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Abstract 

The installed wind power capacity is growing worldwide. Remote condition monitoring of 

wind turbines is employed to achieve higher uptimes and lower maintenance costs. Machine 

learning models can detect developing damages in wind turbines. Therefore, this paper 

demonstrates that cross–turbine transfer learning can drastically improve the accuracy of 

fault detection models in turbines with scarce SCADA data. In particular, it shows that 

combining the knowledge from turbines with scarce and turbines with plentiful data enables 

earlier detection of faults than prior art methods. Training fault detection models require large 

amounts of past and present SCADA data but these data are often unavailable or not 

representative of the current operation behavior. Newly commissioned wind farms lack 

SCADA data from the previous operation. Due to control software updates or hardware 

replacements, older turbines may also lack representative SCADA data. After such events, a 

turbine’s operation behavior can change significantly so its SCADA data no longer represent 

its current behavior. Therefore, the work highlights how to reuse and transfer knowledge 
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across wind turbines to overcome this lack of data and enable the earlier detection of faults 

in wind turbines.  

Keywords  

Condition monitoring; diagnostics; wind turbines; transfer learning; fault detection; 

convolutional neural networks 

 

1. Introduction 

The globally installed wind power capacity is growing steadily, in line with efforts to increase the 

share of renewable energy production worldwide [1, 2]. The operation and maintenance costs of 

wind farms make up about one-third of the electricity production costs over the lifetime of a wind 

farm [3]. 

Condition monitoring and intelligent fault detection approaches can enable a transition towards 

condition–based maintenance of Wind Turbines (WT)s, thereby increasing the up-time of the 

monitored WTs and reducing their maintenance costs. Fault detection algorithms that rely on 

machine learning are designed to notify the operator when unusual operation behavior is observed. 

This requires models of the WT’s normal operation behavior which can be trained on condition data 

from healthy WTs.  

The use of condition data from the Supervisory Control And Data Acquisition (SCADA) system 

was successfully demonstrated to train such Normal Behaviour Models (NBM)s especially for fault 

detection tasks, as shown e.g., in [4-9]. 

However, this approach requires that condition monitoring data be available over a sufficiently 

long operation period covering a range of operating conditions. Indeed, when condition monitoring 

data are scarce or no longer representative of the WT’s current behavior, fault detection based on 

NBMs is usually not an option because NBMs cannot be trained then. This is the case for newly 

commissioned WTs and in the initial stage of the operation life of a WT. Moreover, major changes 

in the operation conditions, regardless of WT age, can result in a lack of SCADA data representative 

of the new operation behavior. This scenario can arise, e.g., after control software updates or 

hardware retrofits. 

Therefore, the use of Transfer Learning (TL) in connection with Deep Learning (DL) is considered 

in this work. DL methods have become popular among researchers in the field of fault detection. 

However, their performance depends on the availability of big data sets [10]. To overcome this 

problem researchers started applying TL to achieve good performance from small available data-

sets, by leveraging multiple prediction models over similar machines and working conditions. 

However, the influence of negative TL limits their application. Negative transfer among prediction 

models increases when the environment and working conditions change continuously. To overcome 

the effect of negative transfer, the paper also proposes a TL method for WT fault detection that 

prevents negative transfer and only focuses on relevant information from the source machine. 

In particular, this study demonstrates the potential of TL for enabling SCADA–based fault 

detection with normal behavior models even when NBM training data are scarce. It is investigated 

how NBMs can be transferred from a WT with sufficient training data (source WT) to a WT with 
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scarce operation data (target WT) to achieve accurate NBMs and, thus, reduce fault detection delays. 

The work investigates multiple TL strategies for training an NBM in the target WT, and studies how 

they affect the accuracy of the trained NBM. It is also analyzed how the preferable strategy depends 

on the amount of training data available. The proposed approach drastically reduces the SCADA 

data required to train an NBM for fault detection tasks in the target WT. It is shown that TL results 

in a higher NBM accuracy and, thus, earlier fault detection when less than a year of training data is 

available. 

It is worth noting that the recent advancements in DL have achieved enormous success in many 

fields [11], ranging from computer vision [12] to speech recognition [13]. Therefore, it also attracting 

researchers in fault detection [14, 15], as this paper considers. However, fault detection faces a data 

imbalance problem compared to other fields where most available data are considered healthy 

cases with only a very small minority being data of fault cases [16]. This study developed a method 

to build fault detection models over WTs by the learned knowledge among the WTs. Even though 

the WTs are practically identical, their behavior differs due to different environments and Working 

Conditions (WC)s [17, 18]. The recent progress in the Internet of Things (IoT) allows for collecting 

data from remote sources, such as SCADA systems. 

The goal of TL is to improve learners' performance by transferring knowledge from another 

related domain whereas, the traditional machine learning models are based on the assumption that 

both the training and testing data belong to the same data distribution. TL is inspired by human 

learning behavior, where humans use previous related knowledge while learning to solve new 

problems. For example, a person learns to drive a car quickly if he knows how to ride a bike 

compared to learning from scratch without any road experience. As shown in the study, TL enables 

machine learning models to transfer learned knowledge from source domains to a target domain to 

improve the performance of the target learning function. In contrast, the source and target domains 

have different data distributions [10]. Moreover, the source domain data samples can be 

transferred to improve the learning of the target model [19]. TL is getting popular, and it has been 

applied in many fields including fault detection, but some research gaps still need to be filled out. 

The paper will only address TL for fault detection because this research is focused on these topics. 

TL for fault detection transfers the learned knowledge about faults from a source machine to a 

target machine. The currently available methods only use one machine as a source. The paper [20] 

proposes domain adaption in fault diagnosis to learn features combined from the source and the 

target domain. Then a support vector machine classifier is used to predict faults. A TL method was 

used to predict bearing inner, ball, and outer race faults in changing working conditions [21]. The 

paper [22] proposed an improved deep neural network optimized by a particle swarm optimization 

algorithm and a regularization method to classify gear pitting faults. 

Data labeling is a difficult task, and fault data is imbalanced. However, transferring the knowledge 

to a target without the labeled data is also possible. The maximum mean discrepancy was used to 

minimize the difference between the source and the target domains when the labeled data was 

unavailable for the target. Along with the domain adaptation using maximum mean discrepancy, 

different DL models are used for condition recognition like sparse autoencoder [23] or Convolutional 

Neural Network (CNN) [24]. The paper [25] proposed a feature–based CNN to extract transferable 

features from the raw vibration signals. Then multi-layer domain adaptation is added to reduce the 

distribution discrepancy of learned transferable features, and pseudo-label learning [26] is used to 

train from unlabeled target domain samples. On the other hand, pre–trained networks can train a 
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deep learning network for fault classification, as shown in [27]. The sensor data is converted to 

image data by plotting [28] or using wavelet transformation [29] to obtain a time-frequency 

distribution to fine-tune high-level network layers. The low-level features are extracted from the 

pre-trained network. The research using the TL approach to fault detection was validated on lab-

generated data from a bearing dataset [30]. 

The current state-of-the-art methods do not focus on the aspect that there are some 

dissimilarities between the source and the target machines. The discrepancies referred to as 

negative transfer may hinder the performance of the target model. In contrast with the negative 

transfer, the valuable information from the source is positive, as addressed e.g. in [10]. Combining 

DL with TL to train nonlinear high-dimensional DTL models with a small data-set is also possible. TL 

is also classified into four categories: instance-based DTL, network-based DTL, mapping-based DTL, 

and adversarial-based DTL. In order to address the negative transfer problem, the work [10] 

proposed, e.g., an instance-based DTL method. 

On the other hand, concerning DL applied to fault diagnosis, DL–the based fault diagnosis model 

is relatively widespread, such as, e.g., deep variational autoencoder [31, 32], multiscale deep belief 

network [33], deep hybrid learning [34] and stacked denoising autoencoder [35]. 

In particular for this research, which combines TL with DL for fault diagnosis, the work is focused 

on TL which allows for combining data over multiple machines. To deal with large data sets and 

capture the nonlinear trends from different measurements, a method is needed like DL instead of 

using shallow machine learning models. TL with DL is employed to transfer learned knowledge from 

extensive fault history WT to the scarce fault history WT, which is insufficient to train traditional 

machine learning models. In fact, concerning previous works by the authors [36], this paper exploits 

DL and TL tools for fault diagnosis application to WT SCADA data. Other well–established traditional 

approaches showing the application of artificial intelligence tools for fault diagnosis can be found, 

e.g., in [37-44]. 

This paper is organized as follows. Section 2 reviews existing TL approaches and how they can be 

beneficially applied in wind power applications. Recently proposed first applications of TL to 

condition monitoring tasks in wind farms are also considered. SCADA-based modeling of the normal 

operation behavior and detection of deviations from that behavior is one of the most relevant fault 

detection approaches in WTs in practice [8]. Despite its relevance, the potential of TL for this fault 

detection task has not been investigated so far. This work demonstrates how TL can be beneficial 

for extracting operation knowledge from WTs with sufficient training data and for re-using this 

knowledge to improve the fault detection accuracy in WTs with scarce training data. Section 3 

introduces new strategies for training an NBM for fault detection despite scarce target WT training 

data. Section 4 discusses the results of a case study of the presented strategies and their 

performances. Finally, Section 6 presents some conclusions and possible directions for future 

research. 

2. Transfer Learning for Fault Detection 

Fault detection methods for WTs usually assume that the training and the test data originate 

from the same multivariate distribution in the same feature space. For example, it is usually 

assumed that a model of the WT’s normal operation behavior, once trained on past operation data, 

will continue to perform well when applied to data from the future operation of the WT. However, 
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this assumption is often not correct in practice as the distribution of the operation data can evolve 

over time and even change abruptly. This can be reflected in distribution shifts, such as power curve 

shifts or other correlated SCADA variables. Various processes can cause these distribution changes, 

including control software updates and hardware replacement. In such situations, SCADA data that 

are representative of the current normal operation of the WT are scarce. Representative SCADA 

data are also scarce after the WT commissioning and at the beginning of its operational life. If 

condition data are barely available, the feature space will be populated only sparsely, so a 

probability density distribution representative of the WT’s normal operation behavior cannot be 

estimated reliably. For instance, sufficient SCADA data might not be available at high wind speeds, 

so the power generation cannot be estimated accurately. 

On the other hand, after software and hardware updates, SCADA data from before the update 

are often plentifully available but no longer representative of the current operation behavior. The 

feature space is comprehensively populated in this case, but the data distribution does not fully 

reflect the WT’s current normal operation behaviour. If nevertheless, an NBM is trained on past 

operation data, it tends to be less capable of detecting anomalous operation behavior and, thus, 

causes delays in the detection of incipient faults [5]. 

TL relies on the mathematical concepts of domain and task. Formally, a domain D = {X, P(X)} 

consists of a feature space X and a marginal probability distribution P(X). A task T is defined by a 

label set Y and a conditional probability distribution P(Y|X), which can be estimated from a training 

set {(xi, yi)|xi ϵ X, yi ϵ Y}. TL considers a source domain Ds, a target domain Dt, a source task Ts and a 

target task Tt, and aims to estimate the conditional probability distribution in the target domain, 

P(Yt|Xt) from information extracted from the source domain Ds = {Xs, P(Xs)} with tasks Ts and Tt [45, 

46]. 

Thus, it enables the transfer of information learned on a source feature space and task to a 

different but related target feature space and task. In this way, it can help to address mismatches 

in the training and the test data. TL has shown success when the source and target data follow 

similar but different distributions or populate similar but different feature spaces; it can also be 

successful for applications when the source task and target task are similar but different [46-49]. 

Such situations frequently arise in machine health applications in industrial fleets. Wind farms 

comprise different but similar WT types, operating conditions, and SCADA systems. TL has a strong 

potential for improving WT condition monitoring tasks including performance monitoring, fault 

diagnostics and machine health state prognostics. This study demonstrates the application of TL for 

training accurate models of the normal operation behavior of WTs for fault detection tasks. The 

representativeness and accuracy of normal behavior models are of major importance for enabling 

the early detection of incipient faults [5]. TL strategies can be particularly useful when much training 

data in the source domain are available but little training data in the target domain, which is the 

case in the situations of scarce WT condition data considered in this study. 

Few studies have investigated the reuse and transfer of knowledge across different WTs. The 

potential of TL methods in wind energy applications, notably fault diagnostics tasks, has barely been 

studied. The work [50] proposed applying a fault detection model across WTs without retraining the 

model on the target WT. They made use of an offshore source WT and multiple onshore target WTs. 

Fault labels were available for the source WT and unavailable for the target WT. The model was 

trained on data from the SCADA system of the source WT. The fault detection model was applied to 

the target domain without retraining; the entire target domain data set was used as a test set. The 
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paper [51] addressed image-based blade damage detection methods in WTs. They applied a TL 

approach to demonstrate improved feature extraction and damage detection accuracy in the 

images. The work [52] applied TL to fault diagnosis tasks in WTs.  Based on SCADA data, they 

investigated the application to gear cog belt fractures and blade icing detection. The authors 

compared classical machine learning methods and TL with an algorithm [45] for the two fault 

classification tasks, finding the superior performance of the TL–based method. The paper [53] 

presented a fault diagnosis method for WT gearboxes that uses generative TL. They demonstrated 

their approach in the laboratory with accelerometer measurements from the gearbox of a 3–kW 

WT. The work [54] investigated the transfer of fault diagnosis tasks on SCADA and failure status data 

sets. The authors considered different fault types, focused on the transfer of fault diagnostics 

models, and demonstrated the application of autoencoders. Finally, the work [55] proposed a TL 

approach based on multiple autoencoders with step-wise customization. They chose the application 

field of short-term wind power forecasting and demonstrated their proposed approach in 50 

commercial WTs. 

Surprisingly, none of the existing TL methods for SCADA–based fault detection involves normal 

behavior modeling, even though it is one of the most relevant data-driven methods for early fault 

detection in WTs. This study investigates TL strategies for fault detection based on normal behavior 

models. The research issues that this work aims at solving are the following. 

 How to reuse and transfer operational knowledge across WTs; 

 The effect of the transfer on the performance of fault detection models for the target WT; 

 The results obtained with a one–fits–all normal behavior model for fault detection at the 

target WT when applied to a customized model; 

 The improvement in the accuracy of SCADA–based fault detection with TL of an NBM 

concerning training an NBM from scratch; 

 The relation between the accuracy improvement and the amount of training data from the 

target WT. 

3. Proposed Methodology 

The task in this study is the SCADA–based detection of incipient faults in WTs whose SCADA 

data are scarce or no longer representative of the current normal operation behavior. To this end, 

the work demonstrates how to train a NBM and transfer it to a target WT, as shown in Figure 

1. It is sketched how TL strategies can facilitate the re–use and transfer of knowledge about the 

normal operation behavior of a source WT to a target WT for fault detection tasks. 
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Figure 1 Transfer learning strategy enhancement. 

A normal behavior model f is a statistical or machine learning model that was trained on SCADA 

features x1(t), x2(t), ..., xm(t) to learn the distribution of one or several target SCADA variables y1(t), 

y2(t), ..., yn(t) to be monitored, as shown in Figure 2. In particular, the flow chart of Figure 2 illustrates 

the SCADA–based fault detection methods based on training and application of normal behavior 

models. 

 

Figure 2 Flow chart of the fault detection strategy. 
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The model f maps the SCADA features x1(t), x2(t), ..., xm(t) to the SCADA variable estimates ŷ1(t), 

ŷ2(t), ..., ŷn(t) expected under normal operation behavior, with m, n ϵ N. The features x1(t), x2(t), ..., 

xm(t) on which f is trained are chosen to reflect the full range of operating conditions that can arise 

in a fault–free normally functioning WT and that are relevant for predicting the estimated values of 

the monitored variables y1(t), y2(t), ..., yn(t). The SCADA input features typically include 

environmental conditions, particularly wind speed. The SCADA target variables to be monitored 

should be suitable indicators of fault conditions. For example, operation temperatures of critical 

components and fluids are often selected as the SCADA target variables to be monitored for early 

fault detection tasks. This is because unusual heat generation, such as excessive friction, can 

indicate operating problems and incipient faults. 

Note that, as recalled in Figure 2, this paper will not consider the problem of the evaluation of 

the diagnostic signals ϵi = yi - ŷi, with i = 1, ..., n since it focuses on the improvement of the accuracy 

of the estimates ŷi. However, it is worth noting that as already remarked, the paper focuses on 

transfer learning approaches. The fault diagnosis represents a possible application, even if it is not 

the main point of the work. As proposed, e.g., in [56] the selection of the fault detection threshold 

ϵi can be based on a simple geometrical test or more complicated statistical schemes. In particular 

for this study, the fault detection thresholds are settled using the empirical solution that considers 

a margin of ±10% of the minimal and maximal values of the fault-free values of ϵi = yi - ŷi. However, 

more complex approaches may be exploited to improve fault detection accuracy, as addressed in 

[56]. 

The aim of the work is the early detection of faults based on an accurate estimation of 

the normal operation behavior of the monitored WT. In a TL sense, the task to be learned is the 

same on the source and the target data sets, namely the accurate estimation of the normal 

operating behavior to enable early detection of developing faults based on the deviation from 

normal behavior. Observations of actual WT faults are relatively scarce and of diverse types. 

Therefore, many automated fault detection algorithms rely on evaluating signal reconstruction 

errors in normal behavior modeling approaches instead of learning fault signatures [7, 8]. Normal 

behavior models were shown to successfully detect developing faults in WT drive trains, e.g., 

in [6]. They constitute one of the most relevant SCADA–based fault detection approaches in practice 

[8]. Single- and multi-target NBMs have been proposed, with multi-target NBMs being capable of 

exploiting the covariance among the target variables y1(t), y2(t), ..., yn(t) which can enable more 

accurate normal behavior models and earlier fault detection [4, 5]. In practice, a   separate WT–

specific NBM is usually trained and deployed to operation for every WT. This is done to account for 

site–specific aspects, such as wake effects, on the WT operation, to achieve a high NBM monitoring 

accuracy and, thus, enable earlier detection of developing faults. Training an NBM requires the 

availability of training data {x1(t), x2(t), ..., xm(t), y1(t), y2(t), ..., yn(t) that} are representative of the 

current normal operation behavior of the WT under all operating conditions. In practice, ideally 

at least one year of SCADA data is used for training an NBM. However, so much representative 

training data are not always available. Newly commissioned WTs and WTs in their first year of 

operation naturally lack these training data. Even older WTs may be scarce in representative 

SCADA data that can be used for training an NBM. For example, this may be the case after control 

software or hardware updates. 

To overcome the scarcity of training data, this work proposes to exploit the information 

contained in the NBM of a WT abundant in training data (source WT) and to transfer that 



JEPT 2023; 5(1), doi:10.21926/jept.2301011 
 

Page 9/21 

information to the WT lacking representative training data (target WT), as remarked in Figure 1. 

Different computational strategies will be analyzed for this knowledge transfer in the following. The 

NBMs trained in this study are convolutional neural networks as detailed below. As shown in Figure 

3, five different transfer strategies are considered. 

 

Figure 3 Strategy 1 for training a NMB for fault detection tasks on a target WT. 

In particular, three different transfer strategies (strategies 1-3) are compared to two strategies in 

which an NBM is trained from scratch at least partly on SCADA data from the target WT (strategies 

4 and 5). 

Therefore, according to transfer strategy 1 of Figure 3, the model is trained on the 

training set of the source WT. The scarce training data of the target WT are used to retrain only 

the last layers of the model. The network weights of the other layers are transferred to the target 

WT without any changes. In more detail, the NMB has been trained and optimized on the source 

WT training and validation sets. The NBM for the target WT was initialized with the weights of the 

CNN trained on the source WT. Thus, the initial state of the target NBM already comprised 

knowledge about the normal operation behavior of a WT and the covariance among the input and 

target variables even before the training on the target WT’s training data started. Next, the weights 

of the two last layers of the NBM were retrained on the 24–hours-sequences of the training set of 

the target WT. The last two layers were the two fully connected layers with eight neurons in the 

hidden layer and seven in the output layer, as described above. 

Strategy 2 in Figure 4 is the same as strategy 1, except all the network layers are retrained on the 

target WT data. In particular this strategy, it is involved an NBM to be trained and optimized on the 

source WT training and validation sets followed by initializing the target WT’s NBM with the thus 

trained CNN and its weights. Unlike strategy 1, however, all layers' weights have been retrained on 

the target WT’s training set. 
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Figure 4 Strategy 2 for training a NMB for fault detection tasks on a target WT. 

Strategy 3 of Figure 5 involves training the model on the source WT and transferring and applying 

the trained model to the target WT data without any modifications. In more detail, an NBM has 

been trained on the source WT’s data as discussed above. The trained model was then applied to 

the test data of the target WT without any retraining or other customization to the target WT. So 

no condition monitoring data from the target WT were used as part of the training or validation 

according to strategy 3. 

 

Figure 5 Strategy 3 for training a NMB for fault detection tasks on a target WT. 

Strategy 4 of Figure 6 provides that the NBM is trained from scratch on the merged SCADA 

training data sets from the source and the target WTs. In particular, this strategy has provided that 

the SCADA data of the source and the target WTs have been combined prior to the NBM training. A 

CNN has been trained on the merged data set of source and target WT SCADA data. The trained 

NBM was then tested on the target WT. 
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Figure 6 Strategy 4 for training a NMB for fault detection tasks on a target WT. 

Finally, strategy 5 in Figure 7 involves training an NBM from scratch on the scarce training data 

set of the target WT and not making use of the NBM or of the training data from the source WT. In 

more detail for this strategy, no SCADA data or other information from the source WT have been 

used to train the target WT’s NBM. Thus, training, validation and testing have been performed from 

scratch on the SCADA data of the target WT. The performance of each strategy has been measured 

in terms of the Root Mean Square Error (RMSE) of the trained normal behavior model on the target 

WT test set. 

 

Figure 7 Strategy 5 for training a NMB for fault detection tasks on a target WT. 

4. Simulation Results 

SCADA data from six 3–MW onshore WTs were used for a case study in which performances 

of the proposed TL strategies were also compared. Eight combinations of source and target WTs 

were randomly selected from the available six WTs. The WTs are commercially operated horizontal-

axis variable-speed machines with pitch regulation. Fourteen months of SCADA data were available 

from each WT. The SCADA data were provided at 10– minute resolution and computed as mean 

values computed over periods of ten minutes. The location and observation time of the WTs is not 

disclosed to ensure the operator's privacy. 

The SCADA target variables y1(t), y2(t), ..., y7(t) to be monitored in the case study considered in 
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this work are provided in Table 1 and Table 2 along with the SCADA features x1(t), x2(t), x3(t) to 

estimate them. 

Table 1 SCADA features. 

SCADA Features xi(t) 

Wind speed x1(t) 

Wind direction x2(t) 

Air temperature x3(t) 

Table 2 SCADA monitored target. 

Monitored Target Variables yi(t) 

Gear bearing temperature y1(t) 

Hydraulic oil temperature y2(t) 

Transformer temperature y3(t) 

Active power generation y4(t) 

Rotor speed y5(t) 

Generator speed y6(t) 

Current y7(t) 

In particular, Table 2 reports the target variables yi(t) to be monitored and the features xi(t) used 

for estimating the normal behavior model based on which fault detection is performed. The features 

comprise the 10–minute mean wind speeds and wind directions measured at the nacelle and the 

ambient air temperatures. Wind speed is the main predictor of the target variables. Wind speed and 

air temperature are also relevant features for the environmental conditions, including wake effects 

and air pressure changes. The ambient temperature is an imperfect proxy of the air pressure in this 

study because air pressure measurements were unavailable from the WTs. 

It is worth noting that the SCADA features xi(t), such as wind speed and air temperature 

reported in Table 1 and Table 2 are inherently included in the target data, since the wind 

turbine control system regulates the wind turbine outputs by monitoring these variables, as 

described, e.g., in [57]. 

The SCADA data were normalized to ensure all features have a similar order of magnitude and to 

enable fast model training. Then, the data of the source and target WTs were each split into 

training, validation and test sets, with 20% of both data sets used as the respective test sets and 10% 

as validation sets. The same split was applied for training and testing all five strategies and 

models compared in this study. 

The SCADA features served as input to train a normal behavior model to provide estimates ŷ1(t), 

ŷ2(t), ..., ŷ7(t) of the target variables. A multitarget Convolutional Neural Network (CNN) model f 

was trained to this end. The WTs’ normal operation behavior was modeled with a CNN to capture 

the time dependence of the WT operation patterns. Sequences with 144-time steps corresponding 

to 24 hours were created from the normalized time series as input to the CNN. Thus, the CNN 

predicts the target values based on a sequence of past operation states rather than on same-time 

observations only. The input data corresponded to 144-time steps by 3 input variables and a moving 

window over the past 144-time steps. The CNN was trained on the resulting sequences of the source 
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WT’s training set to compare strategies 1-5, as shown in Figures 3, 4, 5, 6, and 7. 

CNNs are artificial neural networks that comprise layers from which feature maps are compiled 

by filters moving over the SCADA sequences with a convolution operation [11, 58]. Note that the 

architecture of the CNN was defined as part of a hyper-parameter optimization process in which a 

grid search was performed about the number of layers and layer sizes that resulted in the lowest 

validation set error. Architectures with up to two convolutional and two dense hidden layers with 

different numbers of neurons were compared to this end. Several 4, 8 and 16 neurons were assessed 

in each hidden layer, and convolutional filter sizes of 2 and 3 were in the optimization process. The 

mean squared error was chosen as a loss function for training the CNN and to compare the models’ 

performances. The resulting CNN architecture compromises a convolutional layer with 16 

convolutional filters, a max pooling layer, and a second convolutional layer with 16 filters. The 

features thus extracted were passed to a dense hidden layer with 8 neurons connected to a dense 

output layer with seven neurons corresponding to the seven target variables. The CNN was trained 

and optimized on the training and validation sets of the source WT to establish a normal behavior 

model of the source WT. The Adaptive Moment Estimation (Adam) optimizer was employed for 

stochastic gradient descent [59]. The training was conducted over 100 epochs with a batch size of 

256 data. 

The following TL strategies in this case study were compared by Figures 3, 4, 5, 6, and 7. 

For strategy 1, the CNN normal behavior model was trained and optimized on the source WT 

training and validation sets as discussed above. The CNN NBM for the target WT was initialized with 

the weights of the CNN trained on the source WT. Thus, the initial state of the target NBM already 

comprised knowledge about the normal operation behavior of a WT and the covariance among the 

input and target variables even before the training on the target WT’s training data started. Next, the 

weights of the two last layers of the CNN were retrained on the 24–hours-sequences of the training 

set of the target WT. The last two layers were the two fully connected layers of the CNN with eight 

neurons in the hidden layer and seven in the output layer, as described above. The training was again 

performed with 100 epochs and a batch size of 256. 

Strategy 2 involved a CNN NBM to be trained and optimized on the source WT training and 

validation sets followed by initializing the target WT’s NBM with the thus trained CNN and its 

weights. Unlike strategy 1, however, all layers' weights were retrained on the target WT’s training 

set. 

According to strategy 3, a CNN was trained as the NBM on the source WT’s data as discussed 

above. The trained model was then applied to the test data of the target WT without any retraining 

or other customization to the target WT. So no condition monitoring data from the target WT were 

used as part of the training or validation according to strategy 3. 

Strategy 4 provided that the SCADA data of the source and the target WTs were combined prior 

to the NBM training. A CNN was trained on the merged data set of source and target WT SCADA 

data. The trained NBM was then tested on the target WT. 

According to strategy 5, no SCADA data or other information from the source WT were used to 

train the target WT’s NBM. Thus, training, validation and testing were performed from scratch on 

the SCADA data of the target WT. The performance of each strategy was measured in terms of  RMSE 

of the trained normal behavior model on the target WT test set. 

An issue of particular interest was how the five strategies compare for various amounts of 

training data from the target WT. The performances of the five strategies were compared for a range 
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of scarce training set sizes of the target WT in the case study. To this end, a randomly selected 

source WT was selected from among the six WTs and the transfer to four other WTs was 

investigated. Each of these target WTs was randomly selected to serve as the respective target WT. 

Figure 8 shows how the performance of the normal behavior models trained by each of the five 

strategies varies with the size of the training data set of the target WT. Training set sizes of the 

target WT between 0.3 and 11 months were investigated. 

 

Figure 8 NBM accuracy for 4 randomly selected source WTs. 

In particular, Figure 8 depicts the accuracy of the NBM trained for a randomly selected source 

WT and 4 randomly selected target WTs for varying amounts of target WT training data. Each 

subfigure corresponds to a different target WT. 

Subsequently, this process was repeated by randomly selecting another source WT and four 

target WTs from among the six WTs, and then training the NBMs for varying amounts of target 

training data. The accuracy of the normal behavior models resulting from the five learning strategies 

is shown in Figure 9 for target WT training set sizes of between 0.3 and 11 months. 
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Figure 9 NBM accuracy for different randomly selected source WTs. 

In particular, Figure 9 depicts the accuracy of the NBMs trained for another randomly selected 

source WT, which differs from the one in Figure 8. Also in this case four randomly selected target 

WTs for varying amounts of target WT training data. Each subfigure corresponds to a different target 

WT.  

A separate CNN NBM was trained for each strategy and the training set sizes. A random sampling 

of the source and target WTs was applied to assess eight combinations of source and target WTs 

instead of evaluating all 30 possible combinations. The sampling of eight out of 30 pairs of source and 

target WTs was performed due to the high computational cost of the analysis. Each subfigure of 

Figure 8 and Figure 9 involved training, validation and testing 55 separate CNNs, corresponding to 

several hours of run time on a standard medium-performance PC. 
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Finally, the algorithmic complexity depends on the complexity of the model CNN models. Given 

the high variability within each class and high similarity between certain data classes, many 

convolutional layers and fully connected dense layers are needed to accurately distinguish between 

4 classes. The model consists of alternating 2D convolutional layers and max-pooling layers. The 

final two layers consist of fully connected dense layers. The first dense layer consists of 64 

dimensions and the second layer consists of 4 dimensions representing the 4 classes. The final dense 

layer’s highest value, consisting of a 1D array of length 4, indicates the prediction of that model for 

given pattern and target data. 

The models were trained for about 200 epochs with a learning rate of 0.0005. Slow learning was 

preferred in these models due to their complexity. Slow learning also allowed for size constriction 

within the models, as previous attempts in the training process with a faster learning rate required 

significantly larger models to achieve comparable results. 

Using smaller models was thus found to be more resource, memory, and time-intensive. The 

resulting model consisted of 60,772 trainable parameters, 99.78% smaller than the average number 

of models with TL. 

5. Discussion and Remarks 

The results show that the TL schemes (strategies 1 and 2) drastically improved the accuracy of 

the normal behavior models for fault detection tasks with scarce target training data compared to 

strategies 3 and 5. The latter ones are referred to as naive strategies in the sense that they only use 

either the operation knowledge of the source WT or the scarce operation knowledge of the target 

WT. Strategy 3 involves training an NBM of the source WT and applying that model to the target WT 

without any modifications. Strategy 3 can be considered a simple TL strategy because the NBM is 

directly transferred and applied to the target WT without any customization. This strategy provides 

a constant NBM accuracy on the target WT as the model training does not involve any SCADA data 

from the target WT. Strategy 5 provides that an NBM of the target WT is to be trained from scratch 

on the scarce training data of the target WT.  Figures 8 and 9 show that this strategy is far the 

worst among all investigated strategies in case of scarce target WT data. It results in the lowest 

NBM accuracy on the target WT test set. The scarcer the target training data, the worse the 

performance of strategy 5 in absolute and relative terms compared to the other strategies. With 

increasing amounts of target WT training data, the performance of strategy 5 starts to approach the 

performances of the other four strategies and converge with them at about 8–10 months of 

target WT training data. At the same time, applying the source WT model without modifications 

(strategy 3) tends to outperform the other four strategies at these target WT training data sizes. 

This is because strategy 3 is the only strategy that does not consider any operational data from 

the target WT in the target NBM training. This reduces its performance relative to the other 

strategies when more and more target WT training data become available. 

The study also highlighted that strategies using combined operational knowledge from source 

and target WTs outperform naive strategies 3 and 5. As expected, the performance of TL strategies 

1 and 2 and of strategy 4 tends to increase with larger amounts of target WT training data. If 

training data are scarce, naive strategies 3 and 5 result in lower NBM accuracy and, therefore, in 

larger fault detection delays in the target WT than the other strategies. The latter also includes 

strategy 4 which requires the NBM training to be performed on the combined training sets of 
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the source and target WTs. Strategy 4 achieves similar NBM accuracy and, thus, similar fault 

detection delays as strategies 1 and 2, thereby clearly outperforming the naive strategies. Transfer 

learning strategies 1 and 2 perform very similarly, with strategy 1 (retraining last layers only) being 

moderately outperformed by strategy 2 (retraining all layers) in the case of more dissimilar 

source and target WTs as measured by the accuracy of the NBM trained following strategy 3. 

Strategies 3 and 4 converge towards identical training datasets and, thus, the same degree of 

accuracy as the size of the target WT training set is decreased. 

The main research issues investigated in this work concern the following issues. The reuse and 

the transfer of operational knowledge across WTs. The effect of this procedure on the performance 

of fault detection models concerning the target WT. The improvement of the accuracy provided 

by TL for the case of SCADA–based fault detection when scarce target WT training data compared 

to training from scratch. And if so, the varying accuracy improvement concerning the size of the 

target WT training set. 

The effect of one-fits-all NBM used for fault detection relative to an NBM customized to the 

target WT. These topics were analyzed using five knowledge transfer strategies and investigated in 

six commercial multi–MW WTs. 

Major advantages of TL that were demonstrated in other fields include that it can enable the 

training of models for the target system even if few or no training data are available for that 

system [48]. Hence, less training data are required and more accurate model predictions can be 

given with the scarce training data. The work confirmed these advantages in the performed case 

study. Comparing the performances of our five proposed strategies, it was found that the TL 

strategies 1 and 2 and strategy 4 which involve training on the combined source and target data 

outperform the naive strategies 3 and 5. Thus, strategies that use the combined operational 

knowledge available from both the source and the target WTs outperform the naive strategies in 

case of scarce training data of the target WT. Strategies 3 and 5 use training data from only 

the source or the target WT, which results in less accurate normal behavior models and larger fault 

detection delays when target WT training data are scarce. It was demonstrated that operators 

and asset managers could overcome a lack of representative training data by reusing and 

transferring operational knowledge across WTs by adopting the proposed TL strategies 1 and 2 

or strategy 4. Therefore, knowledge transfer across WTs can drastically improve the accuracy of 

SCADA-based normal behavior models and fault detection, and, thus, reduces fault detection delays 

in the case of scarce target WT training data. This improvement is particularly pronounced when 

compared to training an NBM from scratch on the scarce target WT training data. In fact, the 

scarcer the target WT training data, the more strongly strategies 1, 2 and 4 outperform the 

training from scratch on the target WT (strategy 5). NBMs trained with strategies 1, 2 or 4 also 

tended to outperform one-fits-all NBMs trained on the source WT and applied to the target WT 

without modifications (strategy 3). 

Even though SCADA data from the source WT tend to provide only an imperfect description of 

the NBM of the target WT, they are plentifully available. They can be used to train a more accurate 

NBM for the target WT in case of scarce training data. The results demonstrated that even small 

amounts of target WT training data could be applied beneficially to fine-tune and improve the 

performance of the NBM of the target WT. It was also found that an NBM should be customized for 

each WT. A one-fits-all NBM for all WTs in the wind farm (strategy 3) and training from scratch 

despite lack of training data (strategy 5) are the worst performing ones of the five compared 
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strategies. The developed knowledge transfer strategies facilitate early fault detection in WTs with 

scarce SCADA data. TThey help improve the uptime of WT fleets by facilitating earlier and more  

informed responses to unforeseen maintenance actions, particularly for target  WTs with limited 

availability of past condition monitoring data. 

6. Conclusion 

Data-driven fault detection in wind turbines requires sensor data that represent the monitored 

turbines’ past and present normal operation behaviour of the monitored turbines. Such data are 

often unavailable, for example, after the commissioning and in the first months of operation of the 

turbines, but also after major turbine updates. Fault detection models can barely be trained under 

these circumstances. To overcome these limitations, the paper proposed and demonstrated the 

reuse and transfer of knowledge about the normal operation behavior from turbines with sufficient 

training data to turbines with scarce training data. The results are very encouraging and open up 

further research questions. Future studies should investigate, for example, how to select the 

optimal source wind turbines for the knowledge transfer of machine health monitoring tasks. It will 

also be interesting to study transfer learning strategies for varying degrees of operational similarity 

between machines of the same fleet and across different fleets. Moreover, transfer learning 

strategies might reduce the amount of SCADA data storage needed for condition monitoring tasks. 

Future studies should also investigate this use case in more detail. 
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