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Fig.1 Multi-frequencydetection system diagram
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Table 1 Prediction data of density

value of transformer oil 8

kg-m~

BAFS  H4&M  BPNNHIIME  GA-BPNN Bl
1 866.3 820.1 844.3
2 879.1 815.7 857.9
3 845.7 890.4 875.9
4 848.9 798.3 866.5
5 888.3 821.9 851.1
6 839.6 882.6 805.3
7 859.8 796.8 829.1
8 881.3 832.6 850.9
9 884.3 823.7 868.7
10 878.4 811.4 854.9

R Y S S R SR AR 1R 2 ) SEBRAE DL, T
SER) 48 % 4> H 1R 22 ( mean absolute percentage
error, MAPE) | [t4 GA-BPNN #5711 BPNN #1% {14
AR . 1A GA-BPNN A Y T RS B2 e i
90% , %f j (1) V-1 2 MAPE 28 3.21%,
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Transformer oil density based on GA-BPNN method and multi-frequency ultrasound
ZHAO Yaohong', YANG Zhuang®, QIAN Yihua', LI Li', PENG Lei', ZHOU Qu’
(1. Electric Power Research Institute of Guangdong Power Grid Corporation, Guangzhou 510080, China;

2. College of Engineering and Technology , Southwest University , Chongqing 400715, China)
Abstract ; Transformer oil is one of the main insulating material in power transformers. The density index of oil is closely related
to the safe operation of transformers. On the basis of the principle of multi-frequency ultrasound, genetic algorithm GA and back
propagation neural network BPNN, a prediction study of density of transformer oil is proposed. Taking 110 sets of transformer
oil belonged to China southern power grid as an example, 100 of which are training sets and 10 are forecast sets, a prediction
model of density of transformer oil is established based on BPNN, with the 242 dimensional multi-frequency ultrasonic data of
oil sample as the input and density as the output, through the experimental method to determine the BP neural network hidden
layer neurons number, the nonlinear mapping relationship, and use genetic algorithm GA to optimize the BP neural network
connection weights and threshold of every layer. By adjusting the number of hidden layer neurons, the network is trained.
Moreover, the genetic algorithm GA is introduced to optimize the network parameters. All results show that compared with the
traditional standard BPNN model, the output value of density of transformer oil with the GA-BPNN model is much close to the
real value with small errors, which lays a solid foundation to test transformer oil other parameters with tell multi-frequency
ultrasonic technology.

Keywords : multi-frequency ultrasound ; neural network ; transformer oil ; density ; prediction
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