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Abstract

:

In the wind energy industry, the power curve represents the relationship between the “wind speed” at the hub height and the corresponding “active power” to be generated. It is the most versatile condition indicator and of vital importance in several key applications, such as wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, and condition monitoring, among others. Ensuring an effective implementation of the aforementioned applications mostly requires a modeling technique that best approximates the normal properties of an optimal wind turbines operation in a particular wind farm. This challenge has drawn the attention of wind farm operators and researchers towards the “state of the art” in wind energy technology. This paper provides an exhaustive and updated review on power curve based applications, the most common anomaly and fault types including their root-causes, along with data preprocessing and correction schemes (i.e., filtering, clustering, isolation, and others), and modeling techniques (i.e., parametric and non-parametric) which cover a wide range of algorithms. More than 100 references, for the most part selected from recently published journal articles, were carefully compiled to properly assess the past, present, and future research directions in this active domain.
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1. Introduction


Among renewable energy resources, wind energy technology has emerged as one of the most outstanding sources of power due to its competitiveness in terms of economic benefits and environmental friendliness [1,2,3]. In the last decade, the industry has experienced tremendous growth in various aspects, for instance, in terms of the technology to harvest the wind power effectively, the increasing number of wind farms and installed wind turbines, and the extension of wind farms from onshore to remote locations and offshore, among others. This growth has been partially influenced by the increasing demand for wind power in the most recent years. Meeting these high demands requires a massive penetration of “wind power” in the power grid system. However, the volatile nature of wind causes uncertainty and significant challenges in the “energy management systems” (EMS) in terms of scheduling and dispatching, which consequently impact the “reliability” of the power grid system [4,5,6]. This problem has drawn the attention of researchers towards the state of the art to develop appropriate solutions. A large portion of the developed solutions are established through wind turbine “power curve”. In fact, the power curve has proven to be a key condition indicator of the wind turbine as it represents the relationship between the “wind speed” at the hub height and the corresponding “active power” to be generated [7,8,9,10].



According to the reviewed literature, most research articles in the power curve framework can be classified into four major categories: (i) the first category refers to research works which are focused on the aspects related to wind farm development, such as wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, among others; these studies do not necessarily used historical data of wind turbines, as they are based on measurements from the test site; (ii) the second category refers to research works focused towards condition monitoring with regards to anomaly and fault detection, along with diagnosis and prognosis. Such studies indeed require historical data which includes the “wear and tear” of the wind turbine; the data is often attained through a standalone “condition monitoring system” (CMS) or the “supervisory control and data acquisition” (SCADA) system; (iii) the third category refers to research works exploring data preprocessing and correction schemes to guarantee the integrity of the historical dataset prior to modeling; in general, these methods are based on filtering, clustering, and isolation approaches, among others; (iv) lastly, the fourth category refers to research works based on modeling techniques in which a wide range of techniques from parametric to non-parametric algorithms have been explored.



Although this research field continues to evolve, most review articles currently available in literature (see brief descriptions in Table 1) only focus on the latter category of the aforementioned power curve-based research works, that is, the modeling techniques. Consequently, most of the other key aspects involved in the process of power curve modeling and recent findings are ignored, for instance:




	
A large portion of the modeling techniques requires optimal (normal) historical data to be available in advance for model learning purposes. Yet, how to attain an optimal (normal) historical data to train and validate the models is completely ignored in the currently available review papers.



	
Recent findings have reported a wide range of power curve based anomalies and fault signatures, which is very effective for root cause analysis, diagnosis and prognosis. However, none of the currently available review papers have addressed those recent findings.








In order to fill these gaps identified in the literature, the main contributions of this research article are as follows:




	
The applications of the wind turbine power curve are explored, including their involvement in the process of wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, and condition monitoring.



	
The most common types of power curve based anomaly and fault signatures are investigated and analyzed from a diagnostic standpoint. That includes a wide range of issues, such as those caused by “damaged power measuring instrument”, “communication equipment fault”, “imposed control action”, “load sensor failure”, and “harsh environmental conditions”, among others.



	
Data preprocessing and correction schemes, which are usually performed prior to modelling the power curve of wind turbine in order to attain the optimal (normal) historical data, are explored. That includes methods in the framework of filtering, clustering, isolation, and other approaches.



	
An updated review of the modeling techniques including parametric and non-parametric algorithms is presented along with the most common performance metrics.








The remainder of this paper is presented as follows: Section 2 is dedicated to introducing the wind turbine power curve, followed by its applications in Section 3. In Section 4, power curve based anomaly and fault signatures are explored. In Section 5, data preprocessing and correction schemes are presented. Section 6 provides an updated review of the power curve modelling techniques, followed by an overall assessment in Section 7, and discussion and prospects in Section 8. Finally, Section 9 provides final conclusions.




2. Wind Turbine Power Curve


According to the reviewed literature, the wind turbine power curve represents the relationship between the “wind speed” at the hub height and the corresponding “active power” to be generated [13,14,16]. A general approximation of this “nonlinear relationship” can be expressed as:


  P =  1 2  ρ A  C P   (  λ , β  )   v 3         



(1)




where  ρ  represents the “air density”,  A  indicates the “swept area”,    C P    denotes the “power coefficient” of the wind turbine, and  v  designates the “hub-height wind speed” (m/s). Important to mention that the “power coefficient is a function of tip-speed ratio  λ  and blade pitch angle     β  ”. Through the power curve, one may notice that wind turbines operate in different operating modes, partially dependent on the wind speed ranges.



In Figure 1, the appointed modes of operation of a wind turbine, assigned as “regions”, are (ideally) shown:



	
From a low-level wind speed, the wind turbine doesn’t generate power; power generation commence at the “cut-in speed”    v  c u t − i n    ;



	
When the wind speed level rises from the “cut-in speed”, the wind turbine generates power at an increasing rate, up to the “rated speed”    v  r a t e d    ;



	
Having reached the “rated speed”, the wind turbine generates power at a constant rate, which is the maximum rated power up to the “cut-off speed”    v  c u t − o f f    ;



	
From the “cut-off” speed limit, it is generally turned off as a preventive measure, in order to safeguard the wind turbine from higher speeds which may expose danger and damage the wind turbine seriously.






2.1. Ideal Power Curve


Essentially, the power curve is certified by the builder, and the process of certifying is established by the “international electrotechnical commission” (IEC) [14,16]. The so-called procedure consists of “simultaneous measurements” of the “wind speed” and “output power” which is measured at the “test site” for a substantial duration for the purpose of collecting information during different “atmospheric conditions”, on which the observed power curve may be defined. In general, this curve may be obtained by performing the “method of binning” [16,18], which may be expressed as:


   P i  =  1   n i      ∑   j = 1    n i     P  i j    



(2)




where    P  i j     denotes the output power of the  j th data point in bin  i , while    n i    represents the amount of data points in bin  i . Note that in the demonstrated “plane version” of the “binning method”, except the wind speed, all of the variables representing environmental factors are ignored. Nevertheless, the research community has realized the importance of other factors such as the “air density” as part of the calculation for the power curve; to do so, a procedure, namely “air density correction”, is performed. Hence, from Equation (1), where  v  denotes the “raw wind speed”, the adjustment by “air density correction” procedure is performed based on the “measured air density”    ρ  , and can be expressed as:


   v C  =  v M     (   ρ   ρ 0     )     1 3         



(3)




where    v C    and    v M    represent the “corrected” and “measured” wind speeds individually, and    ρ 0    is the “dry air density” at “sea level”, as per “international atmospheric standard”    (   ρ 0  = 1.225   kg /  m 3   )   , [19].



The “ideal” power curve is usually employed for a wide range of applications, such as “wind energy prediction” and “choice of wind turbines”, to mention a few. In particular, it may also be employed as a “reference” for purposes such as “wind turbine performance assessment” to evaluate the significance and effectiveness of the upgrades on wind turbines as they deteriorate through time.




2.2. Actual Power Curve


It should be mentioned that the “ideal power curve”, given by the wind turbine builder and curated through the standard procedure set by the IEC, doesn’t consider the “wear and tear” of the wind turbine. Hence, it may result in a curve deviation when analyzed in comparison with the “actual power curve” attained through data from the SCADA system [20,21]. The main factor for this deviation may be attributed to the variation in power curve values for equal wind speeds. Therefore, it may not be appropriate to directly apply the so-called standard approach for purposes such as “anomaly and fault detection”. Instead, a more delicate approach may be required.





3. Applications of Power Curve


Accurate power curve based models are essentially useful in a number of applications in the wind energy industry. Such applications mainly include wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, and condition monitoring. This section is dedicated to providing a brief review on the aforementioned applications.



3.1. Wind Turbine Selection


When developing a particular wind farm, choosing the characteristics of the wind turbines to invest in, becomes an essential task, especially in the beginning stage of the project. The power curve of the wind turbine may serve as a critical indicator in a generic comparison between wind turbine types and can eventually assist in the process of choosing the appropriate wind turbine, considering the options available [14,16]. Optimization of wind farm system efficiency can be ensured by careful assessment and selection of wind turbine properties matching the wind regime of the site [22,23,24,25]. Several aspects need to be taken into consideration, for example, the wind turbine size, compatibility of the wind turbine type and the site, its history in terms of availability and reliability, and its warranty, among others. In general, the size of wind turbine has a close relationship with the amount of power to be produced. This fact is further illustrated in Figure 2. Two main constraints need to be taken into consideration:




	
On one hand, one may notice that, although larger and taller wind turbines are able to produce more power compared with the smaller and shorter ones, larger wind turbines can cause added expenses and delays in maintenance when replacing major components. One of the major challenges is the lack of facilities to lift heavy loads to the top of tall towers.



	
On the other hand, smaller wind turbines are apparently easier with regards to maintenance; however, they could provide lower production revenue due to shorter towers or less efficiency in general.








There are several other constraints that may play a role in deciding which of the aforementioned trade-offs to take on. For instance, the area available for the project (wind farm development) and the chosen site (onshore or offshore) are important factors. Offshore projects often require the use of larger wind turbines, whereas onshore wind farms may have a very limited area for the project and, therefore, there are often limited choices.




3.2. Capacity Factor Estimation


The capacity factor of a wind turbine “is the ratio of the average output power of the turbine over a period of time to its potential output if it had operated at rated capacity the entire time” [26,27,28,29,30,31]. This is mathematically expressed as:


  C F =    P  a v g      P r       



(4)




where    P  a v g     and    P r    denote the average and the rated power, respectively. In such studies, the “wind speed” is often estimated by employing the Weibull distribution. Such information, which requires the wind turbine power curve, is essential for various purposes such as the “sizing and cost optimization studies”, “optimum turbine-site matching”, and “ranking of potential sites”, among others.




3.3. Wind Energy Assessment and Forecasting


The identification of effective and suitable areas for wind energy development requires the assessment of wind resources such as “wind speed” and “active power”, including the forecasting of output power around the prospective area. In particular, accurate power forecasting is essential to overcome issues such as underestimation and overestimation; such issues can affect the reliability of power delivery. The current and ongoing increase of wind energy penetration in the “power grid systems” have highlighted the issues caused by the volatile nature of “wind speed”, and the challenges it imposes in the energy management systems (EMS) in terms of scheduling and dispatching [32]. In recent years, this problem has drawn attention in the wind energy industry and in academia, and, as a result, a considerable extent of research efforts have been made in this regard. State of the art methods, which are broadly explored in Section 6, have been employed for modeling in order to enable an accurate power forecasting. Note that power production often relies on the health state of the wind turbine, which will deteriorate over time, and, thus, service and/or upgrades are often required. The effectiveness of upgrades can be assessed through the power curve, as illustrated in Figure 3. Note that a deteriorating wind turbine will produce power below the expected margin, whereas the upgrades will enable the wind turbine effectiveness to either be restored as intended by the manufacturer or surpass its initial potential, depending on the quality of the exercised upgrades [18].




3.4. Condition Monitoring


Wind power is on a strong growth path in Europe and around the world. Operation and maintenance costs still contribute about 25–30% of the “levelized cost of electricity” (LCOE) in on- and offshore wind turbines [1]. Therefore, many operators wish to further cut the maintenance costs and increase the uptime of their wind farms [33,34,35]. Advanced wind farms are continuously and remotely monitored to further reduce the maintenance costs by detecting operation faults and developing damages early, thereby enabling an early response and informed decision making. Automated condition monitoring, including diagnostics and prognostics, is the prerequisite for implementing effective condition-based maintenance strategies.



Modern wind turbines may be equipped with several hundreds of sensors that monitor the turbine subsystems and the environmental conditions. The sensors can acquire hundreds of gigabytes of condition data every day. Those data typically contain information about power production, thermal and electromechanical state variables, vibration responses, oil quality, and ambient conditions [36]. In addition to the dedicated sensing systems, comprehensive data from the “supervisory control and data acquisition” (SCADA) system are usually available to complement the monitoring process. SCADA data have been proposed for fault detection tasks to act as inexpensive proxies for dedicated sensing and fault detection systems [37,38,39,40,41]. Such data typically provide the active power generation and rotor speed, along with components’ temperatures, ambient conditions, and other variables at 10 min mean values. SCADA systems usually log the temperatures of critical drivetrain elements such as gearbox bearings. This is because damage processes are often associated with excessive component temperatures that may originate from, for example, abnormal friction or undesired electrical currents. Thus, SCADA-based condition monitoring often involves monitoring of component temperatures. That said, SCADA data are also used to monitor the active power generation of wind turbines [42].



Several approaches for fault detection established through SCADA data have been proposed, including normal behavior modeling and the analysis of trends, clusters and log data [41]. Normal behavior modeling is among the most relevant approaches in practical application in condition monitoring centers. Normal behavior models (NBMs) characterize the normal operation of a subsystem as expected under fault-free operation conditions. Significant deviations from the expected normal operation may indicate developing fault conditions. Normal behavior modeling based on wind farm SCADA has been reviewed by [41]. NBMs of the power generation have been presented by multiple studies including, for example, [4,13,14,38,40,43,44,45,46,47]. In their simplest form, NBMs of the power generation  P  correspond to nonlinear functions   P = f  ( v )      of the wind speed     v  . Those functions are called power curves. Turbine specific power curves can be estimated with statistical or machine learning regression algorithms from historical SCADA data of the 10 min mean power generation  P  and wind velocity  v  as measured by a nacelle anemometer [48,49]. The power generation usually depends on variables other than wind speed, for example, on air density  ρ  and wind direction  α  at the turbine. Therefore, more complex power curves can be expressed as functions   P = f  (  v , α , ρ  )    that can be empirically estimated from the available condition monitoring and SCADA data from each turbine’s past operation. Moreover, power generation can also be estimated as part of multiple target/output variables in a multi-target model [47]. For example, if it is desired to monitor the gearbox and the generator bearing temperatures besides power, then an NBM  f  can be trained, e.g., based on the “wind speed, direction and air density measurements”, where    [  P ,    T  g e a r   ,  T  g e n e r a t o r    ]  = f  (  v , α , ρ  )   . One of the main advantages of the resulting NBMs (power curves) is that they can be estimated based on SCADA data from the past operation of the monitored turbine, which enables an accurate estimation that accounts for turbine-specific conditions, such as wake effects from neighboring turbines. More accurate models reduce the delay involved in detecting a fault and can therefore enable an earlier detection of developing faults [50]. The resulting empirical regression models are in use in wind farm condition monitoring centers to detect any underperformance or power-related faults at an early stage.



In particular, power curve based condition monitoring is essential for wind farm operators. In fact, anomalies and fault signatures detectable via the power curve, can play a significant role in early detection as the “first indication” that something is wrong [44,51,52]. When applied in the context of NBMs as describe above, such a model is capable of detecting any unusual operations by performing calculations with regards to the difference between the actual and the predicted values, also known as residuals [18,21,47,53], which can be described as:


   R e  =  y i  −   y ^  i       



(5)




where    y i    and     y ^  i    denote the actual and the predicted values, respectively. Subsequently, a “control chart” is employed for detection of abnormal behavior. For instance, as shown in Figure 4, in general, a typical common rule is applied as follows:




	
If the attained residuals are continuously fluctuating between the established threshold limits, then the wind turbine is considered to be functioning according to the norm;



	
Else if the attained residuals rise or descend beyond the established threshold limits, the wind turbine is considered to be experiencing an unusual event. In such cases, the moment when the residual crosses the threshold limit, may be considered as the first detection time.








Condition monitoring can be performed in two ways [54] namely, online and offline.



	
Online Condition Monitoring: Online condition monitoring refers to real-time inspections. In this approach, the wind turbine is continuously under observation and often involves automatic systems.



	
Offline Condition Monitoring: Offline condition monitoring refers to periodic inspections. In this approach, the wind turbine is required to be “shut down”, and often requires operator’s intervention.






According to the reviewed literature, power curve based condition monitoring plays a significant role in wind farm operations and maintenance, as it enables an overall assessment of the wind turbine.





4. Anomaly and Fault Signatures


4.1. Indications of Suboptimal Performance


In general, historical data collected from wind farm’s SCADA system usually contain large numbers of abnormal data, which are caused by anomalies or faults. There are numerous causes that could result in power curve data deviation. Depending on the root cause, the power curve exhibits a statistically different shape compared to the norm. In most cases, anomalies are mainly caused by sensor accuracy degradation or malfunction, communication equipment error, environmental condition, or an imposed control action, whereas faults are mainly caused by blade, yaw, or pitch system faults [55].




4.2. Most Common Anomaly and Fault Types


Based on the reviewed literature and according to the statistical characteristics shown in Figure 5, the most common power curve based anomaly and fault types are described in Table 2, and further illustrated in Figure 6, Figure 7, Figure 8, Figure 9 and Figure 10, including normal power curve in Figure 11.



In addition to the types outlined in Table 2, there are two other types of anomalies and faults which are not often discussed. They include:




	
Type 6: Negative power curve values. Such events are often identifiable through the observed data points below zero.








Root cause: From the “cut-in speed”, the wind turbine may be required to “draw power from the electrical grid to start up or maintain rotation during short lulls, which can result into negative power production” [55,56].



	
Type 7: Overrating. Such situations are true in the presence of data points found above the rated power.






Root cause(s): There may be a variety of reasons that may trigger such events, including “wind speed sensor malfunction/failure”, or “control system issues”. However, to the best of authors’ knowledge, the root causes of this particular even have not been broadly documented.



According to [55], the following three modes of fault derive a subdivision of most possible faults causing “suboptimal performance” in wind turbines:




	
Blade Fault: Rotor blade surface degradation results in a reduced aerodynamic efficiency, which will cause reduction in power generation of the wind turbine.



	
Yaw System Fault: In general, the “yaw system” aims to maintain the wind turbine pointing towards the wind direction properly. Misalignments may result in “lowered airflow” through the wind turbine, and hence, lower power generation. This may take place across the “wind speed” range.



	
Pitch System Fault: For pitch regulated wind turbines, and below the “rated wind speed”, the blades generally pitch towards the angle that enables a greater aerodynamic efficiency. Considering “wind speed” above the “rated speed”, the blades pitch to mitigate the fraction of power transferred from the wind and to maintain the rated power. Faulty pitch mechanisms are probably to appear in a greater variability at all “wind speeds” or can result to over-production or under-production of power at higher “wind speeds”.








It should be noted that the variety of fault and failure modes in wind turbines are not restricted to the aforementioned three modes. For more detailed information on wind turbine faults and failure modes, interested readers are referred to [54,57,58]. Also, several research papers have specifically addressed different types of anomalies and faults on wind turbine power curve. Brief descriptions of these papers are provided in Table 3.





5. Data Preprocessing and Correction


As introduced in the previous sections, there are various issues that may trigger variations in the wind turbine power curve data. Such issues may involve damaged power measurement instrument, communication equipment failure, power curtailment, sensor failure, turbulence by wake effects or loading ramp, sensor accuracy degradation, instrument faults, noise in the processing systems, and environmental conditions, among others. As a result, a direct use of the obtained data without prior preprocessing and corrections may not be appropriate for the power curve modeling purpose. Indeed, data correction prior to modeling is vital to ensure the integrity of a future model. Note that if the collected data is used directly without correction, the obtained model will represent a power curve with distorted statistical characteristics [60]. Therefore, several approaches such as filtering (e.g., “moving mean”, and “locally weighted regression” (LOESS)), clustering (e.g., “k-means clustering”, “density-based spatial clustering of applications with noise” (DBSCAN), and “self-organizing map” (SOM)), and isolation (e.g., “isolation forest” (iForest), and “local outlier factor” (LOF)), have been explored in the literature for the purpose of mitigate the impact of “abnormal data” in the subsequent modeling phase. This section is dedicated to investigating data preprocessing and correction schemes employed in the process of power curve modeling.



5.1. Filtering Approach


Given a dataset with minor or local anomalies, a filtering method can help to reduce the impact of abnormal data in the subsequent modeling phase. There are many filtering methods, however, the most widely used methods are namely, the statistical “moving mean” and “locally weighted regression” (LOESS).



	(a)

	
Moving Mean: Extracting a statistical moving mean feature from both signals that essentially constitute the power curve (i.e., “wind speed” and “active power”) can often help to reduced minor stochastic effects found in the dataset. The “moving mean” feature can be obtained by the following mathematical description:









   x ¯  =    x i  +  x  i − 1   + … +  x  i −  (  n + 1  )     n  ,   i = n ,   n + 1 ,   … ,   l    



(6)




where  n  denotes the size of the moving window,    x i    represents the  i th value at time  i , whereas  l  designates the length of the considered signal. This approach (moving mean) has been used in [70,71] to reduce the stochastic effects in SCADA data.



	(b)

	
Locally Weighted Regression (LOESS): Essentially, LOESS is a smoothing algorithm. In LOESS, every smoothened value is determined using the neighboring data points within a given span. The regression weight for each data point in the span is calculated using the following expression:









   w i  =    (  1 −    |    x −  x i    d  ( x )     |   3   )   3   



(7)




where  x  denotes the predictor sample related to the sample to be “smoothened”,    x i    represents the closest neighbors of  x  in the “span”, and   d  ( x )    denotes the “horizontal distance” between  x  and the furthest predictor sample in the span. LOESS employs “locally quadratic regression” as a “weighted linear least-squares regression”, determining the smoothened sample through “weighted regression” at the predictor sample. This approach (LOESS) was used in [70] to attain a robust power curve reference and in [72] for smoothing purpose.



Remarks (on filtering approach): It is important to mention that although filtering approaches are generally simple and effective, the moving window value (in case of moving mean) and the span value (in case of LOESS) are critical parameters to take into consideration. Large values for such parameters may result in loss of important information, whereas small values may not be as effective. Therefore, finding an optimal value is essential for an effective implementation of a typical filtering approach.




5.2. Clustering Approach


One of the most widely used approaches to detect and remove abnormal data is through clustering. In most cases, the employed clustering approaches are typically unsupervised, and, thus, the algorithm is able to investigate and identify rare patterns in the dataset, and subsequently perform an appropriate labeling. The most frequently used algorithms are namely, the “k-means clustering”, “density-based spatial clustering of applications with noise” (DBSCAN), and “self-organizing map” (SOM).



	(a)

	
K-Means Clustering: The “k-means clustering” classifies data by separating samples in  k  clusters of equal variance by applying minimization through a criterion referred to as the “inertia” or “within-cluster sum-of-squares” (WCSS). The number of clusters, however, needs to be specified. In general, it performs well in a large size dataset, and it has been adopted in various application domains. In particular, the “k-means clustering” tends to divide a set of  n  samples  x  into  k  disjoint clusters     C  , each described by the mean    μ j    of the samples in the cluster. The means of each cluster are generally considered as the centroids of the clusters. The algorithm usually chooses centroids that minimize the WCSS based on the expression:








   W C S S =   ∑   i = 0  n    min    μ j  ∈ C    ( ||   x i  −  μ j   || 2   )    



(8)





Note that this criteria may be considered as “a measure of how internally coherent clusters are”. For instance, this method (k-means clustering) was used in [61,73] for data correction purpose.



	(b)

	
Density-Based Spatial Clustering of Applications with Noise (DBSCAN): The “DBSCAN” regards clusters as regions of higher density distinct from those with lower density. In this particular approach, which is rather “generic view”, the considered clusters may take on any shapes. In DBSCAN, the “core samples points” are the most essential, which are mainly samples located in the regions of “high density”. Essentially, a considered cluster is, thus, a set of “core samples points” located near each other (calculated based on a “distance metrics”, such as “Eucledian”) and a set of “non-core samples points” that are near to a “core sample point”. The parameters namely, the radius and the minimum sample points, need to be specified in order to define the density. The procedure is shown in Algorithm 1. For instance, this approach (DBSCAN) has been used in [21,74,75] for data correction purpose.









	Algorithm 1: Pseudocode of the original DBSCAN.



	Input: DB (database), ε (radius), dist(distance function), and minPts(density threshold)



	Output: labels



	[image: Energies 16 00180 i001]






	(c)

	
Self-Organizing Map (SOM): The so-called SOM is generally an “unsupervised technique” which is usually employed to produce a low-dimensional representation of a higher dimensional dataset while preserving the topological structure of the data. It is widely used for clustering and data dimensionality reduction. The SOM is a typical artificial neural network composed of input layer, output layer, and connection weights. It is trained in an iterative process including competition and convergence. In the  t th iterative step, the SOM finds the winner in the competition, which is the closest neuron  c  to the input sample     x  ( t )   . Subsequently, the convergence procedure leads the SOM model adjusting towards the expected order by updating the weight vectors based on the neighborhood relationships with the winner neuron. The neighborhood function that determines the neighbor update scheme for the topology-preserving nature of SOM is usually in the form of Gaussian function:









   h  c i    ( t )  = α  ( t )  e x p  (    − s q d i s t  (  c , i  )    2  σ 2   ( t )     )       



(9)




where   α  ( t )    is the learning rate which monotonically decreases with step  t ,   s q d i s t  (  c , i  )    represents the square of distance between neuron  c  and neuron  i  on the plane grid map, whereas   σ  ( t )    denotes the kernel radius that determines the range of the neighborhood relationships. During the training process, the weights adjust according to input until maximum iteration is reached. This approach (SOM), for instance, was used in [76] to minimize the squared error generated by local interpolation applicable to datasets with outliers, in [77] it was used for imaging wind turbine fault signatures based on power curve for image-based fault diagnosis, and in [78] due to its ability to cluster data in an unsupervised manner.



Remarks (on clustering approach): According to the reviewed literature, “DBSCAN” has been the most suitable algorithm for clustering task when compared with “k-means clustering”. For instance, the number of clusters in “DBSCAN” is detected according to the algorithm’s principles, whereas the number of clusters in “k-means clustering” algorithm is specified by the operator, and, thus, it can be challenging to attain an optimal number of clusters using the “k-means clustering”. With respect to “SOMs”, they have not yet been widely explored on power curve based data, however, the results of implementations in [76,77,78] are appealing.




5.3. Isolation Approach


Isolation approaches, also referred to as anomaly detection algorithms, are typically unsupervised; essentially, such algorithms aim at isolating the anomalous data from the normal data. According to the reviewed literature, the most frequently used methods are namely, “isolation forest” (iForest) and “local outlier factor” (LOF).



	(a)

	
Isolation Forest (iForest): The iForest is an ensemble of trees; it uses an unsupervised learning approach to detect unusual data points which can subsequently be removed from the training data. Essentially, it performs isolation by a random selection of a feature and subsequently random selection of a split sample between the maximum and minimum samples of the chosen feature. Given the fact that “recursive partitioning” may be depicted by a tree structure, the splitting number needed to perform isolation of a sample is correspondent to the path length from the “root node” to the “terminating node”. This “path length”, averaged over a forest of such random trees, is eventually a “measure of normality and decision function”. Randomly partitioning results in observable short paths for anomalies. Therefore, when a forest of random trees entirely generates shorter-length path for specific samples, it most probably indicates anomalies. iForest derives the “anomaly score” for sample  x  from its “averaged path length”,   h  ( x )   . The so-called “anomaly score” for sample  x , in the presence of a set of  n  samples, may be expressed as:









  s  (  x , n  )  = 2 −   E  (  h  ( x )   )    c  ( n )     



(10)




where   c  ( n )    indicates the mean of   h  ( x )    considering  n , and   E  (  h  ( x )   )    denotes the “average path length” of  x  across all the trees. If  s  is close to 1, it is an indication that the instance is likely to be an anomaly, and if less than 0.5, the instance is likely not an anomaly. For instance, this approach (iForest) was used in [69,79] to perform anomaly detection and removal.



	(b)

	
Local Outlier Factor (LOF): The LOF is essentially a “density-based” technique, which is concerned with assigning a degree of outlier-ness to an instance. As the name suggests, the anomaly score of each sample is called the Local Outlier Factor. It measures the local deviation of the density of a given sample with respect to its neighbors. It is local in a way that the anomaly score depends on how isolated the object is with respect to the surrounding neighborhood. More precisely, locality is given by k-nearest neighbors, whose distance is used to estimate the local density. By comparing the local density of a sample to the local densities of its neighbors, one can identify samples that have a substantially lower density than their neighbors. These are considered outliers. The LOF method requires specification of the number of nearest neighbors (minimum points). Subsequently, the LOF of a point  x  is given by the following expression:









    LOF   m i n P t s    ( x )  =     ∑   0 ∈  N  m i n P t s    ( x )      l d  r  m i n P t s    ( 0 )    l r  d  m i n P t s    ( x )       |   N  m i n P t s    ( x )   |     



(11)




where   m i n P t s   denotes the number of nearest neighbors (minimum points). The LOF of an instance is the ratio of that instance’s local reach density,    l r d  , to that of the average   l r d   of its   m i n P t s   neighbors. For instance, authors in [69,80] used this approach (LOF) for anomaly detection and removal.



Remarks (on isolation approach): According to the reviewed literature, in particular, based on the analysis and comparison of both iForest and LOF provided in [69], it was concluded that, the LOF appears to be conservative and only eliminated the most isolated instances, whereas the iForest appears to deal well with only a specific type of anomaly.




5.4. Other Approaches


Other approaches found in the currently available literature are based on a combination of the aforementioned methods. Although most of the aforementioned algorithms can attain useful results in terms of mitigating the impact of abnormal data and detecting anomalous and faulty data and removal, the main challenge is defining their optimal parameters in order to attain the best result. The complex nonlinear shape of the power curve itself, often makes it difficult to achieve a perfect result. Therefore, in order to enhance the data integrity, it is often required to employ a combination of different algorithms to tackle different problems. An example of a procedure that combines different methods to attain an optimal result is found in [21], where a four-step method as illustrated in Figure 12 is introduced as follows: (i) Anomaly Detection: Firstly, the clustering algorithm DBSCAN is used in order to mitigate anomalies in the dataset; (ii) Robust Power Curve: Secondly, the LOESS is used to attain a robust power curve; (iii) Upper-Lower Limits: Thirdly, the robust power curve is used to derive an “upper-lower bound” envelop; (iv) Optimal Power Curve Data: Lastly, the dataset within the “upper-lower bound” limits is extracted as the optimal power curve data required for accurate power curve modeling. Several research articles have proposed different signal processing schemes for data correction, by using the aforementioned methods, a combination, or a totally different approach. The reviewed data preprocessing and correction schemes are shown in Figure 13; also, additional details with regards to advantages and limitations of the reviewed algorithms are provided in Table 4, and a brief summary of the most relevant research articles addressing this particular problem is given in Table 5.





6. Modeling Techniques


6.1. State of the Art Methods


State of the art techniques for “wind turbine power curve modeling” are mainly classified in the following categories: (i) parametric algorithms and (ii) non-parametric algorithms. This subsection provides a brief review of the aforementioned techniques, followed by the modelling performance metrics.



6.1.1. Parametric Algorithms


The “wind turbine power curve” can be approximated by a parametric algorithm. According to the reviewed literature, the most frequently used methods include the linear, quadratic, and cubic methods, along with the logistic function.



The linear, quadratic, and cubic methods are basically a set of polynomial expressions. They are essentially a “natural extension of the linear regression”, expressed as:


   p i  =  β 0  +  β 1   v i  +  ε i  ,   i = 1 , … , n  



(12)




where the “linear dependency” of  p  to  v  is substituted by a “polynomial function”, expressed as:


   p i  =  β 0  +  β 1   v i  +  β 2   v i 2  + … +  β k   v i k  +  ε i  ,     i = 1 , … , n  



(13)




where    ε i    is regarded as a “sequence of independent and identically distributed random variables with zero mean and finite variance”. Moreover,  n  represents the number of sample points,    β j  ,   j = 0 , … , k   denote the “unknown parameters”, and  k  indicate the “degree of the polynomial regression”.



	(a)

	
Linear: The linear model approximates the power curve with a first-degree polynomial. It is indeed the simplest approach to approximate the power curve by a straight line.




	(b)

	
Quadratic: The quadratic model approximates the power curve with a second-degree polynomial. In this model, the power curve can be approximated by a slightly curved line.




	(c)

	
Cubic: The cubic model approximates the power curve with a third-degree polynomial. In this model, the power curve can be approximated by a further curved line.







The aforementioned polynomial expressions were explored in [4,92,93,94,95,96], for power curve modeling purpose.



	(d)

	
Logistic Function: Since the logistic curve is to a certain extent similar to the power curve shape, it can be used to approximate the power curve. For instance, the four-parameters logistic function, can be described as:









  P  (  u / θ  )  = a   1 + m . e x p  (  − u / τ  )    1 + n . e x p  (  − u / τ  )     



(14)




where  P  denotes the power generated,  u  denotes the wind speed and   θ =  (  a , m , n , τ  )    represents the vector parameters that determines its shape. This approach (logistic function) was used in [14,38,93,94,97,98] to model the power curve of wind turbine.



Remarks (on parametric algorithms): “Parametric models” generally define the relationship between the input and the output based on a “mathematical expression” along with a fixed number of parameters. According to the reviewed literature, with regards to the polynomial-based equations (linear, quadratic, and cubic), the linear method seems to be the least accurate since the power curve itself is not entirely linear. The attained results based on the logistic function, in particular in [38,97,98], seem to be appealing.




6.1.2. Non-Parametric Algorithms


The wind turbine power curve can be approximated by a non-parametric approach. According to the reviewed literature, most frequently used methods include the “k-nearest neighbor” (KNN), “decision tree regression” (DTR), “random forest regression” (RFR), “support vector regression” (SVR), “artificial neural network” (ANN), “Copulas”, “Gaussian process” (GP), “Markov process” (MP), the fuzzy-based algorithms such as “clustering center fuzzy logic” (CCFL) and “adaptive neuro-fuzzy interference system” (ANFIS), and “ensemble learning”, among other algorithms.



	(a)

	
K-Nearest Neighbor (KNN): The “KNN” model is the simplest non-parametric model, which has found success in many applications, including wind turbine power curve modeling. The fundamental principles of the “nearest neighbor” approach is to find a predetermined number of learning samples near (in terms of distance) to the considered sample, and subsequently estimate the label. It is often necessary to define the “number of samples”, which can be a “user-defined” constant “k-nearest neighbor learning” or alter with regards to the local density of points “radius-based neighbor learning”. In general, the distance metric measure is the standard Euclidean distance. According to the reviewed literature, this approach (KNN) is one of the most widely used techniques due to its simplicity. It was employed in [38,44,99,100] for power curve modeling.







	(b)

	
Decision Trees Regression (DTR): The “DTR” is essentially a “supervised learning” method which can be used for regression problems such as power curve modeling. It tends to predict the values of a target variable by learning fundamental “decision rules” deduced from the dataset. A so-called “tree” may be considered as a “piecewise constant approximation”. Considering the training data, a “decision tree” employs a recursive partition of the feature space in a way that samples with equivalent targets are gathered. The “quality of a candidate split” of node  m  is calculated through a so-called “impurity function” or “loss function”   H  ( · )   ,









  G  (   Q m  , θ  )  =    N m  l e f t      N m    H  (   Q m  l e f t    ( θ )   )  +    N m  r i g h t      N m    H  (   Q m  r i g h t    ( θ )   )   



(15)




where    Q m  l e f t    ( θ )    and    Q m  r i g h t    ( θ )    are the partition subsets. A regression criteria is then defined. In general, its extended version, namely, random forest regressor (RFR), is more widely used.



	(c)

	
Random Forest Regression (RFR): The “RFR” is essentially a “meta estimator” which fits several classifying “decision trees” on several subsets of the dataset and employs averaging to enhance the “predictive accuracy” and restrain over-fitting. It is often necessary to specify the number of estimators (trees in the forest) along with the criterion (the function to measure the quality of split), and the maximum depth of the tree. This approach (RFR) was used in [100,101].







	(d)

	
Support Vector Regression (SVR): The “SVR” is a model from the family of the “support vector machine” (SVM) used for regression tasks. It is appropriate for modeling from a small-size dataset owing to its powerful ability for generalization. It is often necessary to specify the “kernel” type to be used, for instance, “linear”, “polynomial”, “radial basic function” (RBF), or “sigmoid”. The free parameters for such a model include the “regularization parameter” and “epsilon” which essentially specify the “epsilon-tube” where no “penalty” is syndicated in the learning “loss function” with samples estimated within a distance epsilon from the actual sample. The approximation function is expressed as:









  f  ( x )  =   ∑   i = 1  l   (  −  α i  +  α i *   )  K  (   x i  , x  )  + b  



(16)




where    α i    and    α i *    represent the Lagrange multipliers,   K  (   x i  , x  )    denotes the kernel function, and  b  denotes bias. This approach (SVR) was used in [101,102].



	(e)

	
Artificial Neural Network (ANN): The “ANN” is generally comprised of four different parts, namely, the “input layer”, “hidden layers”, “activation function” and “output layer”. The input layer receives the data and transfers to the hidden layers where the information is transformed into higher representation through a nonlinear transformation expressed as      h i  = σ  (   w i  x +  b i   )   , where  x  and    h i    denote the vectors of input and hidden representations, respectively, and    w i    and    b i    represent the weight matrices and bias vectors, respectively. Furthermore,  σ  represents the nonlinear activation function; the softmax function calculates the output expressed as:









   Y j  =   e x p  (   h  s , j    )        ∑       j = 1    n   h s      e x p  (   h  s , j    )     



(17)




where    h s    represents the output of the last “hidden layer”. This approach (ANN) was used in [44,103].



	(f)

	
Copula: The copula model is a probabilistic approach for modeling the wind turbine power curve. Its representation of a power curve may be considered if the power curve is regarded a “bivariate joint distribution”. The function to estimate the copula can be expressed as:









  C  (  u , v  )  = H  (   F x  − 1    ( u )  ,  F y  − 1    ( v )   )   



(18)




where    F x    and    F y    denote the marginal distributions and  H  denotes the full bivariate distribution. A delicate elaboration of this approach can be found in [55,78,104,105].



	(g)

	
Gaussian Process (GP): The GP model is a “Bayesian non-linear regression” approach widely used to deal with probabilistic regression problems. This approach has also been explored to model the wind turbine power curve. The GP is completely specified by its mean value   m  ( x )    and covariance function   k  (  x ,  x ′   )    which can be expressed as:









   f  ( x )  ~ G P  (  m  ( x )  , k  (  x ,  x ′   )   )    



(19)







A delicate explanation of this approach (GP) can be found in [101,106,107,108,109,110,111,112]. According to the reviewed literature, the GP is one of the most widely used approaches for wind turbine power curve modeling.



	(h)

	
Markov Process (MP): The “MP” is a stochastic model where its condition property demands that the dynamic of the process has no memory, and thus, is solely based on the previous event, and not the entire history. This can be described in terms of its condition probability density function (PDF), expressed as:









  W =  (   P n  ,  t n  |  P  n − 1 ,    t  n − 1   ;  P  n − 2   ,  t  n − 2   ; … ;  P 1  ,  t 1   )  = W  (   P n  ,  t n  |  P  n − 1   ,  t  n − 1    )   



(20)




where    P n    denotes the expected power at    t n   . Note that in this description, the “left-hand side” expresses the “PDF” at time    t n    under the condition that the “stochastic variable” at the time    t  n − 1   <  t n    was in the state      P  n − 1    ; at the time    t  n − 2   <  t  n − 1     was in the state      P  n − 2    , and so on. Further explanation and detailed analysis with regards to this approach (MP) can be found in [113] where it was employed for this particular purpose of modeling the power curve.



	(i)

	
Clustering Center Fuzzy Logic (CCFL): The “CCFL” is typically a “fuzzy logic-based” model which has also been explored for modeling the power curve of wind turbine. In this application, datasets are initially clustered and “center of clusters” are established; these “center of clusters” are subsequently employed to represent the power curve of the wind turbine. This approach was used in [44,114,115], where in the prior, the authors found out that, four or five “cluster centers” were sufficient in representing the power curve of wind turbine.




	(j)

	
Adaptive Neuro-Fuzzy Interference System (ANFIS): Similar to the “CCFL”, the “ANFIS” is a “fuzzy logic-based” model, which contains a typical fuzzy inference system structure, membership functions, and a set of rules; the approach requires fewer parameters which generally results into a faster training. This approach was used in [44] for power curve modeling purpose.




	(k)

	
Ensemble Learning: An ensemble model is an approach of combining different models to improve the overall accuracy to a certain extent which cannot be attained solely by an individual (single) model. Such methods are becoming more and more popular in recent years. An example of such a model can be mathematically expressed as:









  v  ( x )  =  v ′   (   v 1   ( x )  ,  v 2   ( x )  ,   … ,  v n   ( x )   )   



(21)




where   v  ( x )    is the optimal output of different models constituents. The main advantage of such an ensemble model is that different mechanisms can be employed simultaneously, in order to solve the same problem; hence, optimal solution can be achieved. Examples of such an approach can be found in [21,66], where typical ensemble methods were used for modeling and condition monitoring of wind turbines.



Remarks (on non-parametric algorithms): According to the reviewed literature, “non-parametric” methods are suitable for deriving power curve from the collected and acquired historical data, after the required data preprocessing and correction. Moreover, “non-parametric” algorithms are flexible as they enable incorporation of other effective wind turbine condition parameters other than the “wind speed” and “active power”. With regards to the reviewed algorithms, among the “machine learning-based” algorithms (i.e., KNN, RFR, and SVR), the KNN seems to be the most popular due to its simplicity. The results attained by the “deep learning-based” algorithms (i.e., ANN) and “probability-based” algorithms (Gaussian process and Copula) are appealing. “Ensemble learning-based” algorithms are also gaining attention in recent years, since they are capable of enhancing model’s performance by employing multiple individual algorithms simultaneously to function as one. The Markov process and “fuzzy-based” algorithms (i.e., CCFL and ANFIS) seem to be the least used algorithms, although the reported results are just as appealing.




6.1.3. Other Algorithms


Besides the aforementioned “parametric” and “non-parametric” algorithms for power curve modeling, there are several other algorithms which have been widely explored in the currently available literature; the referred algorithms are namely, the “method of binning”, “Weibull”, “maximum likelihood estimation” (MLE), and “Monte Carlo simulation” (MCS).



	(a)

	
Method of Binning: The binning method has been already introduced in Section 2.1. It was adopted as the standard by the “international electrotechnical commission” (IEC), and thus, widely used in wind energy technology, for instance by the wind turbine manufacturers for wind turbine certification, and also in academic research. Examples can be found in [100] and in particular in [116] where the power curve reference was attained through the “method of binning”.




	(b)

	
Weibull: The “Weibull” is often employed in a typical “probabilistic” power curve estimation model. Assuming that the “wind speed” variable in the dataset follows the “Weibull distribution” with two parameters, the “probability density function” (PDF) for the “wind speed”,  u , is mathematically described as:









  f  (  u / β , η  )  =  β η     (   u η   )    β − 1   e x p  [  −    (   u η   )   β   ]   



(22)




where  β  is the “shape parameter”, and  η  is the “scale parameter”. The most likely PDF for the “wind speed” dataset may be found by estimation of the values of “shape and scale parameters” using “maximum likelihood method”. A delicate elaboration of this approach can be found in [31,95,97,117].



	(c)

	
Maximum Likelihood Estimation (MLE): The “MLE” is often used for determination of parameters of power curve models. For instance, in [97] the equations for the “scale and shape parameters” in the “Weibull” wind speed distribution were obtained by maximizing likelihood function,   ln  [  L  ( u )   ]   :









  ln L  (  u / β , η  )  = N ln  (  β / η  )  +   ∑   i = 1  N  ln    (     u i   η   )    β − 1   −   ∑   i = 1  N     (     u i   η   )   β   



(23)




with respect to  β  and  η , the “MLE” estimates for the most likely “PDF” for the “wind speed” obtained by   η =    (   1 N    ∑   i = 1  N     (   u i   )   β   )     1 β      and      1 β  =  [      ∑   i = 1  N     (   u i   )   β  ln  (   u i   )      ∑   i = 1  N     (   u i   )   β    −  1 N    ∑   i = 1  N  ln  (   u i   )   ]   . This approach (MLE) was used in [38,97].



	(d)

	
Monte Carlo Simulation (MCS): The “MCS” is a probabilistic technique capable of modeling a system under uncertainty. The “Monte Carlo simulation” relies on historical “wind speed” data from wind farm sites. This approach has been used in [117,118]. In particular, it was used in [118] to make a simulation of data in order to complete insufficient real-world dataset and in order to perform analysis in terms of “long-term assessment”.







Remarks (on other algorithms): The aforementioned algorithms have been widely used in the wind energy industry, especially in early research articles. As already mentioned, the method of binning has been established as the standard approach (per IEC standards), whereas the Weibull, MLE, and MCS, all have played a huge role when lacking real data. These methods have been explored massively for power curve modeling.



In summary, the reviewed modeling techniques are shown in Figure 14 according to their respective categories. Furthermore, the advantages and limitations along with the most essential parameters of the reviewed methods are given in Table 6. Lastly, a brief summary of the most relevant research articles addressing this particular problem (power curve modeling) are given in Table 7. With that said, in the next section (see Section 6.2), the most widely used “performance metrics” for modeling the wind turbine power curve are discussed.





6.2. Performance Metrics


After building the power curve model, either based on parametric, non-parametric, or other type of algorithms, it is necessary to ensure whether the model is capable of appropriately representing the behavior of the normal power curve. Therefore, performance metrics are usually employed to measure model accuracy, in order to enable appropriate model selection. There are various methods that can be used for the aforementioned purpose. However, according to the reviewed literature, the most widely used performance metrics are namely, the “mean absolute error” (MAE), “root mean squared error” (RMSE), “mean absolute percentage error” (MAPE) and “R-Squared Score”    (   R 2   )   . The mathematical expressions of the aforementioned performance metrics are presented in Table 8.



	(a)

	
Mean Absolute Error (MAE): The MAE computes “mean absolute error”, which is a risk metric corresponding to the expected value of the absolute error loss. Assuming that    y i    is the actual value and     y ^  i    is the predicted value of the  i th sample, and  n  denotes the number of samples, then the MAE is defined as in Table 8.




	(b)

	
Root Mean Squared Error (RMSE): The RMSE is an extension of “mean squared error” (MSE), as the squared root of the error is calculated. MSE computes mean square error, which is a risk metric corresponding to the expected value of the squared (quadratic) error or loss. Assuming that    y i    is the actual value and     y ^  i    is the predicted value of the  i th sample, and   n     denotes the number of samples, then the MSE estimated over  n  samples is defined as   M S E =  1 n    ∑   i = 1  n     (   y i  −   y ^  i   )   2   , hence, the RMSE is defined as in Table 8.




	(c)

	
Mean Absolute Percentage Error (MAPE): The MAPE is also known as the “mean absolute percentage deviation” (MAPD). The idea of this metric is to be sensitive to relative errors; it for example does not change by a global scaling of the target variable. Assuming that    y i    is the actual value and     y ^  i    is the predicted value of the  i th sample, and  n  denotes the number of samples, then the MAPE is defined as in Table 8.




	(d)

	
R-Squared   (   R 2   )   Score: The R-squared performs the coefficient of determination. It provides an indication of goodness of fit, and therefore, a measure of how well unseen samples are likely to be predicted by the model through the proportion of explained variance. Assuming that    y i    is the actual value and     y ^  i    is the predicted value of the  i th sample,    y ¯  =  1 n    ∑   i = 1  n   y i    and  n  denotes the number of samples; then,     R 2    is defined as in Table 8.









7. Overall Assessment: Past, Present, and Future


Based on the reviewed literature, this section presents a summary of the past and present, and insights into the future of this active field (See Figure 15 and Table 9). It is important to mention that the timeline and events only reflect the research articles reviewed in this paper and not necessarily that of the entire wind energy field. With that said, we may expect SCADA data to continue play a huge role, not only at the research level, but also in industry. Models’ robustness, accuracy, and efficiency are also expected to be improved.




8. Discussion and Prospects


This paper presents an extensive study on wind turbine power curves. With regards to wind turbine configurations, it should be mentioned that although vertical axis wind turbines have also gained attention in recent years and claim their relevance in the market, in particular with a recently renewed interest for use in offshore, most of the papers reviewed in this research article refer mainly to horizontal axis wind turbines, hence the scope of this paper; the main reasons include the fact that, vertical axis wind turbines are considered less efficient than conventional horizontal axis wind turbines and none of its variant designs have been launched with great commercial success [129]. For a better understanding on what the aforementioned terms entail, Figure 16 shows a simplified illustration of both configurations.



The applications and modeling techniques of wind turbine power curves for wind farms have been reviewed exhaustively. The drawn inferences, deficiencies, and general suggestions are described as follows:




	
With regards to applications, several key applications of wind turbine power curves, including wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, and condition monitoring, have been discussed in Section 3. According to the reviewed literature, the power curve plays a critical role in wind farm technology, even from the beginnings, when deciding and selecting the characteristics of the wind turbine type to invest in. Capacity factor estimation and wind energy assessment and forecasting provide useful information for operators and wind energy management system; in particular, an accurate implementation of wind energy forecasting can improve services in terms of scheduling and dispatching. Power curve based condition monitoring can provide a general assessment of the entire wind turbine with regards to a wide range of anomaly and fault types, which is very effective for root cause analysis and diagnosis.



	
With regards to modeling techniques, a wide range of algorithms, mostly including parametric and non-parametric algorithms, have been explored in Section 6. According to the reviewed literature, most parametric algorithms are based on a typical polynomial expression which is essentially a natural extension of the linear regression (i.e., linear, quadratic, and cubic); a logistic function with four parameters, for instance, is also frequently used. Although they are simple to implement, remarks also indicate that most parametric models do not consider several important factors, hence, they may often result in large errors. Alternatively, non-parametric algorithms including KNN, DTR, RFR, SVR, ANN, Copula, GP, MP, CCFL, ANFIS, and ensemble learning algorithms, among others, are derived from actual wind farm data and mostly attain from the SCADA system; hence, they seem to minimize the prediction error. However, they also are not exempt from limitations; in particular, some non-parametric algorithms can suffer from time-cost due to the required data processing and model training procedures.



	
Prospects in this active field is soaring towards robustness; the volatile nature of the wind, not only causes challenges in the utilities and wind energy management system, but also in developing an accurate model. With the recent development of data acquisition systems, researchers are working towards solutions such as multivariate and multi-target models; that is, involving other important condition indicators in addition to the “wind speed” as input variables, and multiple indicators as target variables in addition to “active power”. On another note, the wind energy industry is expanding from onshore to offshore; extensive studies tailored to specific offshore scenarios are expected to appear more frequently. The technology to harvest the wind energy is also improving and advanced wind turbines are being manufactured; hence, there is still room for studies, analysis, and investigations on specific aspects.








In the section which follows (Section 9), the major conclusions of this study are provided, along with takeaways on the findings from a wide range of sources. Moreover, areas for future studies are also suggested.




9. Conclusions


Wind turbine power curve plays a significant role in several key applications in the wind industry. These applications include wind turbine selection, capacity factor estimation, wind energy assessment and forecasting, and condition monitoring, among others. Ensuring an effective implementation of the aforementioned applications mostly requires a modeling technique that best approximates the normal characteristics of wind turbine operation on a particular wind farm.



Two modeling techniques (parametric and nonparametric) and a wide range of algorithms were reviewed to investigate the state of the art of power curve modeling. The first takeaway is that although the reviewed algorithms employ different mechanisms, most of the proposed models currently available in the literature can be classified as normal behavior models (NBMs), since they require normal (fault-free) data to be available in advance for model training and validation purposes. This fact further emphasizes the importance of data integrity, and, hence, data preprocessing and correction are crucial in the power curve modeling process. Three different approaches (filtering, clustering, and isolation) and a wide range of algorithms have been investigated with regards to data preprocessing and correction, prior to modeling. The second takeaway is that although the reviewed algorithms for data preprocessing and correction are self-sufficient, a combination of methods may often result in a better outcome. Lastly, the third takeaway is that throughout years of extensive research, a wide range of power curve based anomaly and fault types have been identified along with their root causes. Since the power curve is a condition indicator which reflects the health state of the entire wind turbine, these findings have enhanced imputation in applications, such as wind turbine power curve-based fault diagnosis. Hence, future research can focus more on this task. Such anomaly and fault signatures, identifiable through the power curve, can serve as the first indication that something is wrong and, thus, effective decisions can be made before they escalate into major problems.



Power curve based condition monitoring distinguishes itself from other wind turbine condition monitoring techniques by providing a simplified overall assessment of the entire wind turbine, since most faults that occur in wind turbine components will eventually be reflected in the power curve. Thus, the benefits and advantages of this approach include simplicity in overall assessment and a clear indication on what type of anomaly or fault is causing suboptimal performance. Having said that, the main challenge in most power curve based applications is ensuring the model’s robustness, as wind appears to be stochastic and intermittent. In terms of condition monitoring, the main limitation is that several anomalies and fault types may not be directly isolated solely from the information provided by the power curve. In such cases, further analysis may be required. Some researchers have already worked towards a solution for this problem by developing a multi-target model; such a model supports the simultaneous monitoring of multiple state variables at once with a single (multi-target) model. For instance, it can enable one to monitor not only the power curve, but also several other critical condition indicators simultaneously in the same model, without compromising accuracy. As a result, its implementation in industry could have a significant and effective impact. Moreover, there are two potential advantages for such a model (which have not yet been fully demonstrated in wind turbine condition monitoring) to look forward to in the future: (i) expected higher accuracy, and (ii) improved interpretability. However, further studies are required to investigate under which circumstances such attributes may be achieved.
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Nomenclature




	EMS
	Energy Management System



	CMS
	Condition Monitoring System



	SCADA
	Supervisory Control and Data Acquisition



	IEC
	International Electrotechnical Commission



	LCOE
	Levelized Cost of Electricity



	NBMs
	Normal Behavior Model



	LOESS
	Locally Weighted Regression



	DBSCAN
	Density-Based Spatial Clustering of Applications with Noise



	SOM
	Self-Organizing Map



	iForest
	Isolation Forest



	LOF
	Local Outlier Factor



	WCSS
	Within Cluster Sum-of-Squares



	KNN
	K-Nearest Neighbor



	DTR
	Decision Tree Regression



	RFR
	Random Forest Regression



	SVR
	Support Vector Regression



	ANN
	Artificial Neural Network



	GP
	Gaussian Process



	MP
	Markov Process



	CCFL
	Clustering Center Fuzzy Logic



	ANFIS
	Adaptive Neuro-Fuzzy Interference System



	MLE
	Maximum Likelihood Estimation



	MCS
	Monte Carlo Simulation



	PDF
	Probability Density Function



	MAE
	Mean Absolute Error



	RMSE
	Root Mean Squared Error



	MSE
	Mean Squared Error



	MAPE
	Mean Absolute Percentage Error
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Figure 1. The ideal power curve of the wind turbine and appointed modes of operation. 
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Figure 2. Wind turbine types and the corresponding power curves. 
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Figure 3. Wind turbine production efficiency. 
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Figure 4. A typical control chart for power curve-based condition monitoring. 
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Figure 5. Wind turbine “actual power curve” marked with anomaly and fault signatures [21]. 
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Figure 6. Type 1: Lower Stacked Data. 
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Figure 7. Type 2: Down-Rating. 
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Figure 8. Type 3: Wind Speed Under-Reading. 
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Figure 9. Type 4: Dispersive (Spread) Data. 
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Figure 10. Type 5: Icing/Debris Build-up on Blades. 
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Figure 11. Normal Power Curve. 
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Figure 12. Combined methods to attain optimal (normal) power curve [21]. 
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Figure 13. Reviewed data preprocessing and correction schemes. 
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Figure 14. Reviewed power curve modeling techniques. 
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Figure 15. Evolution and important milestones. 
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Figure 16. Wind turbine configurations [129]: (a) horizontal axis, and (b) vertical axis. 
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Table 1. Available reviews on power curve modeling and applications.
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	Ref.
	Author(s) and Year
	Brief Description





	[11]
	(Thapar, et al., 2011)
	A critical analysis on “mathematical modelling” methods for power curve.



	[12]
	(Carrillo, et al., 2013)
	A review on the equations for power curve modeling; the “polynomial, exponential, and cubic”.



	[13]
	(Lydia, et al., 2013)
	An overview on several “parametric” and “non-parametric” algorithms for power curve modeling.



	[5]
	(Tascikaraoglu & Uzunoglu, 2014)
	A review on combined methods for wind power forecasting.



	[14]
	(Lydia, et al., 2014)
	A review on the parametric and nonparametric techniques for power curve modeling.



	[15]
	(Yan, et al., 2015)
	A review on “uncertainty analysis” of wind power forecasting; a probabilistic approach.



	[16]
	(Sohoni, et al., 2016)
	A critical overview on power curve modelling techniques and applications for wind turbines.



	[17]
	(Wang, et al., 2019)
	An overview on power curve modelling; analysis in distinct seasons, including wind farms.
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Table 2. Commonly identified anomaly and fault types on power curves.
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	Types
	Anomaly and Fault Description [21]





	Type 1
	Lower Stacked Data: In such events, anomalous and fault signature can be identified through the “lower-horizontal data”, in which the assigned power value is relatively equal to zero, including in situations where the wind speed is above the “rated wind speed”.

Root cause: according to the reviewed literature, such events are typically caused due to “damaged power measuring instrument”, or “communication equipment fault”.



	Type 2
	Down-Rating: Also known as “Power Curtailment or Derated”, such events are identifiable by its signature in “the middle-horizontal data”; in those situations, the power curve stays mostly constant at a specified rate and no changes are made with regards to wind speed.

Root cause 1: according to the reviewed literature, down-rating may occur due to an imposed “control action”, to restrict power production to a level below its maximum efficiency. Reasons for activation of such action, includes the excess capacity of wind power with no substantial resources for storing; also, the wind speed instability, in particular “huge fluctuations”, can play a role.

Root cause 2: Alternatively, such events may also be caused by “load sensor failure”.



	Type 3
	Wind Speed Under-Reading: The “stacked-vertical data” beyond the power curve reference, in situations where there is an increase in power value, but not necessarily in regard to wind speed, can often be an indication of such event.

Root-cause(s): There may be a variety of reasons that may trigger such events, for instance “wind speed sensor malfunction/failure”, “communication equipment error”, and/or “power measuring instrument failure”. However, to the best of author’s knowledge, specific details on this regard have not been broadly reported.



	Type 4
	Dispersive (Spread) Data: It refers to the “randomly distributed data points” all around the curve.

Root cause 1: According to the reviewed literature, the “turbulence produced by the wake effects” or “wind turbine loading ramp” that occurs while starting or stopping the wind turbine, are reportedly some of the root-causes.

Root cause 2: Alternatively, it may be caused by “sensor accuracy degradation”, “instrument fault”, and “noise during signal processing by the system”.



	Type 5
	Icing/Debris Build-up on Blades: The shift of a cluster of data points when compared with the reference power curve, often indicates events such as icing and/or debris build-up on blades.

Root cause: Such events are mostly dependent on the environmental conditions and geographic location of the wind farm.
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Table 3. Research articles addressing anomalies and faults.
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	Ref.
	Author(s) and Year
	Brief Description





	[43]
	(Marvuglia & Messineo, 2012)
	A discussion on the presence of outliers and abnormal values on power curve, including root-causes.



	[55]
	(Gill, et al., 2012)
	A discussion on three “fault modes” that provide a subdivision of all possible faults.



	[59]
	(Park, et al., 2014)
	Visual illustration of seven types of power curve deviations, and the related anomaly or fault types.



	[60]
	(Ye, et al., 2016)
	Addressing four types of anomaly and fault types, including the root-causes.



	[61]
	(Yesilbudak, 2018)
	Addressing several root-causes that cause different types of anomaly and fault types on power curve.



	[62]
	(Yuan, et al., 2019)
	A discussion on three common anomaly and fault types on power curve.



	[56]
	(Shen, et al., 2019)
	Addressing four types of anomaly and fault, according to the data distribution characteristics.



	[63]
	(Long, et al., 2020)
	A brief discussion on three common anomaly and fault types.



	[64]
	(Han, et al., 2020)
	Addressing three common anomaly and fault types on power curve, including root-causes.



	[65]
	(Zhang & Lang, 2020)
	A brief discussion on power curve-based curtailment outliers in the SCADA data.



	[66]
	(Moreno, et al., 2020)
	Addressing three modes of degradation through power curve.



	[67]
	(Wang, et al., 2020)
	Briefly addressing and illustrating three types of reprehensive outliers on power curve.



	[68]
	(Liang, et al., 2021)
	Briefly addressing three categories of abnormal data on wind turbine power curve.



	[21]
	(Bilendo, et al., 2022)
	Addressing five types of most common anomalies and faults on power curve, including root-causes.



	[69]
	(Morrison, et al., 2022)
	Briefly addressing three common anomaly and fault types on power curve.
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Table 4. Advantages and limitations (data preprocessing methods).
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	Method
	Essential Parameters
	Advantages and Limitations (Pros and Cons)





	Moving Mean
	The moving window size
	Pros: The method is simple and easy to implement.

Cons: A large size moving window can lead to loss of information.



	LOESS
	The span size
	Pros: The method is simple and easy to implement.

Cons: A large span value can lead to loss of information.



	K-Means Clustering
	Number of clusters
	Pros: The method is simple and easy to implement.

Cons: It is challenging to attain an optimal number of clusters.



	DBSCAN
	Maximum distance;

Number of samples in neighborhood;

Distance metric
	Pros: The model does not require specification of number of clusters.

Cons: May suffer from time-cost when used on large-size datasets.



	Self-Organizing Map
	Grid size;

Neighborhood radius;

Learning rate
	Pros: The method enables time-series and image-based approaches.

Cons: Difficult to determine input weights.



	Isolation Forest
	Number of estimators;

Contamination
	Pros: Works well on small sample size, but also capable of rescaling.

Cons: The model can suffer from bias.



	Local Outlier Factor
	Number of neighbors;

Distance metric;

Contamination
	Pros: The model is density-based.

Cons: Challenging to understand the decisions based on score.



	Combined Methods
	Depends on the constituents;
	Pros: Such method may attain better result compared to single-based.

Cons: May suffer from time-cost depending on its complexity.
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Table 5. Research articles addressing power curve data correction.
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	Ref.
	Author(s) and Year
	Brief Description





	[81]
	(Sainz, et al., 2009)
	A robust statistical filtering method based on “Least Median Squares” combined with random search.



	[73]
	(Kusiak & Verma, 2013)
	A multivariate approach for outlier detection based on “k-means clustering” and “Mahalanobis distance”.



	[59]
	(Park, et al., 2014)
	An algorithm for power curve modeling, which automatically calculates the power curve limits.



	[78]
	(Wang, et al., 2014)
	A data clustering procedure based on SOM.



	[80]
	(Zheng, et al., 2015)
	Data preprocessing and filtering approach involving LOF.



	[60]
	(Ye, et al., 2016)
	Outlier detection and correction method.



	[82]
	(Bangalore, et al., 2017)
	A methodology for data preprocessing and post-processing including anomaly detection.



	[83]
	(Zhao, et al., 2017)
	SCADA data processing including a data cleaning procedure for diagnosis and prognosis purposes.



	[20]
	(Manobel, et al., 2018)
	An automatic filtering, by means of Gaussian Process, is employed prior to modeling through ANN.



	[61]
	(Yesilbudak, 2018)
	“Clustering, filtering and modeling”; using the “k-means-based Smoothing Spline hybrid” model.



	[84]
	(Javadi, et al., 2018)
	A model to minimize the modeling error while bias error is reduced by recursive cleaning of outliers.



	[85]
	(Teng, et al., 2018)
	A preprocessing method to get rid of the outliers in SCADA dataset.



	[75]
	(Zhao, et al., 2018)
	Data-driven outlier elimination method combining quartile and DBSCAN.



	[74]
	(Yan, et al., 2019)
	A data cleaning method using a control strategy based on intuitive rules and DBSCAN.



	[56]
	(Shen, et al., 2019)
	A method for cleaning the outliers using the “change point grouping”, and the “quartile algorithm”.



	[86]
	(Hu, et al., 2019)
	A “confidence boundary” modeling process for power curve to detect and eliminate abnormal data.



	[63]
	(Long, et al., 2020)
	An “image-based” abnormal data identification and cleaning algorithm for wind turbine power curve.



	[87]
	(Hu, et al., 2020)
	A “stepwise data cleaning” procedure based on “irregular space-division and nonlinear space-mapping”.



	[68]
	(Liang, et al., 2021)
	Power curve data cleaning by “image thresholding” using “class uncertainty and shape dissimilarity”.



	[88]
	(Trizoglou, et al., 2021)
	Data preprocessing and resampling, anomaly detection and treatment for a normal behavior model.



	[70]
	(Bilendo, et al., 2022)
	A signal processing scheme using Moving Mean, DBSCAN, LOESS, and Upper-Lower limits.



	[89]
	(Xiang, et al., 2022)
	A quartile method for SCADA data cleaning.



	[90]
	(Yao, et al., 2022)
	A hybrid-driven outlier detection method.



	[69]
	(Morrison, et al., 2022)
	The impact of filtering by a comparison of performances of different methodologies with-without filtering.



	[79]
	(Li, et al., 2022)
	Anomaly detection and removal on power curve data based on iForest.



	[91]
	(Luo, et al., 2022)
	A set of procedures to detect and remove outliers by the framework of classification processing.



	[77]
	(Bilendo, et al., 2022)
	“Imaging” wind turbine fault signatures using power curve and “SOM” for fault diagnosis purpose.



	[76]
	(Souza & Santos, 2022)
	Using the SOM to minimize the squared error generated by the local interpolation for data with outliers.
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Table 6. Advantages and limitations (modeling methods).
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	Method
	Essential Parameters
	Advantages and Limitations (Pros and Cons)





	Linear
	The degree of polynomial regression; (first-degree)
	Pros: The method is based on a simple mathematical expression which is easy to implement.

Cons: The result is linear whereas the power curve is not entirely.



	Quadratic
	The degree of polynomial regression; (second-degree)
	Pros: Similar to linear, the method is based on a simple mathematical expression which is easy to implement.

Cons: The curve may not fully fit the actual power curve.



	Cubic
	The degree of polynomial regression; (third-degree)
	Pros: Alike to linear and quadratic, the method is based on a simple mathematical expression which is easy to implement.

Cons: The curve may not be properly aligned with actual power curve.



	Logistic Function
	The vector parameters that determine its shape
	Pros: The logistic function is a simple mathematical expression.

Cons: On high dimensional data, it may suffer from over-fitting.



	K-Nearest Neighbor
	Number of neighbors;

Distance metric
	Pros: The method is simple and easy to implement.

Cons: Neighbors-based methodologies are known as “non-generalizing” methods, as they simply “remember” all the data learned.



	Decision Tree Regression
	Criterion;

Strategy to split node;

Depth of the tree
	Pros: The model learns simple “decision rules”.

Cons: The deeper the tree, the more complex the “decision rules”.



	Random Forest Regression
	Number of estimators;

Criterion;

Depth of the tree
	Pros: The model learns simple “decision rules”.

Cons: The deeper the tree, the more complex the “decision rules”.



	Support Vector Regression
	Kernel;

Gamma;

Regularization;

Epsion
	Pros: The model is suitable for small size data.

Cons: Not suitable for large size data; also, decision model may underperform on noisy data.



	Artificial Neural Network
	Hidden layers size;

Activation function;

Optimizer;

Learning rate
	Pros: The model accuracy can be enhanced by adding layers (deep neural network).

Cons: The deeper the neural network, the more parameters to be processed which may result in time-cost concerns.



	Copulas
	Parameters based on correlations
	Pros: Allows the “marginal distributions” and the “dependency structure” to be specified separately.

Cons: In higher dimensions, the copula model may lose some useful details.



	Gaussian Process
	The kernel specifying the covariance function
	Pros: The prediction interpolates the observations.

Cons: It may lose efficiency in high dimensional spaces when the number of features exceeds a few dozens.



	Markov Process
	The previous value prior to the current
	Pros: Simplicity due to its non-memory property.

Cons: Does not consider historical events.



	Clustering Center Fuzzy Logic
	The number of clusters
	Pros: The methodology is simple and easy to implement.

Cons: Fuzzy-based applications require extreme human expertise.



	ANFIS
	Fuzzy rules;

Membership function
	Pros: Faster training.

Cons: Fuzzy-based applications require extreme human expertise.



	Ensemble Method
	Depends on the constituents
	Pros: Different approaches are employed to solve the same problem.

Cons: May suffer from time-cost issues.



	Method of Binning
	Bin size
	Pros: The method is simple and easy to implement.

Cons: May cause loss of information.



	Weibull
	Shape;

Scale
	Pros: The ability to assume the characteristics of many different types of distributions.

Cons: May not be able to produce anomaly and fault signatures.



	Maximum Likelihood Estimation
	The unknown value that maximizes the likelihood function
	Pros: The model enables a consistent technique for parameter estimation problems.

Cons: It can be heavily “biased” in cases of small samples. The optimality properties may not be applicable for small samples.



	Monte Carlo Simulation
	Probability weights
	Pros: The model can simulate data for long term assessment.

Cons: Ineffective parameters and constraints may lead to poor results.
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Table 7. Research articles on parametric and non-parametric models.
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	Ref.
	Author(s) and Year
	Modeling Techniques





	[113]
	(Anahua, et al., 2008)
	Power curve modeling using “Markov Process”.



	[114]
	(Üstüntaş & Şahin, 2008)
	Power curve estimation based on “Clustering Center Fuzzy Logic”.



	[99]
	(Kusiak, et al., 2009)
	Combining “KNN” and “Principal Component Analysis” for modeling power curve.



	[38]
	(Kusiak, et al., 2009)
	“Least Squares”, “Maximum Likelihood Estimation”, and “KNN” for modeling.



	[119]
	(Albadi & El-Saadany, 2010)
	Power curve modeling through “linear, cubic, and quadratic models”.



	[104]
	(Stephen, et al., 2011)
	Power curve modeling based on “Copula”.



	[43]
	(Marvuglia & Messineo, 2012)
	Generalized Mapping, Multi-Layer Perceptron, General Regression Neural Network.



	[55]
	(Gill, et al., 2012)
	A probabilistic model of a power curve based on “Copulas”.



	[96]
	(Liu, 2012)
	Power curve model with interpolation formula. Linear, Quadratic, and Cubic models.



	[44]
	(Schlechtingen, et al., 2013)
	“Clustering Center Fuzzy Logic”, “ANN”, “KNN”, and “ANFIS”.



	[4]
	(Shokrzadeh, et al., 2014)
	Polynomial, Locally Weighted Polynomial, Spline, and Penalized Spline Regression.



	[95]
	(Chang, et al., 2014)
	Linear, quadratic, cubic, and general model with Weibull distribution of wind speed.



	[78]
	(Wang, et al., 2014)
	Power curve modeling based on “Copula”.



	[18]
	(Lee, et al., 2015)
	A Kernel Plus method for power curve model.



	[98]
	(Villanueva & Feijóo, 2016)
	“Logistic Function” (with 4-parameters) for power curve modeling.



	[118]
	(Villanueva & Feijóo, 2016)
	“Monte Carlo-based simulation” to reproduce data following the normal power curve.



	[93]
	(Taslimi-Renani, et al., 2016)
	A parametric model using modified hyperbolic tangent to characterize power curve.



	[103]
	(Pelletier, et al., 2016)
	Power curve modeling based on “ANN”.



	[100]
	(Janssens, et al., 2016)
	Non-parametric, asstochastic gradient boosting, random forest, KNN, and binning.



	[116]
	(Cambron, et al., 2016)
	Exponentially and Generally Weighted Moving Average control charts, and binning.



	[120]
	(Marčiukaitis, et al., 2017)
	A non-linear regression model for wind turbine power curve approximation.



	[102]
	(Ouyang, et al., 2017)
	Power curve modeling based on centers of data partitions and SVR.



	[94]
	(Chen, et al., 2018)
	A mathematical approach: “linear, quadratic, cubic, logistic function”.



	[121]
	(You, et al., 2018)
	A “Bayesian hierarchical” framework to model power curves.



	[115]
	(González-Carrato, 2018)
	Using “fuzzy clustering” and “Mahalanobis” distance for modeling.



	[106]
	(Pandit & Infield, 2018)
	A “Gaussian process” algorithm for power curve modeling.



	[107]
	(Pandit & Infield, 2019)
	A study on “Gaussian Process” power curve models.



	[101]
	(Pandit, et al., 2019)
	Gaussian Process, Random Forest Regression, and SVM for power curve modeling.



	[97]
	(Seo, et al., 2019)
	Power curve modeling using “Weibull”, “Logistic Function” and “MLE”.



	[122]
	(Wang, et al., 2019)
	Heteroscedastic spline and robust spline regression models for power curve.



	[109]
	(Virgolino, et al., 2020)
	A probabilistic semi-parametric model using “Gaussian process” for power curve.



	[92]
	(Mehrjoo, et al., 2020)
	Non-parametric techniques: tilting and monotonic spline regression methodology.



	[110]
	(Guo & Infield, 2020)
	A multivariable power curve model with Cholesky decomposition Gaussian process.



	[108]
	(Pandit, et al., 2020)
	A “Gaussian process” power curve model, incorporating operational variables.



	[64]
	(Han, et al., 2020)
	Power curve modeling method based on interval extreme probability density.



	[66]
	(Moreno, et al., 2020)
	An ensemble learning approach for anomaly detection based on power curves.



	[111]
	(Rogers, et al., 2020)
	A probabilistic modelling of power curve using a heteroscedastic Gaussian Process.



	[67]
	(Wang, et al., 2020)
	Asymmetric Error, mixture of asymmetric Gaussian and asymmetric exponential.



	[123]
	(Saint-Drenan, et al., 2020)
	A parametric model for power curves incorporating environmental conditions.



	[124]
	(Karamichailidou, et al., 2021)
	Power curve modeling using radial basis function neural networks and tabu search.



	[117]
	(Yun & Hur, 2021)
	Weibull, Monte-Carlo simulation, and spatial interpolation based on Ordinary Kriging.



	[125]
	(Xu, et al., 2021)
	A quantile model, which generates a series of power curves under any confidence level.



	[126]
	(Zou, et al., 2021)
	Asymmetric error characteristic-based loss function and hybrid intelligent optimizer.



	[127]
	(Wang, et al., 2021)
	Multiple spline regression with Gaussian and Student’s t-distribution for modeling.



	[105]
	(Wei, et al., 2022)
	Power curve modeling based on hybrid Copula and Grey Wolf optimization algorithm.



	[21]
	(Bilendo, et al., 2022)
	Power curve modeling based on “stacking regressions”.



	[112]
	(Bull, et al., 2022)
	A mixture of Gaussian Processes which infers multivalued wind-power relationships.



	[76]
	(Souza & Santos, 2022)
	Modeling using a “Self-Organizing Map” with K winners and Local Linear Mapping.



	[128]
	(Yang, et al., 2022)
	Power curve modeling based on “Deep convolutional network”.
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Table 8. Commonly used performance metrics.
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	Method
	Equation





	Mean absolute error (MAE)
	   MAE =  1 n     ∑   i = 1  n    |   y i  −   y ^  i   |    



	Root mean squared error (RMSE)
	   RMSE =    1 n     ∑   i = 1  n      (   y i  −   y ^  i   )   2      



	Mean absolute percentage error (MAPE)
	   MAPE =  1 n     ∑   i = 1  n      |   y i  −   y ^  i   |     |   y i   |    × 100 %   



	R-Squared    (   R 2   )    score
	    R 2  = 1 −     ∑   i = 1  n     (   y i  −   y ^  i   )   2      ∑   i = 1  n     (   y i  −  y ¯   )   2      
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Table 9. Main trends over the years.
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	Years
	Main Trends





	–2008
	Onshore wind farm development studies: Site efficiency, capacity factor estimation, power estimation, and matching between wind turbine models and site characteristics. An extensive use of classical methods such as Weibull in most wind farm development studies.



	2009–2010
	Power curve modeling (based on linear, quadratic, and cubic method). Wind turbine condition monitoring, in particular, online condition monitoring of power curve and online fault detection through SCADA data and classical machine learning methods. The need for filtering SCADA data.



	2011–2012
	Offshore wind farm development studies. Wind turbine performance assessment, prediction, and diagnosis of faults.Techniques and methods for condition monitoring, mathematical modeling, machine learning-based techniques, and probabilistic models. Short-term wind power prediction.



	2013–2014
	Investigations on the most appropriate and advanced algorithms for power curve modeling. Analysis on parametric and nonparametric power curve modeling techniques. Investigations on power curve deviations and identification of the type of anomaly and fault indication. Combined approaches for short-term power prediction. Monitoring wind farms through power curve. Condition monitoring based on SCADA data using normal behavior model.



	2015–2016
	Quantification of performance upgrades for wind turbines and uncertainty analysis of wind power forecasting. Investigation of wind performance through SCADA data along with raw wind data preprocessing and normal behavior models. Offshore power monitoring, failure rate, repair time, and unscheduled O&M cost analysis. Power curve monitoring through control charts, and modeling using artificial neural networks. Identification and correction of outliers in wind farm time series power data.



	2017–2018
	Deep learning, control charts, and hybrid wind turbine power monitoring. Extensive use of SCADA data for modeling, performance analysis, monitoring, fault prediction, and diagnosis. Data correction approaches to refine power curve data.



	2019–2020
	Data cleaning with combined algorithms, abnormal data detection, and power curve modeling and forecasting with inconsistent data. High-fidelity and reliable power curve modeling. Multivariate process monitoring along with incorporating environmental conditions in modeling power curve. Using probabilistic and ensemble models.



	2021–2022
	Power curve modeling methods mostly based on SCADA data. Data cleaning and outlier detection along with an extensive use of advanced machine learning, deep leaning, probabilistic, ensemble, and hybrid algorithms to improve models’ accuracy. Implementation of power curve-based anomaly and fault detection, and advanced approaches such as multi-target models to improve model’s efficiency.
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