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ABSTRACT: The work aims to investigate the influence of typical environmental factors on the corrosion rate of carbon steel
used in Xinjiang power grid. Based on 155 sets of corrosion and environmental data collected from Xinjiang, feature selection of
input variables was accomplished through the application of five distinct methods, namely Support Vector Regression (SVR),
Gradient Boosting algorithm (GBoost), Pearson Correlation Coefficient (PCC), Pointwise Mutual Information (PMI), and Ran-

dom Forest (RF). The influence of 11 typical environmental factors on the corrosion rate of typical carbon steel used in power
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grids was analyzed. The top five input variables ranked by their significance, were chosen and amalgamated for the Sobol sensi-

tivity examination. Principal component analysis (PCA) was conducted to construct a SVR model and GBoost was used to op-

timize loss function to construct a GBoost model to predict the corrosion rate. The performance and prediction ability of the two

models were studied. The result showed that the top five environmental factors are, in turn, annual precipitation, annual humidi-

ty, annual temperature difference, PM;q and Os;. Compared with the SVR model, the GBoost model shows higher accuracy and

reliability in predicting the correction rate of carbon steel in Xinjiang. In conclusion, the GBoost model has better predictive

generalization ability and model explanatory ability, and can effectively capture the complex relationship between the corrosion

rate of carbon steel and environmental factors.
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Tab.3 Sensitivity index of features %

Variables st order Sobol index Total Sobol index
d 23.69 56.13
Nave 13.35 25.86
tairr 5.39 16.59
PM10 4.44 13.98
Co, 4.22 10.71
tavg 2.63 6.12
AQI 2.15 8.73
Cno, 1.91 7.30
Go, 1.44 12.79
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Fig.3 Optimization of C and gamma plots for different variables
RMSE: 9.97 80 VISE 635 RMSE: 8.52
70  R2:0.39 70t 2. 055 70 |- R2: 0.41
ig 60 ié’ 60 - g 60 |
S 50f S 50t S 50f
B 40 B 40t 3 40l
R = .
?é 30+ ?é 30+ "’3 30 +
B 201 201 20
10 & g . .- 10 -‘.'.\-:_':. 10 s '_ .o ¢
0 10 20 30 40 50 60 70 80 0 10 20 30 40 S0 60 70 80 0 16 2|0 3|0 4b Sb 6b 710 80
Measured values Measured values Measured values
a SVR #IE& 1M ZRREAR b SVR #A 11IHAREA ¢ SVR & SYILREA
80 80 80
RMSE: 5.40 RMSE: 4.73 RMSE: 6.3
70t g2 057 70T R 0.88 70 F R 0.54
g 60 g 6or g 60 -
S sl S sof S sof
B a0t B 40 B a0f
2 2 2
B 30t 3 30r g 30¢
= 20t ) SRR & 20t
10 b3 10 | pasd?” 10F Ze:-
0 10 20 30 40 30 60 70 80 0 10 20 30 40 30 60 70 80 0 10 20 30 40 50 60 70 80
Measured values Measured values Measured values
d SVR #I& STRAEEA ¢ GBoost & 114Nl Zike A f GBoost 141 1AL
80 RMSE: 3.02 ? 80 RMSE: 5.21
70 - R2: 0.94 ° 70 R2 0.76
g 60 - . ° g 60 F
[ «
% 50 i % 50+ .
g 4o0p . B 40
2 30r B 30f
- “ &
0 201,
10 43 10 [
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
Measured values Measured values
g GBoost # & 5YIZRAEA h GBoost & STAAEA

& 4

18 1

SVR F1 GBoost A% 11 Al 5 PYIRbEAR . MK EEA VAT &

Fig.4 Fitting of 11 and 5 training samples and test samples by SVR and GBoost models: a) fitting of 11 training samples by SVR;
b) fitting of 11 test samples by SVR; ¢) fitting of 5 training samples by SVR; d) fitting of 5 test samples by SVR; e) fitting of 11
training samples by GBoost; f) fitting of 11 test samples by GBoost; g) fitting of 5 training samples by GBoost;

h) fitting of 11 test samples by GBoost
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Tab.4 Comparison between the actual corrosion rate of carbon
steel with the calculated results of the model

SVR GBoost
Input variables Target variable Input variables Target variable
24 11.27 4.49 7.62
4.95 8.99 5.89 5.81
5.21 9.69 7.58 6.70
7.12 10.22 8.36 7.80
9.97 12.09 9.34 8.64
10.96 13.84 11.69 10.89
12.71 10.60 12.71 10.68
14.42 13.78 14.42 12.38
32.95 12.39 59.32 45.15
63.22 12.70 62.88 58.77
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