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Abstract  

Monitoring wind energy production is fundamental to improve the performances of a wind farm 

during the operational phase. In order to perform reliable operational analysis, data mining of all 

available information spreading out from turbine control systems is required. In this work a SCADA 

(Supervisory Control And Data Acquisition) data analysis was performed on a small wind farm and new 

post-processing methods are proposed for condition monitoring of the aerogenerators. Indicators are 

defined to detect the malfunctioning of a wind turbine and to select meaningful data to investigate the 

causes of the anomalous behaviour of a turbine. The operating state database is used to collect 

information about the proper power production of a wind turbine and a number map has been codified for 

converting the performance analysis problem into a purely numerical one. Statistical analysis on the 

number map clearly helps in detecting operational anomalies, providing diagnosis for their reasons. The 

most operationally stressed turbines are systematically detected through the proposal of two 

Malfunctioning Indices. Results demonstrate that a proper selection of the SCADA data can be very 

useful to measure the real performances of a wind farm and thus to define optimal repair/replacement and 

preventive maintenance policies that play a major role in case of energy production. 
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1. INTRODUCTION  

 

The monitoring of wind energy production is 

fundamental during the operational phase of a wind 

farm. Usually numerical modelling and experimental 

campaigns are carried out for wind-resource 

assessment and power performance prediction of a 

wind farm prior the installation of the turbines. Even 

if many techniques were developed for this purpose, 

disagreement between the predicted and the real 

production of a wind farm is often remarkable. Thus 

it is necessary to analyse the operational conditions 

of a wind farm both to increase the reliability of the 

assessment techniques and to define optimal 

repair/replacement and preventive maintenance 

policies, that play a major role in case of energy 

production. The SCADA (Supervisory Control And 

Data Acquisition) system is able to generate and 

organize a very functional database that can be used 

to monitor the wind farm and thus to set the optimal 

configuration for the aerogenerators, in order to 

maximize the energy production. Starting from the 

first methods based on the fault detection and 

analysis, more refined techniques were developed 

for wind turbines performance assessment [1, 2] and 

for the prediction and diagnosis of wind turbine 

faults [3]. In [3] the SCADA data, collected on a 5 

minute scale, are classified in four groups (wind 

parameters, energy conversion parameters, vibration 

parameters, temperature parameters) and are crossed 

against a database of status codes, entering at given 

times, ranked in four categories of decreasing fault 

severity. The power curve is studied both from 

filtering operational anomalies directly from the 

SCADA measurements, or crosschecking with the 

status code database, and a model curve is obtained 

by training neural networks to interpolate the 

scattered points. Computational models are 

developed to predict with certain accuracy a single 

severe fault occurring one hour before the fault itself 

appears in the status code report. 

In order to increase wind farm efficiency, wind 

farm power performance tests were defined [4] and 

wind turbine condition assessment has been 

performed through the analysis of the power curve 

[5, 6]: in particular in [7] a systematic analysis of 

three different operational curves (power curve, 

rotor curve, blade pitch curve) is set up from 

SCADA measurements. Reference curves are built, 

from a four year database, for each month 

independently by removing outliers due to 

anomalous behaviours: a multivariate outlier 

detection approach based on Mahanobis distance is 

used. Therefore skewness and kurtosis of the 

reference curves are computed and the performance 

monitoring is based by comparing these moments of 

the measured operational curves against the 

reference ones on a 2D-plot. 
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In [8] the wind control centre performances are 

analyzed globally and in particular the nature of 

SCADA analysis is depicted for its increasing role 

of cross-checking estimated power offer (from 

forecast) and actual one, measured from historical 

and meteorological data.  

In [9, 10] wind turbine condition monitoring has 

been developed applying Adaptive Neuro-Fuzzy 

Interference Systems (ANFIS) to SCADA 

measurements. A three step strategy has been 

followed: firstly normal behaviour models are used, 

by training Neural Networks, in order to monitor 

and detect anomalies on the relevant SCADA data. 

Subsequently occurred anomalies are related to 

reported faults, and relations are obtained to 

implement a knowledge database used by the Fuzzy 

Interference System to output diagnosis. In the 

following Paper [11] the performance of four data 

mining approaches for the ANFIS methods are 

compared. The Artificial Neural Network approach 

is an extremely fertile field [12]: in particular in [13] 

SCADA data of a given turbine are used for training 

models for predicting behaviour at nearby turbines. 

In [14] SCADA measurements are filtered for 

decorrelating them and subsequently statistical 

estimators of outliers related to anomalous behavior 

are built. 

Modern wind turbines are equipped with 

a complex monitoring system, so SCADA can 

provide a very large dataset that requires the 

development of new post-processing methods. In the 

present work a SCADA dataset of a wind farm 

installed in southern Italy is analysed and new post-

processing methods are proposed for the monitoring 

of the aerogenerators. The wind farm is composed 

of nine wind turbines with a rated power of 2 MW 

installed on an hillside area with quite gentle slopes. 

The most important turbine parameters are identified 

on the SCADA dataset and data mining is performed 

both for the performance analysis and for the 

understanding of the wind turbines behaviour during 

operations. 

 
2. THE SCADA DATABASE ANALYSIS: THE 

STRUCTURE OF THE DATABASE 

 

The SCADA database consists on a series of 

measurements (e.g. blade pitch, hub, gearbox, inlet 

temperature, active, reactive and apparent power and 

so on) performed on a 10 minute basis. For each 

parameter, minimum, maximum, average and 

standard deviation are recorded. Thus, for each 

turbine, around 140 data are recorded every 10 

minutes. To understand the real operational 

conditions of the wind turbines, the analysis was 

focused on the machine parameters that could be 

strictly related to the turbine performances. Among 

the data available from the machine control systems, 

the following parameters were considered more 

significant for the present study: active power output 

(kW), reactive power (kW), inlet temperature (C), 

(rpm). Measurements from a met mast (wind speed 

and direction at hub height and hub minus radius) 

were also used on post-processing to complete the 

SCADA dataset analysis. Measured parameters were 

analysed considering also the control system status 

code report, that lists the incoming or phasing out of 

a status. The code report is divided in two groups of 

data: operating states, which are mutually exclusive, 

and status codes (error, warning, info and operating 

state), some of which can coexist at a given time. 

Thus the complete dataset is composed of the status 

code database, that is a read only database, and of 

the SCADA measurement database, that can be cut 

or modified with respect to appropriate status codes, 

to obtain a filtered database. The interactions 

between the databases are shown in Figure 1.  

 

 
Fig. 1. The available dataset structure 

 
 

3. THE SCADA DATABASE ANALYSIS: THE 

CONDITION MONITORING PROCEDURES 

 

The first step of post-processing procedures was 

done developing routines to crosscheck and perform 

a series of controls on the acquired data. Because of 

the high level of IEC standards, the available data 

exceeds the typical data used for routine monitoring, 

so solid mathematical and computational tools are 

required. A first control was done considering the 

percentage in which each of the 9 turbines was in 

every operating state. The status code database 

coherence was checked summing these percentages 

and verifying that it was 100, being the operating 

states mutually exclusive. Then operating states 

statistics were obtained considering the status of 

each wind turbine. Considering the whole database 

(4 month of operational conditions), the Grid 

Operating State percentage is around 70 %, whereas 

20 per cent of the time the turbines operating state is 

the automatic start-up, that follows a brake program. 

Depending on the brake program, the sequence of 

the other phases that follows the automatic start up 

may have a different length, but they are of short 

duration. The graph of Figure 2 highlights these 

states and, being a clear indicator of the power 
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availability of each wind turbine, it can be used to 

detect the malfunctioning of a wind turbine.  

 

 
Fig. 2. Operating states statistics for a sample 

turbine 

 
Then, for each operating state and status code, 

the average and standard deviation were calculated 

on a daily, weekly and monthly basis.  

By analysing the operating states of the nine 

turbines, a malfunctioning was detected for wind 

turbine T53, as shown in Figure 3. This has been 

obtained by an automatic routine that computes 

mean and standard deviation on the whole turbine 

park of the percentages of each operating states: 

whereas significant deviations are met from the 

mean values, the statistics are performed on a 

shorter scale, weekly or even daily rather than 

monthly, in order to isolate the anomaly and thus cut 

a temporal window for which significant crosscheck 

with SCADA data can be done in order to 

investigate the causes of the anomaly. 

 
Fig. 3. Operating state 210 (Grid operation) and 

status code 0 (System OK) statistics: deviation in 

percentage of occurrence with respect to a reference 

turbine (T40) 

 

A closer examination can be done by analysing 

the operating states for each status code. Even if a 

malfunctioning was detected by the operating states, 

the percentage of the status code system ok for 

turbine T53 is comparable with those of the other 

turbines, as shown in figure 3-b. This crosscheck 

between status codes, turbine operating states and 

SCADA data helps in pointing out the reasons of the 

anomaly, unveiling if the underproduction comes 

from environmental condition (strong or rapidly 

variable wind), or if it comes from network or 

electrical problems: actually Status Code System 

OK on indicates that the turbine is potentially in 

condition of producing power, but if the operating 

state is not power output production, the anomaly 

must not come from the machine itself. It might be 

due, for example, to an electrical problem. 

Performing also a crosscheck and filtering of the 

SCADA data helps in verifying diagnosis 

hypothesis.  

The Grid Operating State and thus the turbine 

availability was then analysed for each wind turbine 

on a weekly basis, as shown in Figure 4.   

 

 
Fig. 4. Grid operating availability for turbine T40 

 
Wind (direction and intensity) and temperature 

(the wind farm is located in an hot site) are the main 

parameters related to the operating availability of 

each wind turbine, so a similar behaviour for all the 

turbines was attended, but from graph in Figure 4 it 

is clear that the wind turbine T53 has a remarkable 

collapse in maximum power performance. This can 

be highlighted using the operating states statistics 

and analysing the duration of Run Up operating 

state, that is a phase between a brake program and 

the subsequent returning of power availability. From 

the following graph in Figure 5, the malfunctioning 

of wind turbine T53 can be easily detected.  

 
Fig. 5. 5 run-up statistics 

 
Because this malfunctioning may be detected or 

not depending on the scale of observation (i.e. daily, 

weekly, monthly, global), this check can be used as 

an indicator to investigate the causes of the 

anomalous behaviour of a turbine in a certain 

period. This can be done by selecting the SCADA 

measurements corresponding to the Operating State 

Run Up active and analysing them in detail. This is a 

clear example of how the Status Code database can 

be used to select meaningful data from the 

measurement SCADA database. 
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The operating state database can also be used to 

collect information about the proper power 

production of a wind turbine. The theoretical 

available power curve (Betz limit) of a wind turbine 

is: 

  

 

32

827

16
)( vdvf

  (1) 

 

diameter. If we simply graph the active power 

measurements of a wind turbine (e.g. wind turbine 

T40) against the wind speed at the nacelle we obtain 

the first graph of the following Figure 6. 

 
Fig. 6. unfiltered (a). filtered on power-speed 

product (b) and double filtered (c) power curve 

 
A first operation can be the renormalization of 

the wind speed with the density factor, which is 

available from the SCADA data. Then, to filter these 

data, it is necessary to select the operating state 

significant for the proper power production. The 

output power can be curtailed due to rapidly 

changing winds, with the blade pitch angle being not 

fast enough to adjust to the wind direction, and 

might therefore not be due to a degradation of the 

wind turbine. A first condition to select significant 

data is that, for accepted data, the power-speed 

product is greater than 1. The filtered power curve is 

the (b) shown in Figure 6. 

An interesting crosscheck can be done by 

analysing the data excluded by this filter considering 

the status code database, to inquire whether the 

turbine is in any problematic operating state, and 

considering the SCADA measurements.  

Then, as a second step, only data acquired when 

the operating state of maximum power production 

was on were accepted (Figure 6-c).   

Data are now filtered on the operating state, 

which gives information about the proper power 

production, and thus they can be used to compare 

active power measurements against the wind 

velocity at the nacelle with the theoretical power 

curve. This tool can be used to verify if the 

contractual obligations between the original 

equipment manufacturer and the wind farm operator 

are met. 

 

4. THE SCADA DATABASE ANALYSIS: THE 

STUDY OF THE WIND FARM 

BEHAVIOUR 

 

An analysis of the behavior of the turbine park 

has been performed by the point of view of the 

nacelle response to the wind: discrepancies between 

the wind direction measured respectively by the 

anemometer and by the turbine nacelles have been 

investigated throughout the park and plotted on 

a three-dimensional graph along all the wind rose. 

It is intuitively expected such discrepancy being 

a function of the distance between the turbine and 

the anemometer: this effect is clearly visible in the 

subsequent three-dimensional graph, Figure 7. 

 

 
Fig. 7. Anemometer-nacelle wind direction shift 

calculated referring to the met mast 

 

Yet, such amplitude, increases with the nacelle-

anemometer distance, is not homogeneously 

distributed along the wind rose, as might be 

expected and as is shown in Figure 8. This should be 

due to wake effects, which can be further 

investigated with numerical tools such as CFD 

(Computational Fluid Dynamics) and the actuator 

disc model [15]. 

 
Fig. 8. Anemometer-nacelle wind direction spread 

vs distance, sector by sector 
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5. THE NUMBER MAP 

The above analysis provides useful indicators for 

inquiring wind farm performances and 

malfunctioning on a large time scale. Yet, it might 

be useful to take trace of granular information: what 

each turbine does on the same 10 minute time basis 

as the SCADA database. The idea is therefore to 

associate to each 10 minute time step an appropriate 

number codifying smartly the information contained 

in the control system database. Doing this, one turns 

the issue of performance monitoring into a 

numerical and statistical problem, for which 

hugeness of the sample datasets becomes a power 

rather than a limitation. 

Codifying with a number what each turbine does 

during a 10 minute time step is quite 

straightforward: the idea is to associate to each 

Operating State a digit, which shall turn to 1 if the 

corresponding Operating State turns on during the 

time step, or else remains 0. The only exception to 

operating state: actually one should consider 

percentage of power output production time exceeds 

a fairly high threshold, which for the present work 

has been established at 75%. 

As shall be shown below, the simplest statistical 

indicators as mode, mean and standard deviation 

provide powerful and simple explanatory answers 

from the complexity of the input data.  

In the number map of the turbine operating states 

a meaning has been assigned to the hugeness of the 

number itself: a hierarchy of digits has been 

established, the rightmost digit being associated to 

the state most expected and standard (Grid 

Operating). Moving from right to left along the 

digits, one encounters the Automatic Start-Up phase 

when the turbine is ok but expecting enough wind 

strength to restart, all the restart and system test 

phases and finally, leftmost, the most traumatic 

operational phases: the Brake Programs. 

Further time steps have been classified according 

to another criterion: production (or potential 

production) or not. It is indeed crucial to distinguish 

whether a turbine is producing output, or is not 

producing but not because of its operational 

malfunctioning (likely because there is not enough 

wind), or is not producing because of faults. A time 

step has therefore been considered not productive 

neither potentially productive if the sum of the 

percentages of act

-

exceed a threshold, which has been established for 

the present work at 25%. For each turbine, a first 

indicator of operational quality is counting 

productive and not productive time steps and 

computing the mode of the Operating States 

throughout these two sets separately. The order of 

magnitude of the number of productive and not 

productive steps for each turbine provides first 

evidence of possible malfunctioning and the mode 

of the Operating States on the set of not productive 

time steps provides first explanations of 

malfunctioning reasons. The following Table 1 

displays such approach for a sample period of five 

months and highlights a considerable operational 

anomaly for turbine T55 with respect to the other 

turbines of the wind farm; further turbine T42 peaks 

along the farm for its sensibly better performances. 

 

Table 1. Statistics on productive and not productive 

time steps 

 
 

The above analysis highlights tendencies along 

the history of each turbine separately. Even more 

a whole and inquiring step by step turbine 

operational deviations from the main trend of the 

farm: an anomalous time step for a given turbine is 

defined as a 10 minute interval during which such 

turbine behaves differently from the mode of the 

farm. Having performed such horizontal separation 

of time steps, subsequently a vertical analysis along 

the history of all the anomalous time steps of each 

turbine can be performed: they can be separated in 

productive (or potentially productive) and not 

productive, as defined above, and the number of 

time steps falling in each set can be analyzed, since 

this provides useful indicator on the operational 

behavior. Actually one can inquire whether a turbine 

a turbine deviates from the main trend of the farm 

mainly because it performs better or instead for 

malfunctioning. Further the mode of the states on 

the anomalous, respectively productive and not 

productive, steps of each turbine can be computed. 

In particular, the mode of the states on the 

anomalous not productive steps is highly relevant 

for detecting why a given turbine deviates 

problematically from the dominant farm behavior. 

This analysis provides useful indications for fault 

diagnosis and for building a historic database of 

operational problems of each turbine. Below, Table 

2 displays such analysis on the same 5 months 

period as Table 1 above and highlights the most 

urgent Brake Programs for each turbine. 
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Table 2: Statistics on productive and not productive 

anomalous time steps 

 
 

The Operating States database basically provides 

what each turbine has done and the method above is 

able to encode and follow granularly operational 

behavior and its evolution. For diagnosis sake, it is 

useful to combine such analysis with a similar one 

involving the Status Codes database, which basically 

encodes, through Error, Warning and Information 

entries, why each turbine behaves as described by 

the Operating States. Actually the not productive 

time steps have been isolated and on this dataset a 

numerical map of the Status Codes, resembling the 

one adopted for the Operating States, has been 

applied, assigning to each Status Code a digit, which 

turns to 1 if the corresponding Status Code turns on 

during the 10 minute time interval. The mode of the 

Status Codes on the not productive dataset has been 

computed. As displayed in the following Table 3, 

this data-mining algorithm provides consistent 

interpretation for malfunctioning diagnosis. The 

turbine T55 has undergone an extended not 

productive phase, which is not highlighted by any 

Status Code: this is consistent with a manual 

manteinance, which has actually gone on. For the 

other turbines, the analysis displays malfunctioning 

causes associated to Frequency Converter Errors and 

Overload Gear Oil Pump: these information is 

extremely useful not only for investigating ex-post 

underperformance but also for diagnosis and future 

fault prevention, since it points out the main 

operational stress of each turbine. 

 

Table 3: Status code statistics on not productive time 

steps 

 
 

The analysis above is extremely useful for 

detailed fault diagnosis. Yet it is interesting also to 

summarize the amount of operational 

malfunctioning each turbine has faced, disregarding 

the details of it but just keeping trace of quantity and 

severity. For this reason, on the grounds of the 

above method, two Malfunctioning Indices have 

been built. 

 

The first Malfunctioning Index is defined as the 

ratio of the number of not productive neither 

potentially productive time steps to the number of 

anomalous time steps, as in the following Equation 

(2): 

 

 
I1 =

Nnot productive

Nanomalous  (2) 

 

The second Malfunctioning Index is defined as 

the ratio of the number of anomalous not productive 

time steps to the number of anomalous productive 

time steps. This index quantifies if the turbine 

deviates from the trend of the farm mainly because it 

performs better or instead because it does not 

produce power output. Such Index is defined in the 

following Equation (3): 

 

 

I 2 =

Nanomalous not productive

Nanomalous productive   (3) 

 

The following Figures 9, 10, 11, 12 display the 

results for the two Malfunctioning Indices on the 

same analysis period as above, both on monthly and 

global 5 months scale: the trend of the two indices 

along the wind farm is the same, even if the second 

one better sharpens the peaks, and they indeed 

brilliantly highlight the turbines most affected by 

operational faults. 
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Fig. 9. Malfunctioning Index I1 on a monthly basis 

 

 
Fig. 10. Malfunctioning Index I1 on a 5 month basis 

 

 
Fig. 11. Malfunctioning Index I2 on a monthly basis 

 

 
Fig. 12. Malfunctioning Index I2 on a 5 month basis 

 
5. RESULTS AND CONCLUSIONS 

 

In this work a SCADA data analysis was 

performed on a wind farm composed of nine wind 

turbines and new post-processing methods are 

proposed for the monitoring of the aerogenerators. 

The most important turbine parameters were 

identified on the SCADA dataset and data mining 

was performed both for the performance analysis 

and for the understanding of the wind turbines 

behaviour during operations. Then routines were 

developed to crosscheck and make a series of 

controls on the acquired data. An automatic routine, 

providing indicators of the power availability of the 

wind turbines was defined. Significant deviation 

from the mean statistics on the whole park, and thus 

the malfunctioning of wind turbine T53 was 

detected. The operating states were then used both 

to confirm the malfunctioning of wind turbine T53 

and to select data to be analysed to investigate the 

causes of its anomalous behaviour. Also the 

SCADA measured values are fundamental to study 

critical operating situations such as strong wakes 

loads due to rotor misalignment. Results 

demonstrate that a proper selection of the measured 

parameters, considering the operating and status 

code dataset, can be very useful to investigate the 

real performances of a wind farm and to understand 

the behaviour of each wind turbine. Further the 

analysis of the operational conditions of the wind 

farm and of single turbines has ben carried on 

through a number map, which transforms 

performance monitoring into a numerical problem, 

assigning a digit to the activation of each operating 

state during a 10 minute time step. Statistical 

analysis on the number map is a powerful tool in 

fault diagnosis and for inquiring reasons of the main 

operational stress of each turbine and of the whole 

farm. Further two Malfunctioning Indices have been 

built, codifying amount and severity of operational 

downtime of each turbine. It has been shown that 

such Indices brilliantly capture the trend of the farm 

behavior. The proposed data mining techniques and 

analysis methods can be helpful both to increase the 

reliability of the assessment techniques and to define 

optimal repair/replacement and preventive 

maintenance policies that play a major role in case 

of energy production. 
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