the disadvantage of 
exponentially increasing computation time with the amount of parameters and the size 
of the solution space. For the presented thermal model, only one temperature 
measurement point is considered. Hence, only two parameters are needed. For each 
considered additional temperature measurement point, two further parameters are 
needed. Optimizing only two parameters is still possible, using the described 
straightforward algorithm. However, another method called Random Local Search 
(RLS) with adapting step size was chosen to find optimal parameters (Figure 3). For 
more complex models, the parameter optimization can be adapted and the computation 
time will not increase exponentially. Additionally, the size of the solution space does 
not affect the computation time as much. RLS finds the global optimum if no local 
ones exist. Otherwise it can stick in local optima [16]. During our test runs, it was not 
possible to experience how often RLS would stick in local optima without finding the 
global one, since only measurement data of one temperature spot was available. If only 
two parameters (thermal resistance and thermal capacity) are needed, there is only one 
global optimum without any local ones [15]. The parameters are non-contradicting 
parameters meaning there is only one optimal value for thermal resistance and thermal 
capacity, not a Pareto Front.  

RLS starts at an arbitrary point of the solution space and searches randomly for a 
better solution in the range of the step size. If no better solution can be found, the step 
size is reduced by half [16]. The algorithm terminates, if the RMSE does not become 
significantly better over a certain time. Compared to the naive method, it is not assured 
to obtain the optimal solution but a quiet good one which is sufficient for the 
simulation. The performance of the calculated solution depends on the step-size 
reduction and the stop criterion. 
_______________________________________________________________ 
choose start point randomly 
while not TerminationCriterion() 
 new point ← randomly choose new point by step size 
 calculate RMSE 
 if RMSE(new point) < RMSE(start point) 

start point ← new point 
i ← 0 

   else 
  i++ 
  if i> amount repetitions 
          reduce step size by half 
  end 
 end 
end 
________________________________________________________________ 

Figure 3: Pseudo-Code for the Model Parameter Determination. 
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4.2   Fault Description 

To test the introduced methods of fault detection the thermal model is combined with 
synthetic faults. In this paper, faults are applied to the thermal model as shown in 
Figure 2. The goal is to test if the fault detection is able to detect certain faults. The 
designed faults are exclusively added. Three categories of faults (according to [14]) 
are in the focus: sensor, actuator and process fault. The faults are described in table 1. 

 

Table 1: Faults. 
Sensor Fault fs Actuator Fault fa Process Fault fp 

 

Faults that affect the 
measurement element  

 

 

Faults that affect the 
actuator 

 

 

Faults that are malfunctions 
of the process 

 

   
 Figure 4: Sensor and Actuator 

Temperature Fault Function. 
 Figure 5: Actuator Power 

Losses Fault Function. 
Figure 6: Process Fault 

Function. 

4.2   Fault Simulation 

The thermal model as in figure 2 including is implemented in Matlab/Simulink. The 
process model (including the faults) represents the individual measuring point. In 
parallel the observer of the fault detection system is implemented and used to calculate 
the residual. During the simulation of a total time of 200 min, a constant ambient 
temperature θamb is used. The simulation runs at a sample time of T = 100 ms. Each 
fault is simulated separately. Three different observer gains L are used (L1 < L2 < L3) 
to test the influence of the measured temperature 𝜃(𝑘) on the model.  

5.    Results 

In this section, the simulation results are presented. The results are plotted in figure 7-
10. In all results the temperature progression with no fault 𝜃𝑛𝑜𝑛−𝑓𝑎𝑢𝑙𝑡𝑦(𝑘) shows the 
expected heating as an logarithmic function starting at t = 10 min when the power 
losses Pl(k) are bigger than zero. The temperature of the system with a sensor fault 
𝜃𝑓𝑎𝑢𝑙𝑡𝑦(𝑘) shows expected heating like the temperature with no fault until t = 50 min. 
It can be seen that the simulated fault increases the temperature of the system for each 
time point depending on the simulated fault. The estimated temperatures 𝜃�𝐿1,𝐿2,𝐿3(𝑘) 
depending on the variying observer gains L show how the model is adapting on the 
faulty system output. To description of the results is divided by the fault detection 
method described before.  
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5.1  Process Output Peak Analysis   

To apply a process output peak analyses a straightforward threshold is used. Because it 
needs to be taken care that the threshold is not exceeded during the non-faulty 
temperature increase, the threshold is set higher than the temperature can rise under 
non-faulty conditions. In the simulation of the paper an exemplary threshold of J th,y-peak 

= 335 K is applied. It can be seen that for all applied faults, the threshold is exceeded 
by the faulty temperature and therefore would detect the fault. 

5.2   Residual Peak Analysis   

The residual peak shows significant amplitude as soon as the fault occurs. The 
amplitude is depending on the fault and the gain L. For a sensor fault a step-change of 
the peak value can be observed. The amplitude is the same as the step of the fault 
function in that case. This is due to the delayed response of the model, which is 
reacting to the step-change of the measured temperature. The other faults result in a 
logarithmic behavior. It is important to notice that the amplitude is not depending on 
the maximum temperature of the process. In the simulation of the paper an exemplary 
threshold of J th,r-peak = 3 K is applied. It can been seen that the detection using J th,r-peak 

is independent from the actually state of the model but only on the residual signal. 

5.3   Residual Trend Value Analysis 

The residual trend value shows with the sensor fault impulse behaviour. The amplitude 
is the same as the step of the fault function in that case. In the actuator and process 
faults the trend value shows a peak and decay behaviour afterwards. It has to be noted 
that the amplitude in the later is very low compared to the other results. Because of the 
low amplitude a threshold comparison is not considered in that case. 

5.4   Comparison of the Different Value Analysis 

All the shown analysis has the capability to detect the tested fault. The difference 
between the analyses can be seen the time when the fault can be detected. If the 
process output peak analysis is compared to the residual peak value analysis, using 
J th,y-pea k and Jth,r-pea k following can be seen: peak output analysis detect the faults 
earliest at t = 75 min, residual value driven analysis is able to detect a change of the 
system behavior at t = 55 min.  

 
Figure 7: Simulation Results for the Sensor Fault - showing the temperatures (left), the peak 

value (middle) and the trend value (right) for the three different observer gains L. [17] 
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Figure 8: Simulation Results for the Actuator Temperature Fault- showing the temperatures 

(left), the peak value (middle) and the trend value (right) for the three different observer gains L.  

 
Figure 9: Simulation Results for the Actuator Power Losses Fault- showing the temperatures 

(left), the peak value (middle) and the trend value (right) for the three different observer gains L.  

 
Figure 10: Simulation Results for the Process Fault - showing the temperatures (left), the peak 

value (middle) and the trend value (right) for the three different observer gains L. [17] 

6.   Conclusion 

Based on the results, three main statements can be concluded: First, a significant 
residual peak value Jy-peak can be calculated for each simulated fault. Depending on the 
source of the fault in the system, the peak value shows either whether the fault occurs 
after (sensor fault) or inside/ before the feedback loop (actuator/ process fault), which 
can be used for fault isolation. Second, the trend value J trend indicates rapid changes in 
the system behaviour and changes of the residual with a high gradient. This behaviour 
is only caused by sensor faults; the other faults show low amplitude. Third, the 
observer gain L must be selected such that model uncertainties are compensated and 
fault detection is possible at the same time. The behaviour of each peak and each trend 
value remains the same, except for variation in quantity, independent of the value L. 
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Therefore, value thresholds J th based on the residual signal such as residual peak value 
gbJ th,r-peak can be chosen to detect faults as presented before. In contrast to widely used 
pre-set alert process output peak thresholds J th,y-peak, this method is also able to detect 
faults in transient stages and complements actual used systems. 

It is pointed out that without modeling the overall system, and doing so just for the 
individual measuring point, a detection of temperature faults can be achieved. The 
novel approach of concentrating the modeling only on the individual measuring point 
decreases complexity heavily. By overcoming the complexity it is possible to 
implement model-based fault detection without using high computational cost. 
Therefore, it is possible to implement this fault detection method directly in the control 
unit of the process such as a programmable logic controller. Furthermore the design of 
a fault simulation provides the possibility of early testing the introduced method, 
especially before the method is taken to necessary tests in the practice.  
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