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Fig.3 Diagnosis process for icing on wind turbine blades
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Fig.5 Box plots of statistical indicators

2.4 N PEHEARSE

FER K HLEBRIZ AT, BT 2 B B AL
PESCAFRIREME 22 B AR AL b 1) A% R8s P SR A 31 11
FEAR B R ARA B, R RHLAEAE IR VRS T
R H i % A E R VOIRAS TN B, XX K
GRS B4R e A TR . O T RE— D IR T 2
H AR A A 2 R TR AR AN [R) I R 2 1 Bt 1 o R
T VAR GI N A SRR R B2 IE LightGBM A 7Y
(LightGBM (Focal Loss)) W 7r2Kfe )1, AKX HE T
ZMIER ARG KRR E, ST
MEEAZ RN BEAERILE 1.
2.4.1  REINE BREA AT 17 5256

GiaFR 1 EIKEEAR S IEF AR A3,




F4055E 11 4

B 7RG BRI AT KRB P B UKA2 Wi b T R T

3673

x1 BAEASESHARLH

Ratio of faulty samples to normal samples

B KREA TR H FEA

Tab.1

AT % (%)

BEE Z AP A LE s 06, A2 AR (R ARl A
AT AR RAE B AP R A DL AR 7
KRR, PRI SRR B IKE
WrHE 7. RSN A R AN 28 A5 B 1K) 7 SR AE A 5 X L

% IIREWS
15:300 300:300 AR 2.
5~10 20:300 300:300 EE% 2 EI%D:
152300 100:300 D B UKEEARLEN 90 4>, BIFEA AP i 2
o p— 9 30%M, AEAA P IR, &AL
. DM R YT 0.85 L L, Logistic regression %4
1015 o - 45 SBUR R T % H9 0,862, % B4 ph T FUHF AR
REIELSS, B BACRE % 1 KNN. SVM,
40300 200590 GBDT. XGBoost. LightGBM Ll & LightGBM (Focal
20 60:300 300:300 Loss) # MU ) 43 K HE B 3 272 0.9 L b Hof,
2 71300 300:300 LightGBM (Focal Loss) B [ 45 H R e b, 492
30 90:300 300:300 Yﬁﬁﬁﬁﬁ 0.977.
F*2 RAMERHARSREN S AL ERHEITLE
Tab.2 Comparison of classification accuracy of each models without added synthetic samples
] 15:300 20:300 25:300 30:300 35:300 40:300 45:300 60:300 75:300 90:300
Logistic regression 0.650 0.705 0.760 0.797 0.825 0.835 0.840 0.853 0.858 0.862
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Tab.3 Comparison of classification accuracy of each models with added synthetic samples
it 15:300 20:300 25:300 30:300 35:300 40:300 45:300 60:300 75:300 90:300
Logistic regression 0.883 0.890 0.892 0.905 0.923 0.943 0.945 0.952 0.955 0.957
KNN 0.878 0.880 0.880 0.898 0.900 0.908 0.910 0.912 0.925 0.948
SVM 0.875 0.877 0.883 0.888 0.933 0.935 0.937 0.952 0.952 0.962
GBDT 0.918 0.925 0.932 0.947 0.953 0.960 0.970 0.970 0.975 0.977
XGBoost 0.927 0.932 0.935 0.955 0.963 0.963 0.972 0.975 0.977 0.978
LightGBM 0.928 0.942 0.942 0.955 0.963 0.965 0.973 0.975 0.978 0.978
LightGBM (Focal Loss) 0.942 0.943 0.945 0.965 0.965 0.968 0.975 0.977 0.980 0.982
o R A SRR il DLE Y, BT & AR A R R AR
P FRIT, REARA O T AR A, EAE 32 SRR 7E T
= = REACE R B Rk, E I 1 SR H A 01 4 T
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= il A RUIEAT I 5] HB AE 5 KL, £ 52 bS8 87 F I 5% i 0/
§ =4 TREMERER L
A1 Eidiy| Tab.4 Comparison of time consumption between
(a) 15:300 (b) 30:300 different models
- o BRI s BURIE I 1s
Logistic regression 0.004
& | KNN 0.014
& & J
4 SVM 0.005
: ] JEE] GBDT 252 0.541
(c) 45:300 (d) 90:300 XGBoost 0.026
K6 Al 5 a0 a1 -SNE B 445 R LightGBM 0.031
Fig.6 t-SNE dimensionality reduction results of generated LightGBM (Focal Loss) 0.082

data and raw data
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Fig.7 Summary of Shapley values for icing characteristics
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Diagnosis and Interpretability Study of Wind Turbine Blade Icing
under Consideration of Sample Imbalance Conditions
Lii Yunlong Hu Qin  Hu Ziyuan Wu Yufan Lin Huiyao
(Xuefeng Mountain Energy Equipment Safety National Observation and Research Station of
Chongqing University Chongqing 400044 China)

Abstract The low temperature and high humidity environment in winter can easily cause wind turbine
blades to freeze, seriously affecting the actual power output and safe operation of wind turbines. To avoid problems
such as increased fatigue load and vibration of unit components caused by icing, wind farms need to implement
shutdown strategies in a timely manner based on the icing situation of the blades. Therefore, accurate identification
of blade icing status has become one of the key points in maintaining the safe operation of winter wind turbines.
However, current ice diagnosis methods rely on a large amount of time series data for modeling and prediction. In
practical work, due to equipment and working conditions, it is difficult to collect sufficient ice sample monitoring
data, which leads to the widespread problem of data imbalance and has a continuous impact on the improvement
of ice diagnosis accuracy. To solve this problem, this paper proposes a fusion diagnostic model based on
conditional generative adversarial network (CTGAN) and light gradient boosting machine (LightGBM), aiming to
achieve high-performance wind turbine blade ice diagnosis using a small number of training samples.

Firstly, based on the sliding window algorithm, new mixed features are further constructed on the basis of the
original features. Secondly, the CTGAN model is used to learn the data distribution of real samples, and Nash
equilibrium is achieved through adversarial training with generators and discriminators, generating new samples
that are similar to real samples. Then, the synthesized samples are input into LightGBM to extract effective features
and diagnose icing, and the LightGBM model is modified by introducing a focus loss function to improve its ability
to distinguish confusing samples. Finally, the attribution theory based on shapley additive explanetions (SHAP)
was used to analyze the factors affecting icing.

The simulation results on actual wind farm data show that the diagnostic accuracy of all algorithms has a
certain improvement effect after using mixed features, and the average diagnostic accuracy of each model can
reach 0.979. Due to the introduction of sample expansion algorithms, the accuracy of each model has improved to
varying degrees compared to when data is lacking. When the sample imbalance rate is 30%, the accuracy of the
traditional Logistic regression classification model is improved by 11.02%. At the same time, the accuracy of
LightGBM (Focal Loss) is 0.982, which is close to the accuracy when the sample is sufficient. As the sample
imbalance rate decreases and the actual number of ice-covered samples further decreases, the advantages of the
sample expansion algorithm gradually become apparent. When the sample imbalance rate is 10%, compared to the
unexpanded samples, the accuracy of Logistic regression model is improved by 13.55%. When the sample
imbalance rate is 5% and the actual number of ice-covered samples is only 15, compared to the unexpanded
samples, the accuracy of Logistic regression, KNN, XGBoost, and LightGBM models has improved by 35.85%,
4.52%, 9.32%, and 9.18%, respectively. This indicates that CTGAN has good sample generation ability and can

effectively learn the distribution of real samples even when the sample data is small.
From the simulation analysis, the following conclusions can be drawn: (1) The mixed features constructed
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based on the sliding window algorithm in this paper can significantly improve the classification ability of each
model. At the same time, the LightGBM model combined with mixed feature information has obvious advantages
compared to other models. (2) The sample generation model CTGAN can effectively learn the distribution of real
samples, and compared to other data augmentation methods, it can generate new samples that are more similar to
real samples. (3) By using the Focal loss function to modify the LightGBM model, the model's ability to distinguish
easily confused samples has been increased. In addition, based on the SHAP attribution theory, the importance of
each icing factor was analyzed, and the quantitative impact of key features on the diagnostic results was quantified,
improving the credibility of the model's diagnostic results.

Keywords: Wind turbine blade, sample imbalance, generative adversarial networks, icing diagnosis,

interpretability
(HmiE F k)





