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WE: ATREZES[REESHIMNE, REHT —MET ART-ACO-LVQ E4MEMBE EZNEER
WMEEISW A%, BRI ART2 HEMERERERFIRHITHN:; REFIH ACO BEiLXf ART2 HE M
KEZHTES, AMNEMGRERTRY, ZEBEZAEEEFIFANLVQHENEHEE,
RHET ART-ACO-LVQ EARENEERUFISE A% REFRAZEGAENAEANEEREE
KEHITHESH. RAEERKRA: BEET ART-ACO-LVQ E4HEMNEFLEBA IR AE
KB T EIREE, Xt 25 MIKERIRBEREIXE 100%, mWMFA ART2 HEZMKEHEM ART-ACO
WMEMEEEISMEREFRENS A 68% F184%, HMRPMRK—FETF ART-ACO-LVQ £&
MEMNEEENTEREFEDH A ZEFRSHEREURTEE, RERAF-—ENIEXREEX.
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Research on transformer fault diagnosis based on ART-ACO-LVQ compound
algorithm

GAO Zhongjiang, ZHOU Youwei , ZHONG Yuzhe, TONG Jianlin ,YU Daihai
(China Metallurgical CCID Electric Technology Co., Ltd., Chongqing 400010, China)

Abstract: In order to improve the efficiency of transformer fault diagnosis, a transformer fault diagnosis method
based on ART-ACO-LVQ compound neural network algorithm was proposed. Firstly, the basic principle of ART2
neural network algorithm was analyzed. Then ACO algorithm was used to combine ART2 neural network algorithm,
and the initial weight was optimized. A transformer fault diagnosis method based on ART-ACO-LVQ compound
algorithm was established by combining LVQ neural network algorithm with supervised learning characteristics.
Finally, different transformer fault types were simulated and analyzed by this compound method. It can be obtained
that the different types of transformer faults can be effectively identified by ART-ACO-LVQ compound neural
network algorithm. The recognition accuracy of this method is 100% for 25 test samples. The diagnostic accuracy
of ART2 neural network algorithm and ART-ACO neural network algorithm are only 68% and 84%, respectively.
Therefore, the proposed transformer fault diagnosis method based on ART-ACO-LVQ compound neural network

algorithm has high correctness and reliability. And the results have certain engineering practical significance.
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Fig. 2 Three layer structure of LVQ algorithm
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Fig. 3 Fault diagnosis process of composite neural network
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