
Journal Pre-proof

Wind turbine blade icing diagnosis using hybrid features and Stacked-XGBoost
algorithm

Tao Tao, Yongqian Liu, Yanhui Qiao, Linyue Gao, Jiaoyang Lu, Ce Zhang, Yu Wang

PII: S0960-1481(21)01306-9

DOI: https://doi.org/10.1016/j.renene.2021.09.008

Reference: RENE 15949

To appear in: Renewable Energy

Received Date: 16 June 2021

Revised Date: 31 August 2021

Accepted Date: 2 September 2021

Please cite this article as: Tao T, Liu Y, Qiao Y, Gao L, Lu J, Zhang C, Wang Y, Wind turbine blade icing
diagnosis using hybrid features and Stacked-XGBoost algorithm, Renewable Energy (2021), doi: https://
doi.org/10.1016/j.renene.2021.09.008.

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability, but it is not yet the definitive version of
record. This version will undergo additional copyediting, typesetting and review before it is published
in its final form, but we are providing this version to give early visibility of the article. Please note that,
during the production process, errors may be discovered which could affect the content, and all legal
disclaimers that apply to the journal pertain.

© 2021 Published by Elsevier Ltd.

https://doi.org/10.1016/j.renene.2021.09.008
https://doi.org/10.1016/j.renene.2021.09.008
https://doi.org/10.1016/j.renene.2021.09.008


Author Contributions: 

Tao Tao: Conceptualization, Methodology, Software, Writing- Original Draft. 

Yongqian Liu: Supervision, Project administration, Funding acquisition. Yanhui 

Qiao: Writing- Review & Editing. Linyue Gao: Writing- Review & Editing. 

Jiaoyang Lu: Visualization. Ce Zhang: Formal analysis. Yu Wang: Data Curation. 

Jo
urn

al 
Pre-

pro
of



1 

 

Wind turbine blade icing diagnosis using hybrid features and Stacked-1 

XGBoost algorithm 2 

Tao Taoa, Yongqian Liua*, Yanhui Qiaoa, Linyue Gaob, Jiaoyang Lua, Ce Zhanga, Yu 3 

Wanga 4 
 5 
aState Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources (NCEPU), School of New 6 
Energy, North China Electric Power University, Beijing 102206, China 7 
bDepartment of Mechanical Engineering, California State University, Sacramento, CA 95819, United States 8 
* E-mail address: yqliu@ncepu.edu.cn 9 

 10 

H I G H L I G H T S 11 

 12 
 Hybrid features satisfied the physical mechanism of icing are constructed. 13 

 Hybrid features significantly enhance the similarity between different datasets. 14 

 Icing diagnostic model based on the Staked-XGBoost algorithm is proposed. 15 

 The Stacked-XGBoost model is superior to single-algorithm-based models. 16 

 The proposed method achieves good diagnostic accuracy and generalizability. 17 

 18 

 19 

A B S T R A C T 20 
 21 

Icing significantly affects the performance of wind turbines in terms of power loss and structural 22 

degradation, and an effective blade icing diagnosis is the prerequisite to achieve the optimal control of wind 23 

turbines to mitigate such icing influence. However, current icing diagnostic methods lack consideration of 24 

fundamental icing physics and have limited generalizability to large-scale applications. To address such 25 

challenges, in the present study, we aim to propose an effective and robust blade icing diagnostic method for 26 

wind turbines. Specifically, hybrid features that fully consider both short-term and long-term icing influence 27 

are extracted based on the underlying icing physics. Such features are used to build a Stacked-XGBoost 28 

model (i.e., based on a combination of stacking ensemble learning algorithm and XGBoost machine learning 29 

algorithm) to achieve blade icing diagnosis. The proposed method is evaluated at two wind farms and further 30 

compared with three single algorithm-based models (i.e., random forest, support vector machine and 31 

XGBoost algorithms). The results show that the hybrid features significantly enhance the similarity between 32 

different datasets and the Stacked-XGBoost algorithm achieves a higher diagnostic accuracy and a better 33 

generalizability compared to the single-algorithm-based models. 34 

 35 

Keywords: Wind turbine blade; Icing diagnosis; Ensemble learning; SCADA; Machine learning 36 
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1. Introduction 39 

Wind energy is one of the most promising renewable energy resources for large-scale power generation, 40 

and expanding the use of wind energy instead of fossil fuel is an effective solution to reduce environmental 41 

pollution and slow or even reverse global warming [1,2]. Approximately 20%~30% of wind installations are 42 

located in areas with low temperatures and high humidity levels where wind turbines may suffer from severe 43 

blade icing issues [3]. Blade icing can significantly alter blade geometries, degrade aerodynamic properties 44 

and yield severe energy losses. Moreover, blade icing can also cause uneven blade load distributions, 45 

increase the risks of mechanical failures, and thereby shorten the turbine lifespan. In a long term, such icing 46 

issues may significantly impact the wind farm economic benefits [4–9]. 47 

Currently, most commercialized wind turbines diagnose blade icing events by comparing actual power 48 

outputs to theoretical power outputs that are not influenced by icing and generating alarm signals or 49 

shutdown commands when the deviations exceed a predefined threshold (i.e., 15% in usual) [10]. Such 50 

approaches tend to exhibit low diagnostic accuracy, particularly for the early-stage detection that may not 51 

have appreciable influence on the turbine power outputs. However, an accurate early-stage blade icing 52 

diagnosis plays an essential role in adjusting the turbine operations or activating the anti-/de-icing modules 53 

for those turbines equipped with ice protection systems [11], which can contribute to the safe and efficient 54 

wind farm operations and increase the power system stability in winters [12]. 55 

Early blade icing diagnostic techniques can be mainly categorized into direct and indirect approaches 56 

[3,6,11]. Direct approaches use additional devices to monitor the ice structures accreted over turbine blade 57 

surfaces, including but not limited to surveillance cameras [8,9], temperature and pressure sensors [13], 58 

infrared remote sensors [14], and hyperspectral imaging systems [15]. Instead, indirect approaches diagnose 59 

the blade icing events via the turbine operational data without using extra instruments [3], which are more 60 

favourable for large-scale applications due to low costs and easy implementations. As the most state-of-the-61 

art indirect approaches, data-driven models establish high-dimensional non-linear mapping relationship 62 

between turbine operational signals and blade icing events [3] and use such information for the early stage 63 

blade icing diagnosis [16,17]. To obtain effective and robust data-driven models for turbine blade icing 64 

diagnosis, we need to answer two questions. First, what are the most representative features to describe blade 65 

icing characteristics? Turbines record over 100 features in their supervisory control and data acquisition 66 

(SCADA) systems, and it is unnecessary and impossible to use all of them for the model training. Second, 67 

what are the most effective and suitable algorithms for the blade icing model construction?  68 

As to the feature extraction, Zhou et al. [18] conducted principal component analysis and selected wind 69 

speed, actual power, environmental temperature, and nacelle temperature as icing diagnostic features. Yang 70 

et al. [19] used a recursive feature elimination algorithm and further expand the representative feature pool 71 

from the aforementioned four with gearbox bearing temperature, generator temperature, and theoretical 72 

power. Ma et al. [20] suggested to add pitch angle and actual power deviation to icing diagnostic features. 73 

In addition, beyond the 10-min averages of the direct measurements. Zhang et al. [21] presented that the 74 

maximum and cumulative values of the selected features, particularly for the theoretical power deviation 75 

rate, are also useful. Furthermore, Yi et al. [22] used a stacked autoencoder algorithm to extract the non-76 

linear reconstructed features for icing diagnosis.  77 

As to the model construction, Skrimpas et al. [11] integrated the time waveform analysis of nacelle 78 

vibration data into the identification of wind turbine power deterioration signals via a k-nearest neighbour 79 

algorithm to achieve the detection of blade ice accretion. Zhang et al. [21] and Ge et al. [10] both built icing 80 

diagnostic models based on random forest algorithms. Ge et al. [10] further solved the imbalance in the 81 

normal and icing datasets (i.e., icing datasets are much fewer than normal ones) by using an improved 82 

synthetic minority oversampling technique algorithm considering sample density and concentration region 83 

segmentation. Zhou et al. [18] constructed icing diagnosis models based on a support vector machine 84 

algorithm and optimised the model hyperparameters using particle swarm algorithms. Yang et al. [19] and 85 

Ma et al. [20] successfully employed fully connected neural networks and deep belief networks (i.e., based 86 

on a two-layer restricted Boltzmann machine and classifier) for icing detection, respectively. Most recently, 87 

Chen et al. [23] proposed to use TrAdaBoost transfer learning algorithm for the icing diagnosis to take 88 

advantage of its good performance in handling datasets with imbalanced classes. 89 

In summary, researchers have conducted many studies on the wind turbine blade icing diagnosis in 90 

terms of features extraction and model construction, but following limitations still need to be addressed. 91 

(1) The previous studies lack of systematic justifications of the representative features. Specifically, 92 

most features are selected based on the researchers’ experience and lack of consideration of underlying icing 93 

physics. In addition, the time-dependent features of blade icing events are missing. Such limitations may 94 

introduce significant uncertainties to the diagnostic results and affect the diagnostic accuracy and model 95 
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generalizability.  96 

(2) The existing blade icing diagnosis models are mainly based on a single algorithm, which has limited 97 

feature learning ability for the complex blade icing processes and relatively low transferability that hinders 98 

their large-scale applications. 99 

Consequently, to solve the above issues, the wind turbine blade icing diagnosis method based on hybrid 100 

features and Stacked-XGBoost algorithm is proposed in this paper, with the following main contributions. 101 

(1) Hybrid features that fully consider both short-term and long-term icing influence are extracted from 102 

turbine SCADA systems. Specifically, based on the icing physics, the influence of blade icing can be 103 

integrated to the power losses associated with profile change, tip loss, and mechanical loss and fully 104 

described using 12 features (referred to as short-term features hereafter). Such features are used to establish 105 

the long-term feature pool, including temporal autocorrelation and statistical characteristics such as 106 

maximum, minimum, mean and standard deviation, using a sliding window algorithm. The short-term and 107 

long-term features are combined to form hybrid features that allow accurate diagnosis regardless of site-108 

dependent and turbine-dependent influence.  109 

(2) An intelligent blade icing diagnostic model is proposed by combining a stacking ensemble learning 110 

algorithm and a XGBoost machine learning algorithm, i.e., Stacked-XGBoost algorithm. With the selected 111 

hybrid features, the proposed Stacked-XGBoost model exhibits appreciative improvements in comparison 112 

to single algorithms with respect to accuracy and generalizability for the blade icing diagnosis. 113 

This paper is organised as follows. Section 2 introduces hybrid features for icing diagnosis based on 114 

the icing process physics and a sliding window algorithm. Section 3 presents the blade icing diagnostic 115 

model based on the Stacked-XGBoost algorithm. The proposed method is validated using the data collected 116 

from two wind farms in Section 4, followed by a brief conclusion in Section 5. 117 

2. Hybrid features for icing diagnosis 118 

2.1. Short-term feature extraction based on icing physics 119 

Meteorological icing is the prerequisite of turbine blade icing, and environmental temperature 𝑇𝑒𝑛𝑣 120 

and the corresponding temperature measured at turbine nacelle 𝑇𝑖𝑛𝑡 are the most representative features. In 121 

addition, the turbine operational features are more important to present the severity of blade icing, which can 122 

be extracted via deep mining from the turbine SCADA system. 123 

According to the wind energy conversion principle, wind turbine power considering mechanical loss, 124 

electrical loss, rotor loss and yaw error loss can be calculated by Eq. (1) [11,24]. 125 

𝑃𝑒 =
1

2
𝜂

𝑡
𝜂

𝑔
𝐶𝑃,𝑟𝑒𝑎𝑙 cos3 𝜃 𝜌𝑆𝑣3 (1) 126 

where 𝑃𝑒 is actual wind turbine power output, 𝜌 is air density, 𝑆 is swept area of the rotor, 𝑣 is incoming 127 

wind speed, 𝜂
𝑡
 is mechanical loss coefficient associated with frictional resistance in the drivetrain, 𝜂

𝑔
 is 128 

electrical loss coefficient related to generator energy conversion process, 𝐶𝑃,𝑟𝑒𝑎𝑙  is rotor coefficient 129 

associated with the energy harvest by turbine rotor, and 𝜃 is yaw error. 130 

The rotor coefficient is affected by profile, tip, wake rotation, which can be calculated by Eq. (2). 131 
𝐶𝑃,𝑟𝑒𝑎𝑙 = 𝜂

𝑃𝑟𝑜𝑓𝑖𝑙𝑒
𝜂

𝑇𝑖𝑝
𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧 (2) 132 

where 𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒

 is profile loss coefficient, 𝜂
𝑇𝑖𝑝

 is tip loss coefficient, and 𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧 is wake rotation loss 133 

coefficient. 134 

(1) Profile loss coefficient 135 

The profile loss is mainly associated with blades profile resistance and profile loss coefficient 𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒

 136 

can be calculated as follows.  137 

The actual power of a blade element can be calculated by Eq. (3). 138 

𝑑𝑃 = 𝑧𝛺𝑟 [
𝜌

2
𝑤2𝑐𝑑𝑟(𝐶𝐿 sin 𝜙 − 𝐶𝐷 cos 𝜙)] (3) 139 

where 𝑧 is number of blades, Ω is angular speed of turbine rotor, 𝑟 is the distance from blade element to 140 

hub centre, 𝑤 is the local resultant wind speed of inflow wind speed and rotational linear speed at a certain 141 

blade element, 𝑐 is the chord length of a blade element, 𝐶𝐿 is the lift coefficient of a blade element, 𝐶𝐷 is 142 

the drag coefficient of a blade element, and 𝜙 is the inflow angle of the local resultant wind towards a blade 143 

element. 144 

The theoretical power of ideal blade element without consideration drag resistance (i.e. 𝐶𝐷 = 0) can 145 

be calculated by Eq. (4). 146 

𝑑𝑃𝑖𝑑𝑒𝑎𝑙 = 𝑧Ω𝑟
𝜌

2
𝑤2𝑐𝑑𝑟𝐶𝐿 sin 𝜙 (4) 147 

The ratio of 𝑑𝑃/𝑑𝑃𝑖𝑑𝑒𝑎𝑙  represents the profile loss coefficient of a blade element, which can be 148 
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calculated by Eq. (5). 149 

𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒,𝑟

=
𝑑𝑃

𝑑𝑃𝑖𝑑𝑒𝑎𝑙

= 1 −
𝐶𝐷

𝐶𝐿 tan 𝜙

= 1 −
1

𝜀(𝜆, 𝛽, 𝑊𝑟) tan 𝜙(𝑟, 𝜆)

(5) 150 

where 𝜀(𝜆, 𝛽, 𝑊𝑟) refers to the lift-to-drag ratio, which is a function of blade tip speed 𝜆, pitch angle 𝛽 151 

and wing shape function of a blade element 𝑊𝑟. 152 

Furthermore, the tip speed ratio can be calculated by Eq. (6). 153 

𝜆 =
Ω𝑅

𝑣𝑖𝑛
=

Ω𝑔𝑅

𝐺𝑣𝑖𝑛

(6) 154 

where 𝑣𝑖𝑛 is the wind speed in the rotor plane, 𝑅 is the radius of the rotor, Ω𝑔 is the angular speed of 155 

turbine generator, and 𝐺 is the transmission ratio of turbine gearbox. 156 

The profile losses coefficient of the rotor is the integral of the blade element along the radius direction 157 

and can be calculated by Eq. (7). 158 

𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒

(𝜆, 𝛽, 𝑊) = ∫ 1 −
1

𝜀(𝜆, 𝛽, 𝑊𝑟) tan 𝜙(𝑟, 𝜆)
𝑑𝑟

𝑅

0

(7) 159 

where 𝑊 represents the wing shape function of turbine blade. 160 

(2) Tip loss coefficient 161 

The tip loss coefficient is caused by the flow around the tip of the blade pressure-side to the suction-162 

side [25], and the tip losses coefficient can be calculated by Eq. (8). 163 

𝜂
𝑇𝑖𝑝

(𝑧, 𝜆, 𝑊𝑇𝑖𝑝) = 𝑓(𝑧, 𝜆, 𝑊𝑇𝑖𝑝) (8) 164 

where 𝑓(𝑍, 𝜆, 𝑊𝑇𝑖𝑝)  is the function of the number of blade 𝑧 , tip speed ratio 𝜆  and the wing shape 165 

function of the tip of the blade 𝑊𝑇𝑖𝑝. 166 

(3) Wake rotation loss coefficient 167 

The wake rotation loss characterizes the circumferential rotational velocity component of wake, and 168 

the wake rotation loss coefficient 𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧 can be calculated by Eqs. (9-10). 169 

𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧(𝜆) = ∫ 4𝜆𝑟2
sin3(𝜙(𝑟, 𝜆))

sin2 (𝜙
1
(𝑟, 𝜆))

𝑑𝑟
𝑅

0

(9) 170 

𝜙
1

= arctan
𝑣

Ω𝑟
= arctan

𝑅

𝜆𝑟
(10) 171 

where 𝜙
1
 is the local inflow angle of blade. 172 

After combining Eqs. (1,2,7-9), turbine power can be calculated by Eq. (11). 173 

𝑃𝑒 =
1

2
𝜂

𝑡
𝜂

𝑔
𝜂

𝑃𝑟𝑜𝑓𝑖𝑙𝑒
(𝜆, 𝛽, 𝑊)𝜂

𝑇𝑖𝑝
(𝑧, 𝜆, 𝑊𝑇𝑖𝑝)𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧(𝜆) cos3 𝜃 𝜌𝑆𝑣3 (11) 174 
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a) Pressure-side of blade surface b) Suction-side of blade surface 

Fig. 1. Photos of ice structures accreted over the turbine blade surfaces near blade tip regions. 

 175 

For wind turbine blades, most severe ice accretion occurs at the leading-edge regions of the turbine 176 

blade tips due to the local high collection efficiency of impinging supercooled water droplets associated 177 

with the relatively high relative wind speeds, as shown in Fig. 1. It is worth noting that the photos are 178 

taken with an unmanned aerial system (UAS) imaging system from a mountainous wind farm located in 179 

Anhui, China. Such observations suggest that compared to the normal conditions (i.e., ice-free), wind 180 

turbines tend to more severe profile loss and tip loss. In addition, the accreted ice structures add extra 181 

weight to the turbine rotor, increase the frictional resistance of the drivetrain, and eventually results in an 182 

increase in mechanical loss. Correspondingly, the profile loss coefficient 𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒

, tip loss coefficient 𝜂
𝑇𝑖𝑝

 183 

and mechanical loss coefficient 𝜂
𝑡
 will decrease in value under icing conditions. Accordingly, an icing 184 

severity indicator 𝜉
𝑖𝑐𝑒

 is defined to quantitatively measured the icing severity, as given in Eq. (12). 185 

𝜉
𝑖𝑐𝑒

= 1 −
𝜂

𝑃𝑟𝑜𝑓𝑖𝑙𝑒
𝜂

𝑇𝑖𝑝
𝜂

𝑡

𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒,𝑛𝑜𝑟𝑚𝑎𝑙

𝜂
𝑇𝑖𝑝,𝑛𝑜𝑟𝑚𝑎𝑙

𝜂
𝑡,𝑛𝑜𝑟𝑚𝑎𝑙

= 1 −
𝑃𝑒

1
2

𝜂
𝑡,𝑛𝑜𝑟𝑚𝑎𝑙

𝜂
𝑔

𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒,𝑛𝑜𝑟𝑚𝑎𝑙

(𝜆, 𝛽, 𝑊)𝜂
𝑇𝑖𝑝,𝑛𝑜𝑟𝑚𝑎𝑙

(𝑧, 𝜆, 𝑊𝑇𝑖𝑝)𝐶𝑃,𝑆𝑐ℎ𝑚𝑖𝑡𝑧(𝜆) cos3 𝜃 𝜌𝑆𝑣3

= 1 −
𝑃𝑒

𝑃𝑒,𝑛𝑜𝑟𝑚𝑎𝑙(𝜆, 𝛽, 𝑣) cos3 𝜃

(12) 186 

where 𝜂
𝑃𝑟𝑜𝑓𝑖𝑙𝑒,𝑛𝑜𝑟𝑚𝑎𝑙

 , 𝜂
𝑇𝑖𝑝,𝑛𝑜𝑟𝑚𝑎𝑙

 , 𝜂
𝑡,𝑛𝑜𝑟𝑚𝑎𝑙

  and 𝑃𝑒,𝑛𝑜𝑟𝑚𝑎𝑙(𝜆, 𝛽, 𝑣)  represent profile loss coefficient, tip 187 

loss coefficient, mechanical loss coefficient, and turbine power under normal conditions, respectively. 188 

If wind turbines’ abnormal pitch and yaw errors are neglected, Eq. (12) can be simplified as Eq. (13). 189 

𝜉
𝑖𝑐𝑒

≈ 1 −
𝑃𝑒

𝑃𝑒,𝑑𝑒𝑖𝑠𝑔𝑛(𝑣)
(13) 190 

where 𝑃𝑒,𝑑𝑒𝑠𝑖𝑔𝑛(𝑣) is the theoretical power of the wind turbine under the same inflow wind condition for 191 

ice-free turbines. 192 

In summary, based on the icing physics analysis, the short-term features consist of environmental 193 

temperature 𝑇𝑒𝑛𝑣, nacelle temperature 𝑇𝑖𝑛𝑡, wind speed 𝑣, the cube of wind speed 𝑣3, pitch angle 𝛽, 194 

yaw error 𝜃, the cube of cosine of yaw error cos3 𝜃, angular speed of rotor Ω, tip speed ratio 𝜆, actual 195 

power 𝑃𝑒, theoretical power 𝑃𝑒,𝑑𝑒𝑠𝑖𝑔𝑛(𝑣) and icing severity indicator 𝜉
𝑖𝑐𝑒

. 196 

2.2. Long-term feature extraction based on the sliding window algorithm 197 

Short-term features only capture their relations with accreted ice on turbine blades at certain moments 198 

and lack consideration of the accumulating effects of icing processes on the turbine performance. Here, 199 

we introduce long-term features based on the temporal autocorrelation of the selected short-term features 200 

to characterize such effects [19]. Usage of both short-term and long-term features (referred to hybrid 201 

features hereafter) can increase the diversity of icing information and tend to increase the accuracy of 202 

icing diagnosis.  203 

Long-term features are extracted based on short-term features using the sliding window algorithm. 204 

Turbine SCADA data are in a format of time sequences and the raw dataset is denoted as 𝐷. The definition 205 

of related variables is shown in Eqs. (14-16).  206 

𝐷 = {(𝑋1, 𝑡1), (𝑋2, 𝑡2), … (𝑋𝑖, 𝑡𝑖), … } (14) 207 

𝑋𝑖 = (𝑥𝑖,1, 𝑥𝑖,2, … , 𝑥𝑖,𝑗, … ) (15) 208 

𝑥𝑗 = (𝑥1,𝑗, 𝑥2,𝑗, … , 𝑥𝑖,𝑗, … ) (16) 209 

where 𝑋𝑖 is the data recorded at the moment 𝑡𝑖, where 𝑖 = 1,2, …, containing all features selected above. 210 

𝑥𝑖,𝑗 is the 𝑗th feature in 𝑋𝑗, such as wind speed, angular speed of turbine rotor, power, etc. and 𝑥𝑗 is the 211 

time series data of the 𝑗th feature. 212 

First, the sliding window algorithm is used to process the raw dataset 𝐷, and the processed data is 213 

denoted as 𝐷𝑊𝑛, as given in Eq. (17-18). 214 
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𝐷𝑊𝑛 = (𝑋𝑊(𝑛−1)𝑞+1, 𝑋𝑊(𝑛−1)𝑞+2, … , 𝑋𝑊(𝑛−1)𝑞+ℎ)
𝑇

= (

𝑥(𝑛−1)𝑞+1,1 𝑥(𝑛−1)𝑞+1,2 … 𝑥(𝑛−1)𝑞+1,𝑗 …
𝑥(𝑛−1)𝑞+2,1 𝑥(𝑛−1)𝑞+2,2 … 𝑥(𝑛−1)𝑞+2,𝑗 …

… … … … …
𝑥(𝑛−1)𝑞+ℎ,1 𝑥(𝑛−1)𝑞+ℎ,2 … 𝑥(𝑛−1)𝑞+ℎ,𝑗 …

)
(17) 215 

𝑥𝑤𝑛,𝑗 = (𝑥(𝑛−1)𝑞+1,𝑗, 𝑥(𝑛−1)𝑞+2,𝑗, … , 𝑥(𝑛−1)𝑞+ℎ,𝑗) (18) 216 

where ℎ  is the width of the chosen sliding window, 𝑞  is the step length of the sliding window, 217 

𝑋𝑊(𝑛−1)𝑞+𝑖 is the data recorded at the moment 𝑖 within the 𝑛th sliding window, and 𝑥𝑤𝑛,𝑖 is the time 218 

series data of the 𝑖th condition parameters within the 𝑛th sliding window. 219 

Then, the temporal statistical characteristics such as maximum, minimum, average, and standard 220 

deviation of each short-term feature within the sliding window can be calculated according to Eqs. (19-221 

22). 222 

𝐷𝑋𝑛,𝑗,𝑚𝑎𝑥 = max(𝑥𝑤𝑛,𝑗) (19) 223 

𝐷𝑋𝑛,𝑗,𝑚𝑖𝑛 = min(𝑥𝑤𝑛,𝑗) (20) 224 

𝐷𝑋𝑛,𝑗,𝑎𝑣𝑒 =
1

ℎ
∑ 𝑥(𝑛−1)𝑞+𝑘,𝑗

ℎ

𝑘=1

(21) 225 

𝐷𝑋𝑛,𝑗,𝑠𝑡𝑑 = √
1

ℎ
∑(𝑥(𝑛−1)𝑞+𝑘,𝑗 − 𝐷𝑋𝑛,𝑗,𝑎𝑣𝑒)

2
ℎ

𝑘=1

(22) 226 

where 𝐷𝑋𝑛,𝑗,𝑚𝑎𝑥, 𝐷𝑋𝑛,𝑗,𝑚𝑖𝑛, 𝐷𝑋𝑛,𝑗,𝑎𝑣𝑒, 𝐷𝑋𝑛,𝑗,𝑠𝑡𝑑 refer to the maximum, minimum, average, and standard 227 

deviation of 𝑗th condition parameter within the 𝑛th sliding window, respectively. 228 

3. Blade icing diagnosis model based on Stacked-XGBoost algorithm 229 

3.1. Theoretical power curve fitting based on the quartile algorithm and bin method 230 

Theoretical power curves are required for the calculation of the hybrid features described in section 231 

2. The most common way to obtain such curves is to fit the curves based on the bin method using the 232 

measured wind turbine data under normal conditions. The quartile algorithm is suggested to be used to 233 

remove abnormal data before the fitting. 234 

3.1.1. Quartile algorithm 235 

The quartiles and interquartile distances are required in the application of the quartile algorithm. The 236 

quartile measures the spread of values above and below the mean by dividing the distribution into four 237 

groups and the three main quartiles are denoted as 𝑄1, 𝑄2, and𝑄3, respectively. For an ascending dataset 238 

of 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, their quartiles can be calculated as follows. 239 

(1) The 2nd quartile, i.e., the median 𝑄2, can be calculated by Eq. (23). 240 

𝑄2 = {

𝑥𝑛+1
2

           𝑛 = 2𝑘 + 1; 𝑘 = 0,1, …

𝑥𝑛
2

+ 𝑥𝑛
2

+1

2
𝑛 = 2𝑘; 𝑘 = 1,2, …

(23) 241 

(2) The 1st and 3rd quartiles are 𝑄1 and 𝑄3, which can be calculated as follows. 242 

When 𝑛 = 2𝑘 (𝑘 = 0,1, … ), the data is divided into two parts 𝑋1 and 𝑋2, and the median of 𝑋1 243 

and 𝑋2 are calculated according to Eq. (23), namely 𝑄1 and 𝑄3 (𝑄1 < 𝑄3), respectively. 244 

When 𝑛 = 4𝑘 + 1, the 1st and 3rd quartiles 𝑄1 and 𝑄3 can be calculated by Eq. (24). 245 

{
𝑄1 = 0.25𝑥𝑘 + 0.75𝑥𝑘+1     

𝑄3 = 0.75𝑥3𝑘+1 + 0.25𝑥3𝑘+2
(24) 246 

When 𝑛 = 4𝑘 + 3, the 1st and 3rd quartiles 𝑄1 and 𝑄3 can be calculated by Eq. (25). 247 

{
𝑄1 = 0.75𝑥𝑘+1 + 0.25𝑥𝑘+2  

𝑄3 = 0.25𝑥3𝑘+2 + 0.75𝑥3𝑘+3
(25) 248 

The interquartile distance 𝐼𝑄𝑅 can be calculated from the quartiles by Eq. (26). 249 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1
(26) 250 

A threshold of outliers in data 𝑋 can be determined by interquartile according to Eq. (27). 251 

[𝐹𝑙, 𝐹𝑢] = [𝑄1 − 1.5𝐼𝑄𝑅, 𝑄3 + 1.5𝐼𝑄𝑅] (27) 252 

Data beyond the threshold [𝐹𝑙, 𝐹𝑢] is considered as outliers and removed from the raw datasets. 253 

3.1.2. Bin method 254 
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The IEC 61400-12-2 standard specifies bin method as the standard fitting method to obtain the 255 

theoretical power curves using measured wind speed and power [26,27], as shown in Eqs. (28-29). 256 

𝑣𝑖 =
1

𝑛𝑖
∑ 𝑣𝑖,𝑗

𝑛𝑖

𝑗=1

(28) 257 

𝑃𝑖 =
1

𝑛𝑖
∑ 𝑃𝑖,𝑗

𝑛𝑖

𝑗=1

(29) 258 

where 𝑣𝑖 and 𝑃𝑖 are the average wind speed and average power for the 𝑖th wind speed interval, 𝑣𝑖,𝑗 259 

and 𝑃𝑖,𝑗 are the 𝑗th wind speed and power in the 𝑖th wind speed interval, and 𝑛𝑖 is the amount of data 260 

in the 𝑖th wind speed interval. 261 

3.2. Data pre-processing 262 

3.2.1. Data down-sampling 263 

Wind turbine blade icing data is the typical imbalanced data, and the proportion of normal data is 264 

much higher than that of icing data. Therefore, the classifier tends to grasp more normal condition 265 

information and ignore icing condition information. To improve the model’s diagnostic accuracy and 266 

generalizability, the data needs to be balanced first. Common data balancing methods include up-sampling 267 

and down-sampling approaches. The down-sampling method is a simple and efficient method to balance 268 

the sample size by reducing the number of categories with more data and is adopted in this paper. 269 

3.2.2. Data normalisation 270 

In order to eliminate the dimensions of data and improve the convergence speed of the classifier, the 271 

input data needs to be normalised to reduce the data range to [0,1] according to Eq. (30). 272 

𝑥′ =
𝑥 − min(𝑥)

max(𝑥) − min(𝑥)
(30) 273 

where 𝑥 is the data before normalisation, max (𝑥) and min (𝑥) are the maximum and minimum of dataset 274 

𝑥. 275 

3.3. Stacked-XGBoost algorithm 276 

XGBoost algorithm is a classification algorithm proposed by Chen in 2016 [28]. XGBoost algorithm 277 

performs a second-order Taylor expansion on the loss function based on the gradient boosting decision 278 

tree algorithm. A regular term is added to the objective function of the XGBoost algorithm to find the 279 

optimal solution to measure the degree of decline of the objective function, which can also reduce the 280 

model variance and complexity. Furthermore, the column sample pattern for feature selection used in 281 

XGBoost algorithm, which is similar to that of the random forest algorithm, could enhance the anti-282 

overfitting ability of the model. In addition, XGBoost algorithm learns the default direction of node 283 

splitting during classification, reducing sensitivity to missing data and making it more suitable for training 284 

datasets with high-dimensional features. 285 

The stacking ensemble learning algorithm, first proposed by Wolpert [29], is a model ensemble 286 

algorithm based on the idea of “winner-takes-all”. The algorithm can be divided into three parts, 1) 287 

dividing the training set evenly into 𝑘  uncrossed copies as the new training set for the classifier, 2) 288 

selecting several classifiers as basic-classifiers and counting the classifier predicted results, and 3) 289 

constructing the meta-classifier with predicted results as input and then conducting prediction. 290 

Fig. 2 shows the schematic diagram of Stacked-XGBoost model structure used in this paper. The 291 

training set is denoted as 𝑆𝑁 = {(𝑥𝑛, 𝑦
𝑛

), 𝑛 = 1,2, … , 𝑁} , while the test set is denoted as 𝑇𝑀 =292 

{(𝑥𝑚), 𝑚 = 1,2, … , 𝑀}, where 𝑥 is the icing features, and 𝑦 is the icing label. First, 𝑝 classifiers are 293 

selected as the basic classifiers of the stacking model. Second, 𝑆𝑁 is divided into uniformly uncrossed 𝑘 294 

copies {𝐹1, 𝐹2, … , 𝐹𝑘}  and 𝑘 − 1  copies are taken as the training set to build the model and make 295 

predictions until iterating through the subsets to be able to obtain the prediction result of one basic 296 

classifier 𝑌𝑝 = {(𝑦
𝑝1) , (𝑦

𝑝2) , … , (𝑦
𝑝𝑁)}. At the same time, 𝑇𝑀 is tested 𝑘 times and the results are 297 

averaged to obtain 𝑇𝑝 = (𝑇𝑝1, 𝑇𝑝2, … , 𝑇𝑝𝑁). The above steps need to repeat to get all basic classifiers and  298 

predictions are then synchronized into a meta-training set of features 𝑌𝑚𝑒𝑡𝑎 and a meta-test set of features 299 

𝑇𝑚𝑒𝑡𝑎, as shown in Eqs. (31-32). 300 

𝑌𝑚𝑒𝑡𝑎 = [

(𝑦
11

) ⋯ (𝑦
𝑝1)

⋮ ⋱ ⋮

(𝑦
1𝑁

) ⋯ (𝑦
𝑝𝑁)

] (31) 301 
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𝑇𝑚𝑒𝑡𝑎 = [

𝑇11 ⋯ 𝑇𝑝1

⋮ ⋱ ⋮
𝑇1𝑀 ⋯ 𝑇𝑝𝑀

] (32) 302 

At last, the meta-classifier model is constructed with 𝑌𝑚𝑒𝑡𝑎 as input and corresponding icing event 303 

labels as output, and 𝑇𝑚𝑒𝑡𝑎 is fed into the established icing diagnosis model to obtain the final icing 304 

diagnosis results for the test set 𝑇𝑀. 305 

The stacking ensemble learning models have stronger data fitting and non-linear representation 306 

capabilities than those based on single algorithms. Multiple XGBoost models as base classifiers and 307 

another XGBoost model as a meta-classifier are used in this paper to maximize the powerful fitting ability 308 

of the XGBoost model. The number of basic classifiers has direct impact on the model ensemble effect. If 309 

the number is too small, it can not achieve effective complementarity. Otherwise, it would increase the 310 

training time and add extra difficulties to the parameter tuning. In this paper, the number of basic classifiers 311 

is set as 4.  312 

XGBoosttraining set

XGBoost

XGBoost

XGBoost

XGBoost

 

 

 

 

 

basic classifiers

meta test set

meta classifiertraining set training subset

test set

test set

train set

meta training set

 313 

Fig. 2. The schematic diagram of Stacked-XGBoost model structure. 314 

3.4. Evaluation metrics 315 

Evaluation metrics commonly used to assess the effectiveness and accuracy of wind turbine blade 316 

icing diagnostic methods are shown in Eqs. (33-36). 317 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(33) 318 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(34) 319 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(35) 320 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(36) 321 

where TP is the number of cases where the icing data is correctly diagnosed as icing, FP is the number of 322 

cases where the normal data is incorrectly diagnosed as icing, FN is the number of cases where the icing 323 

data is incorrectly diagnosed as normal, and TN is the number of cases where the normal data is correctly 324 

diagnosed as normal. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  refers to precision rate, which indicates the proportion of correct 325 

diagnostic data in the data whose diagnosis result is icing. 𝑅𝑒𝑐𝑎𝑙𝑙 refer to recall rate, which indicates the 326 

proportion of correct diagnostic data in the data that is correctly diagnosed. 𝐹1 score is harmonic mean 327 

of 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑅𝑒𝑐𝑎𝑙𝑙, and 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 is the accuracy rate. 328 

4. Case study 329 

4.1. Data description 330 

4.1.1. Dataset A 331 

Dataset A, provided by the organizer of the 2017 China Industrial Big Data Innovation Competition 332 

(http://www.industrial-bigdata.com) consists of the SCADA data of two direct-drive wind turbines 333 

numbered A1 and A2 in a wind farm during the winter icing periods, including 26 features, as shown in 334 

Table 1. To prevent sensitive information from being leaked, all data is desensitized by the competition’s 335 

organizers using a standard deviation normalization method. The time sequence of data are labelled with 336 

“0” (i.e., normal condition), “1” (i.e., icing condition) and “2” (invalid data). The data size and percentages 337 
of three types of data for the two wind turbines are listed in Table 2. 338 

Table 1 Feature parameter names and descriptions for dataset A. 339 
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Feature name Feature description Feature name Feature description 

wind_speed Wind speed pitch1_moto_tmp Temperature of pitch motor 1 

generator_speed Generator speed pitch2_moto_tmp Temperature of pitch motor 2 

power The active power of grid-side pitch3_moto_tmp Temperature of pitch motor 3 

wind_direction Wind direction acc_x Acceleration in x-direction 

wind_direction_mean 
Average wind direction in 25 

seconds 
acc_y Acceleration in y-direction 

yaw_position Yaw position environment_tmp Temperature of environment 

yaw_speed Yaw speed int_tmp Temperature of nacelle 

pitch1_angle Pitch angle of blade 1 pitch1_ng5_tmp Temperature of ng5 1  

pitch2_angle Pitch angle of blade 2 pitch2_ng5_tmp Temperature of ng5 2 

pitch3_angle Pitch angle of blade 3 pitch3_ng5_tmp Temperature of ng5 3 

pitch1_speed Pitch speed of blade 1 pitch1_ng5_DC DC of charger of ng5 1 

pitch2_speed Pitch speed of blade 2 pitch2_ng5_DC DC of charger of ng5 2 

pitch3_speed Pitch speed of blade 3 pitch3_ng5_DC DC of charger of ng5 3 

 340 

Table 2 Technique parameters of dataset A. 341 

Name of wind 

turbine 
Total number of data Normal data Icing data Invalid data 

A1 393836 350255 (88.9%) 23892 (6.1%) 19739 (5.0%) 

A2 190494 168930 (88.7%) 10638 (5.6%) 10926 (5.7%) 

4.1.2. Dataset B 342 

Dataset B consists of the SCADA data from four double-fed induction wind turbines numbered B1, 343 

B2, B3 and B4 located at a mountainous wind farm in Yunnan, China, during winter icing periods, 344 

including 18 features, as listed in Table 3. All data are labelled with “0” (i.e., normal condition) and “1” 345 

(i.e., icing condition). Table 4 summarizes the total number of data and the proportions of normal data and 346 

icing data. 347 

Table 3 Feature parameter names and descriptions for dataset B. 348 

Feature name Feature description Feature name Feature description 

WIND_SPEED Wind speed TURINTTMP Temperature of nacelle 

REAL_POWER The active power of grid-side GENAPHSA Current of A-phase 

CONVERTER_MOTOR_SPEED Generator speed GENAPHSB Current of B-phase 

ROTOR_SPEED Wind turbine speed GENAPHSC Current of C-phase 

WIND_DIRECTION Wind direction GENVPHSA Voltage of A-phase 

TURYAWDIR Yaw angle GENVPHSB Voltage of B-phase 

GBXOILTMP Temperature of gear oil  GENVPHSC Voltage of C-phase 

GBXSHFTMP 
Temperature of Gearbox 

bearing 
GENHZ Frequency of motor  

EXLTMP Temperature of environment TURPWRREACT Reactive power 

 349 

Table 4 Technique parameters of dataset B. 350 

Name of wind turbine Total number of data Normal data Icing data 

B1 50596 49318 (97.5%) 1278 (2.5%) 

B2 50278 50111 (99.7%) 167 (0.3%) 

B3 50020 49836 (99.6%) 184 (0.4%) 

B4 50253 50061 (99.6%) 192 (0.4%) 

4.2. Feature validation 351 

For the suggested 12 short-term features, yaw error is not available in dataset A and there are 352 

substantial outliers in pitch angle measurements. Therefore, the related features of yaw error and pitch 353 

angle are not included in the model training. For both wind turbine A1 and A2, we denote preprocessed 354 

datasets for training and testing as A1S (training), and A1T (testing) and A2T (testing). In each dataset, 355 

there are 10,000 observations, i.e., 5,000 icing observations and 5000 normal observations.  Note that to 356 

have a better evaluation of the benefits in the utilization of hybrid features, we also conducted the tests 357 

using original features (all features available in datasets), and short-term features for comparison. In 358 

addition, we also examined the proposed methods by comparing of its performance with other most 359 

commonly used machine learning algorithms, including random forest (RF), support vector machine 360 

(SVM) and XGBoost [28,30–32].  361 

Table 5 Results of icing diagnosis based on original features. 362 

Algorithms Datasets Precision Recall F1 Accuracy 
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RF 

A1T 

99.34% 99.88% 99.61% 99.61% 

SVM 91.17% 90.22% 90.69% 90.74% 

XGBoost 99.78% 99.94% 99.86% 99.86% 

RF 

A2T 

68.69% 2.94% 5.64% 50.80% 

SVM 92.81% 56.30% 70.09% 75.97% 

XGBoost 80.45% 3.54% 6.78% 51.34% 

 363 

Table 5 compares the results of icing diagnosis using the original features for training datasets A1T and 364 

A2T. Icing diagnosis accuracy of A1T based on the training of A1S is quite high with an average value of 365 

95.82%, and XGBoost even yields an accuracy level close to 100%. In contrast, such models show 366 

substantial decreases (35.87% in average) in diagnostic accuracy when using A2T. That trend suggests the 367 

single algorithms integrated with original features have very poor turbine-to-turbine transferability.  368 

T-distributed stochastic neighbor embedding (t-sne) is a machine learning algorithm for dimensionality 369 

reduction, mainly used to visualize the high-dimensional data in low-dimensional spaces such as 2D and 3D 370 

[33]. To have a more direct visualization of the effectiveness of hybrid features, the t-sne algorithm is used 371 

to reduce the dimensionality of the original, short-term and hybrid features of the A1S, A1T and A2T datasets 372 

to 2D, as shown in Figs. 3-5. Red scatter points represent the normal data and blue scatter points represent 373 

the icing data. Red and blue curves in the horizontal and vertical directions are the normal distribution curves 374 

of the normal data and the icing data in the two dimensions, respectively, and the height of the curves 375 

indicates the probability density of the corresponding values. By comparing the scatter and distribution 376 

curves in Figs. 3-5, the scatter plots of short-term and hybrid features are denser and have larger blank areas 377 

after t-sne dimensionality reduction in comparison to those using original features. Such trends indicate that 378 

the construction of short-term and hybrid features can improve the similarity between same class of data, 379 

which helps reduce the classification difficulty of the classifier and improve the diagnostic accuracy. In 380 

addition, amongst the three types of feature groups, the hybrid features in A1S, A1T and A2T datasets exhibit 381 

the smallest differences. The centers of the horizontal and vertical normal distribution curves of the three 382 

datasets are all located near the horizontal central axis and the vertical central axis, respectively. The closer 383 

the data distribution of the training and testing datasets is, the better icing diagnosis performance the model 384 

could achieve. 385 
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Fig. 3. Dimensionality reduction results for original features. 
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Fig. 4 Dimensionality reduction results for short-term features. 
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Fig. 5 Dimensionality reduction results for hybrid features. 

4.3. Model validation 386 

4.3.1. Diagnostic accuracy validation 387 

Fig. 6 further compares the diagnostic performance of the proposed Stacked-XGBoost model using 388 

hybrid features with other features groups and single algorithms for A2T datasets. From the feature 389 

extraction perspective, the icing diagnosis accuracies of all the algorithms are significantly improved after 390 

using short-term features and hybrid features. Specifically, the average prediction accuracy of the four 391 

algorithms increases by 15.31% after using short-term features, with a largest improvement of 22.52% for 392 

RF algorithm. The average prediction accuracy of the four algorithms is improved by 19.51% using hybrid 393 

features, with a largest increment of 29.26% for XGBoost algorithm. From the algorithm perspective, the 394 

Stacked-XGBoost algorithm has a significant advantage over the other algorithms after adopting the 395 

hybrid features, with the diagnostic accuracy of 6.91%, 1.04% and 0.55% higher than those of RF, SVM 396 

and XGBoost algorithms, respectively. The above results show that the hybrid features and XGBoost 397 

algorithm proposed in this paper have good applicability in icing diagnosis problems in terms of turbine-398 

to-turbine transferability. 399 
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Fig. 6 Icing diagnostic results of A2T in dataset A. 401 

4.3.2. Generalisation capability validation 402 

To further validate the generalisation capability of the proposed method, the model trained from 403 

dataset A1S is used to diagnose the icing events in dataset B for all four turbines. These datasets are 404 

randomly downsampled to equalize the proportion of icing and normal observations. Fig.7 shows the 405 

diagnostic results using the proposed Stacked-XGBoost model for four turbines with different feature 406 

groups, i.e., original, short-term, and hybrid. The diagnostic accuracy of all turbines in dataset B follows 407 

a similar pattern to that of A2 after adopting the hybrid and short-term features. The average diagnostic 408 

accuracy of all turbines improves by 9.37% compared with the original features with the usage of short-409 

term features. The average diagnostic accuracy of all wind turbines increases by 16.15% after adopting 410 

hybrid features. The above results demonstrate that the proposed method has good generalizability to other 411 

sites with desirable icing diagnostic accuracy. 412 

Jo
urn

al 
Pre-

pro
of



12 

 

B1 B2 B3 B4
0%

20%

40%

60%

80%

100%
 Original     Short-term     Hybrid

A
c
c
u
ra

c
y

92.19%93.21%
95.51%

93.23%

 413 

Fig. 7 Icing diagnosis results of dataset B.  414 

 415 

5. Conclusions 416 

In this paper, we have proposed an effective and robust model for wind turbine blade icing diagnosis. 417 

Specifically, hybrid features that fully consider both short-term and long-term icing influence are extracted 418 

based on the underlying icing physics. Such features are further used to build a Stacked-XGBoost model 419 

(i.e., based on a combination of stacking ensemble learning algorithm and XGBoost machine learning 420 

algorithm) to achieve blade icing diagnosis. The proposed method is evaluated at two wind farms and 421 

further compared with three single algorithm-based models (i.e., random forest (RF), support vector 422 

machine (SVM) and XGBoost algorithms).  423 

The hybrid features significantly enhance the similarity between different datasets, reduce 424 

classification difficulty, and improve diagnostic accuracy of classifiers for the data-driven algorithms. In 425 

detail, the hybrid features reduce the differences in the data distribution of different wind turbines, improve 426 

the adaptability of classifiers to the testing dataset and enhance the generalizability of the icing diagnostic 427 

model in terms of turbine-to-turbine, and site-to-site transferability. The results show that the proposed 428 

model based on hybrid features and Stacked-XGBoost ensemble learning algorithms can significantly 429 

improve accuracy and generalizability of blade icing diagnosis for wind turbines. Compared with the 430 

detection using original features, the usage of hybrid features can increase the diagnostic accuracy by 431 

19.51% in general for RF, SVM, XGBoost, and Stacked-XGBoost for the second turbine in the same wind 432 

farm (A2T case in this study, a different turbine from the one for model training). Such a large 433 

improvement of 16.15% is also observed for four turbines from another wind farm by adopting hybrid 434 

features instead of original features. From the model perspective, the Stacked-XGBoost ensemble learning 435 

model proposed in this paper has appreciable advantages over other single algorithms in terms of accuracy 436 

increase in comparison to the performance of single algorithms, i.e., 6.91% (RF), 1.04% (SVM) and 0.55% 437 

(XGBoost). 438 

In the future study, we plan to implement our proposed method to the existing/new wind turbine 439 

equipped with ice protection systems to further evaluate the generalizability of the method in terms of 440 

turbine type, site-dependent meteorological and geological conditions. The preliminary control strategy 441 

based on the proposed method in this paper is to activate the blade anti-/de-icing modules when the 442 

diagnosis result is icing, otherwise deactivate it to reduce unnecessary power consumption. We would also 443 

plan to test selected features related to yaw error and pitch angle to explore whether the involvements of 444 

such features can further improve the diagnostic accuracy. 445 
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