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Abstract. The main objective of this paper is to 

introduce an academic example on the use of histograms 

to develop a wind turbine blade fault (or damage) 

detection system.  This approach merely uses data analysis 

obtained from a generated wind turbine power. Then, and 

based on the power curve of a wind turbine, histograms are 

obtained, first, for the healthy wind turbine operation, and 

then, for two cases on faulty wind turbine operations. By 

comparing them, a faulty behaviour of a wind turbine is 

detectable. Finally, according to our numerical example, 

the proposed technique seems a realistic case to students 

on the statistic and probability fields as a useful academic 

example. 
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1. Introduction 

 
Lately, the technological significance of electrical power 

production by employing wind turbines has increased and 

will keep doing it over the next decades [1]-[4], [8]. 

Moreover, the total installed capacity of wind turbines has 

also notably growth, for instance, in China, America, and 

Europe [4], [5]. Hence, to make wind turbines authentic, 

one key point is to reduce the maintenance of these 

turbines. Therefore, the development of new fault 

detection systems is a today’s important challenger on this 

objective.  

 

On the other hand, the pitch blade system is an important 

mechanical part of the wind turbine to warranty main 

stability of the overall closed-loop system, load reduction, 

vibrational mechanical reduction, and good quality of the 

producer electrical power, etc. [3], [4]. Finally, data 

analysis seems to be an efficient technique to study 

mechanical systems behaviour without requiring strong 

mathematical modelling. Even more, in some cases, this 

mathematical system model is not required at all, just the 

input and output data of the corresponding system [5], [7]. 

Hence, the main objective of this paper is to present a wind 

turbine blade fault (or damage) detection system by just 

using statistical data analysis via histograms. 

 

Additionally, statistical concepts and methods are useful 

to provide mechanisms to understand a system 

phenomenon. This is the main philosophy given in 

statistical and probability academic lectures [9]. 

Moreover, these academic disciplines teach us how to 

make intelligent judgments in the presence of uncertainty 

and variation by just employing data generated from the 

system under study [10]-[14]. Furthermore, motivating 

future engineering students is a mayor challenge in 

introductory statistics lectures. Therefore, new academic 

examples seem motivating, and, especially, when these 

examples are linked to a state-of-art technology as the 

wind turbines are.  

 

The rest of the paper is organized as follows. Section 2 

describes the probabilistic wind speed model based on the 

Weibull distribution. A summary of the power curve of a 

wind turbine in stated in Section 3. Section 4 gives our 

main contribution. Finally, the Conclusions are given in 

Section 5. 

 

 

2.  Wind modelling 

 

In the corresponding literature, it is well known that the 

Weibull distribution is the most used probabilistic model 

to represent the wind speed random behaviour to wind 

turbines [1],[6],[8]. This distribution is given by: 

 

𝑓(𝑥; 𝛼, 𝛽) = {
𝛼

𝛽𝛼 𝑥𝛼−1𝑒
−(

𝑥

𝛽
)

𝛼

, 𝑥 ≥ 0

0, 𝑥 < 0
,              (1) 

 

where ∝ and 𝛽 are the probabilistic model parameters to 

be estimated according to the regional environment where 

the wind turbine is located. For instance, the estimated 

values ∝= 2.05 and 𝛽 = 9.16 are obtained from a real 

wind speed data [5]. Here after, we are going to use these 

values. Figure 1 shows the corresponding Weibull 
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distribution. On the other hand, Figures 2 and 3 show a 

discrete-time sample of the corresponding Weibull type 

wind speed and its related histogram, respectively. 

 
Fig. 1 Weibull distribution of a wind speed random 

variable. 

 

 
Fig. 2 Sample of the random wind data generated by using 

the given Weibull probabilistic model. 

 

 
Fig. 3 The histogram obtained from the data shown in 

Figure 2. 

 

3. The Wind turbine power curve  

 
A wind turbine normally works in different operating 

modes along the wind speed range [3]. These operating 

modes are illustrated in the power wind speed curve as 

shown in Fig. 4. This region of operations is usually 

divided into four zones [3].  Once the uncertain nature of 

the wind speed is characterized by a random variable, a 

generated wind turbine power probabilistic model can also 

be characterized though an appropriate transformation [5], 

[8].  Finally, during the wind turbine operation, blades 

encounter complex loading with high number of cycles, 

such as aerodynamic loads, changing gravity moments, 

accidental impact, braking force, wind gust, etc., that may 

damage them [3]. 

 

 

 
 

Fig. 4 Typical wind turbine power curve. 

 

 

From the above power output characteristics of a wind 

turbine (see Fig. 4), it can be assumed that electrical power 

starts generating at the cut-in wind speed. Then, the power 

cubically increases to the rated output power. On the other 

hand, if the wind speed reaches the Cut-out speed value, 

for safety reasons, the turbine is shunted-down [3]. 

 

In our numerical example, we use the wind turbine 

parameters given in [5], and described as follows. The 

output power can be represented as: 

 

𝑃𝑎(𝑢, 𝜎) = {

0, 𝑢 < 𝑢𝑐 , 𝑢 > 𝑢𝑠

𝑐𝑢3 + 𝑁(0, 𝜎2), 𝑢𝑐 ≤ 𝑢 ≤ 𝑢𝑟

𝑃𝑟 , 𝑢𝑟 ≤ 𝑢 ≤ 𝑢𝑠

,     (2) 

 

𝑐 =
1

2
𝐶𝑝𝜌𝜋𝑅2,                           (3) 

 

where 𝑢 represents the wind speed, 𝑢𝑐   𝑢𝑟, and 𝑢𝑠 are the 

Cut-in, rated, and Cut-out wind speeds, respectively. In 

our scenario, we use following data [5]. The power curve 

coefficient 𝑐 = 0.03906 kg/m,  𝑃𝑟 = 20 kW, 𝑢𝑐 = 2 m/s, 

𝑢𝑟 = 8 m/s, 𝑢𝑠 = 18 m/s and 𝜎 is the standard deviation 

for the added Gaussian noise set to 0.5 kW. Moreover, 𝜌 

is the air density, 𝑅 is the radius of the rotor determining 

its swept area, and 𝐶𝑝 is a factor that accounts for the 

conversion rate of the total wind power to electrical power. 

Futhermore, see Fig. 6 for a picture representation of this 
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type of wind turbine and one of its benefit applications in 

today technology. That is, the use of wind turbines to 

battery charging of electric vehicles. This is a 

technological solution, for instance, in remote regions 

where the access to power lines is missing, such as, for 

instance, in economical emergent countries. 

Predominantly, however, 20kW wind turbines units are 

often used in agricultural and light industrial applications. 

It has also been used for years in remote village coverings, 

where diesel power systems supply electricity for a small 

grid is poor. Finally, because of we are using a ‘small’ 

wind turbine; the pitch angle is fixed structurally.  
Fig. 6 A 0.5kW wind turbine locate at a farm to possibly 

charging the battery of an electric farm vehicle. 

 

           

4. A Blade fault detection system 
 

Because of the power curve coefficient depends on the blade 

aerodynamic structure, any structure fault (or damage) in it 

will affect it. See Fig. 5. We are going to concentrate on the 

minor faults when the operation of the wind turbine is not 

affected but the damage may be move to a worse stage if it 

is not detected opportunely. Moreover, it is a realistic 

situation to assume that the wind speed is not exactly 

measurable. 

 

 

 
 

Fig. 5 Some blade damage examples. Some of them are 

minors and others are severs. 

 

 

Our fault detection design starts with the data acquisition of 

the generated wind turbine power in its healthy condition. 

Then, a probabilistic model is obtained by using a 

histogram. For instance, in our scenario, under the Weibull 

wind speed behaviour, this histogram is shown in Fig. 7. 

This stage may be considered as the training phase. We call 

it the reference healthy power 𝑃𝑎(𝑈), where 𝑈 is the random 

variable of the wind speed. Then, in a new wind turbine 

operation, we obtain new generated wind power and here 

represented as �̂�𝑎(𝑈).  For instance, in healthy condition, 

the difference histogram of the random process �̂�𝑎(𝑈) −
𝑃𝑎(𝑈) = ∆(𝑈) is shown in Fig. 8. From this figure, we can 

appreciate a symmetric description of the obtained 

distribution data. On the other hand, Figures 9 and 10 show, 

from others new run data of the corresponding wind turbine 

but on the non-healthy cases, the related histograms. From 

these figures, we may note a drastic change on the 

obtained histogram for ∆(𝑈). In resume, we have the 

following algorithm on wind turbine blade fault detection 

system based on data analysis: 

 

1) Obtain the healthy generated wind turbine power 

histogram based on data training. 

2) Obtain a new generated wind turbine power data 

and create its corresponding histogram. 

3) Find the difference ∆(𝑈) histogram. 

4) Decide if there exists a fault by studying the 

histogram of  ∆(𝑈). 

 

Additionally, there have been many techniques related to 

fault (or damage) detection of wind turbine blades [3]. The 

statistical based on methods usually employ the Principal 

Component Analysis (PCA). However, our approach 

seems simpler. Additionally, Fig. 11 gives the power curve 

of our turbine obtained by using our numerical simulated 

data. Finally, Fig. 12 shows the corresponding diagram 

box (or boxplots) of each case illustrated in Figures 8, 9, 

and 10, respectively. Clearly, from this figure, the boxplot 

is sensitive to the healthy and non-healthy wind turbine 

condition. 

 
 

Fig. 7 Histogram of the generated wind power in its 

healthy condition. 
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Fig. 8 Difference histogram ∆(𝑈) on healthy condition of 

the wind turbine. 

 

 

 

 

 

 

 
 

 

 

Fig. 9 Difference histogram ∆(𝑈) on non-healthy condition 

of the wind turbine. 

 

 

 

 

 

 
 

 

Fig.10 Difference histogram ∆(𝑈) on another non-healthy 

condition of the wind turbine. 

 

 

 

 

 
 

Fig. 11 The wind turbine power curve obtained from the 

numerical simulated healthy data. 
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Fig. 12 Diagram boxe for each analysed case (a comparative 

illustration). 

 

 

 

5.  Conclusion 
 

A wind turbine blade fault detection system based on data 

analysis has been proposed. This analysis can be realized 

even when the wind turbine is on real-time operation. 

Specially, our propose assumes that any minor blade 

damage affects the power curve coefficient. Obviously, 

there may exist other kind of faults that can affect, precisely, 

this coefficient. Moreover, even when we presented 

simulation data by using the Weibull probabilistic model 

distribution for the wind speed random variable, our overall 

scheme should work for any other type of wind speed 

probabilistic distribution because of the initial training stage 

phase. 

 

On the other hand, and from the academic point of view, we 

have built up an interesting example on the use of 

histograms and probabilistic models applied to a today’s 

technology on renewable energies. In contrast, in real 

applications, we are interested in detecting the fault within 

the shortest possible time period. From our data, it is 

possible to estimate a time fault diagnosis in about 100 

seconds if the sampling rate is 0.1 s (From Fig.2). 

Obviously, this topic can inspire a future work on it. 

 

Finally, the numerical experiments were realized by using 

R, an open-access high-level language and an environment 

for data analysis and graphics [15]. 
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