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Tab.1 Coding of fault type
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Fig.3 Confusion matrix of XGBoost algorithm
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Tab.4 Parameters of XGBoost algorithm after Bayesian optimization
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Tab.5 Diagnosis result of XGBoost algorithm after Bayesian optimization
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5 100.00 100.00 100.00
HEHEE - - 98.08
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Fig.4 Confusion matrix of BO-XGBoost model
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Tab.5 Comparison of multiple model diagnosis results
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Diagnosis on Transformer Fault Based on Bayesian Optimization XGBoost Algorithm

JIA Haoyang', QIAN Yu?
(1.North China University of Water Resources and Electric Power, Zhengzhou 450045, Henan, China;
2. Henan Zhongfu Industrial Co., Lid., Gongyi 451261, Henan, China)

Abstract: In order to improve the sensitivity of small sample fault diagnosis, such as high energy dis-
charge, a transformer fault diagnosis model is proposed based on Bayesian optimization extreme gradient
lifting algorithm (BO-XGBoost). The basic principle of Bayesian optimization XGBoost algorithm and the
flow of transformer fault diagnosis based on this algorithm are analyzed. Two hundred and fifty—nine groups
of fault samples are selected. The specific application of this model is discussed. The model is compared
with XGBoost, Support Vector Machine (SVM), Random Forest (RF) and K proximity method (KNN).
The results show that the accuracy of BO-XGBoost model in transformer fault diagnosis is 98.08%, which
is 5.77%, 27.42%, 22.58% and 19.5% higher than that of the aforementioned model, respectively.

Key Words; Transformer fault diagnosis; Bayesian optimization algorithm; XGBoost algorithm; dissolved

gas in oil; fault type; diagnosis process; diagnosis accuracy; comparison of results
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Research on Mitigation Effect of Urban Park on Heat Island Effect in Kaifeng City

CUI Yaohui'*, HUA Naixin', ZHANG Dan'?
(1.Yellow River Conservancy Technical Institute, Kaifeng 475004, Henan, China; 2.Henan Engineering
Research Center of Surveying and Mapping Live—action 3D Technology, Kaifeng 475004, Henan, China)

Abstract: Urban heat island effect is one of the important factors affecting urban ecosystem and urban e-
cological civilization construction. As an important part of the urban ecosystem, the park has a high eco-
logical service function. Its layout and quality reflect the quality of life in a city, and play an irreplace-
able role in promoting the sustainable development of the city and guaranteeing the security of the city.
The land surface temperature was obtained by using remote sensing image inversion technology, and the
mitigation effect of park on urban heat island effect in Kaifeng City is discussed by comparing the distri-
bution of land surface temperature caused by different periods and different surface features.

Key Words: Kaifeng city; urban park; urban heat island effect; mitigation effect; remote sensing tech-

nology; geographic information system
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