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AFUNDAMENTAL STUDY ON ESTIMATION METHOD FOR MAGNETIZATION DISTRIBUTION

IN PERMANENT MAGNET USING DEEP LEARNING

R
Daichi TAKASU
REHE MATRE
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Since the performance of a permanent magnet synchronous motor depends on the magnetization
distribution in the permanent magnet, it is essential to estimate the magnetization distribution at the
previous stage of the practical design. When the magnetization is nondestructively identified by the
electron back-scattered diffraction patterns or X-ray diffraction, the estimation time becomes so long. In
contrast, an effective method, which is based on the minimization of the measured and calculated fluxes,
has been proposed. The method based on mathematical programming has been proposed as a
nondestructive estimation method. Although the method can estimate the magnetization distribution fast,
this method has the possibility to derive unphysical magnetization distribution when some parameters
are not adequately adjusted. Subsequently, to suppress the non-physical magnetization, an estimation
method for magnetization distribution sing deep learning is proposed to suppress the nonphysical

magnetization. Key Words :
Magnet
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Fig. 1. Analysis model of permanent magnet. (a) Size and calculation
cells. (b) Measurement points.

IM| [T]
pm1.526

- 1.420
1578

B[ [T]
p0.21

(b)
Fig. 2. Distribution of M and B in parallel orientation. (a) Ideal
magnetization distribution. (b) Ideal magnetic flux density.



|M| [T] R —4% (ASME B, Bl : M OfAEDYE) &
w-1.526 AT 5. £, K5 (@) rRT Lo, akrTo
Hi—L, 0~360° OiPHT0.05° To0&LE(LSHED. =
[-1.420 izl v, T LUABRROBIEEZE>%ET — 4 M 7200
AEREND. RIS, KABAGET VOERYSTD
W78

DAL A ZEDS 180°1272 5 L 5 0 ~ 360°D#iPH T 0.05° 7
20 EELERT-. ZOROKALS 0 OFEER 5 (b)
|B| [T] ot : WRT. ZAUC R Y, ZAEL ORALRREZTET D
- 0.39 i ENTE BT — 237200 Ak SnD. Ll ROk
; DB, T LOVELR & SRR ORALREEZMSEL 5 5
1-0.20 = R AE 14400 HOEE T — 4y MRERSHD. Zhb
yix DFEBF— K % “Simpledata” &%, &SRB L

Bl 7 — 4 AR T 5720, 7— U SEERZ AV T
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Fig. 6. Automatic measurement system. (a) Schematic diagram of
system. (b) Hall sensor. (c) Moving plate.

BILT]
p0.20

[BI[T]
p0.28

[-014 [l
oo™

(b)
Measured magnetic flux density by in-house system. (a)
Parallel orientation (b) Multipole orientation.
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Fig. 8. Estimation results of Magnetization distribution using the
DNN trained by “Simple” (input: theoretical magnetic flux density).
(a) Parallel oriented magnet. (b) Multipole oriented magnet.
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Fig. 9. Estimation results of Magnetization distribution using the
DNN trained by “Simple” (input: measured magnetic flux density). (a)
Parallel oriented magnet. (b) Multipole oriented magnet.
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Fig. 10. Estimation results of magnetization distribution by the DNN
trained by “Fourier” (input: theoretical magnetic flux density). (a)
Parallel oriented magnet. (b) Multipole oriented magnet.
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Fig. 10. Estimation results of magnetization distribution by the DNN
trained by “Fourier” (input: measured magnetic flux density). (a)
Parallel oriented magnet. (b) Multipole oriented magnet.
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(b)
Fig. 12. Reconstructed magnetic flux density using magnetization
shown in Fig. 10. (a) Parallel oriented magnet. (b) Multipole oriented
magnet.
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Fig. 13. Reconstructed magnetic flux density on the line I. (a)
Parallel oriented magnet. (b) Multipole oriented magnet.
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