Journal of Electrical Engineering B 7%, 2022, 10(2), 86-94 Hans X
Published Online June 2022 in Hans. http://www.hanspub.org/journal/jee
https://doi.org/10.12677/jee.2022.102010

E T U-Netl B E 27 i = B TN 73 7%=

IHm, & X
DR T A R T H T RS R S s s, K
DA Tk 48 L H T3 % T SR S A RS B R S s s, R

Weks H . 20224F4 70 FHBEM: 20224F6 H6H; & AHM: 20224F613H

R

FRIEAFAHEERARUMEER R AN EE TR, ElTARHE R ERE QS N T
IR A THEBREFEL KSR, ASCRA T —FUZRE BRI 4% (U-Net) K = B H
B, URESEAANR, BURESBERSEAROEE, SRR ESNLASHSE. #
BHREENE B, THEAREES = BEIHEM KN RREALE. ARBMETIMERE, @it B O
U-NetlERIBEATARAL, B BMREIRE. HU-NeUR B NG = B 5F Wit HE R, U-Netik
BN = P MR SR 2E1E0.3%~0.9%T6 B N, AR R ITF#h 2 S B2 R R ERE FK
BURR, EREAHRNEG, WTERD T HHER T, WRE RIS = B 75 H EFRKHSE
i o

KR
EGAWTTT %, B, VERESFHANS, RES

Transformer Magnetic Field Cloud Map
Prediction Method Based on U-Net

Yanyang Wang?!, Liang Jin2

1Tianjin Key Laboratory of Advanced Technology of Electrical Engineering and Energy, Tianjin Polytechnic
University, Tianjin

*The State Key Laboratory of Reliability and Intelligence of Electrical Equipment Co-Constructed by
Hebei University of Technology, Tianjin

Received: Apr. 7", 2022; accepted: Jun. 6", 2022; published: Jun. 13", 2022
Abstract
Finite element analysis and calculation have become the main tools for the performance calcula-
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tion of electromagnetic devices or systems. However, due to the complex modeling and excessive
consumption of computing resources when solving electromagnetic fields by traditional finite ele-
ment methods. This paper adopts a U-shaped deep convolutional neural network. Network mag-
netic field cloud map prediction model. Taking the transformer as the research object, the electro-
magnetic coupling finite element model of the transformer is established. By changing the geome-
tric parameters, materials and excitation information of the transformer, the magnetic field cloud
image is calculated as the sample data for neural network training. In order to improve the net-
work prediction performance, the U-Net model is optimized by Taguchi method to determine the
optimal model settings. Comparing the U-Net model’s predicted magnetic field cloud map with the
finite element calculation results, the U-Net model predicts that the mean square error of each pixel
in the magnetic field cloud map is in the range of 0.3%~0.9%, which can well learn from the trans-
former data set. The mapping relationship between the two can generate high-resolution images,
thereby reducing the calculation time, which is of great practical significance for deep learning in
predicting the direction of the magnetic field cloud map.
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Gho SCHR[ 7R A BRICIEA B AR, AE BRI E M ISR AR s, i o AN F ) LTt
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Table 1. Transformer structural parameters

= 1. TEREHEY

PR ESyAE 2 Bl
f R0 5 B /mm 135
d 2% 5 /mm 55
c B O /mm 85
b 7 1 %8 & /mm 40
fo A2 [Hz 50
N SR Im AL 60
a Botrik 2 /mm 25
e 0 58 /mm 90

L K /om 21.4
A, B B R om® 12.24
g Hi/g 1882
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Figure 1. Transformer prototype

1. TERFH

Lal. b d

- > <

A

[

< »
- -

Figure 2. The structure of the transformer
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W e, FH—A 3 x 3 BREN GG RRHIE R — DR E R, EMRE AR 1 x 1
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Figure 3. U-Net model structure
[ 3. U-Net #8454
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Table 2. Transformer structure variable value
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458924 (mm) A Y5 /mm #HK/mm
B ET 5 55 2 TR TR B 0.2~0.5 0.02
Bt A A 55 2 R TR 0.3~0.8 0.02
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Figure 4. Sample data set of U-Net model
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Table 3. Values of hyperparameter variables
=3 ESHTENE

(TN Epoch Batch-size Learning rate
HUfE 1 100 1 2x107
HufE 2 150 2 5x107
U fE 3 200 4 2x10™

i IE AT S2 36745 U-Net TSRS ) Epoch. Batch-size. Dropout il Learning rate #1748 2 %0
oo BT Lo(3YIEASRIFH L SLInM e, Hrb LR IEZHME, 9 MM S, 3 NENSHERIUE K

B, 4 NS EACE . IEACR RIS, Qi 4 B

Table 4. Orthogonal table and model prediction result
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i Epoch Batch-size Dropout Learning rate MSE(%)
1 1 1 1 1 0.62
2 1 2 2 2 0.54
3 1 3 3 3 0.32
4 2 1 2 3 0.59
5 2 2 3 1 0.84
6 2 3 1 2 0.74
7 3 1 3 2 0.46
8 3 2 1 3 0.65
9 3 3 2 1 0.67

A&, %5 N 3 I, Epoch y 100, Batch-size ¥ 4. Dropout 4 0.5. Learning rate ¥ 2 x 107,

U-Net A5 84 ¥ U0 4% E e 4«
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L5 B AR 20 0 B A RFAEREAT BRI F Rl 5, S G RUR SR 45 R B S B A2 SR (48 T 2 1
WfE R, TRAN TEAR SR R D Z R AT E S, R RA RS = RS A R Tt R RE
AR L. GURERY], U-Net BB BENSRIF 2 >) B4R K 330 = B SR 2 1B R ST R 2 2R R

PRI EE, AR ERRI AR 55, A 1 S 1A
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Figure 5. Transformer magnetic field cloud map prediction results
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Figure 6. Transformer magnetic field cloud map results comparison
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