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Temperature prediction model for permanent magnet

synchronous motors based on deep learning
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Science and Technology, Hangzhou 310023, Zhejiang, China)

Abstract: To efficiently predict the temperature of permanent magnet synchronous motors,
firstly, the gated recurrent unit (GRU) was improved by using a nested structure to propose
the nested gated recurrent unit (NGRU) network, being capable of filtering the noise in the
relevant temperature features and exploring the pattern of temperature variation over time, and
then extracting the deeper temperature features through a non-linear transformation; secondly,

a novel deep learning model (1D-CNN tandem NGRU, CNGRU) was proposed, namely one-
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dimensional convolutional neural networks (1D-CNN) in tandem with NGRU. The CNGRU
harnessed 1D-CNN for the initial extraction of input features to obtain multi-angle temperature
features related to permanent magnet synchronous motors, serving as input to the NGRU to
obtain the predicted temperature of permanent magnet synchronous motors by fusing the
advantages of both in a tandem structure. The experimental results show that, compared with
the prediction performance of other recurrent networks on the stator yoke, the stator teeth and
the stator winding temperature, the NGRU mean square error is reduced by 12. 44 % on average
and the infinite horizon by 0. 361 9 on average; on this basis CNGRU reduces the mean square
error by an average of 13.29% and the infinite horizon by an average of 0.579 6 in contrast to
NGRU. It is concluded that CNGRU has higher accuracy and stability than NGRU and other
recurrent networks for predicting the temperature of permanent magnet synchronous motors. It
provides the technical guarantee to ensure the safe and stable operation of the motors.

Keywords: permanent magnet synchronous motor; temperature prediction; nested gated

recurrent unit; convolutional neural network
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Table 1 Hyper-parameters of each model

LAY I 8 )2 fEMZTT L etk as ERE S ER T Mg e
LSTM 3 (32,16) normal Nadam 0.000 5 100 1x10"
SLSTM 4 (32,32,16) normal Nadam 0.000 5 100 1X107"
GRU 3 (32,16) normal Nadam 0.000 5 100 1x10"
SGRU 4 (32,32,16) normal Nadam 0.000 5 100 1x10"
NGRU 3 (32,16) normal Nadam 0.000 5 100 1Xx107"
CNGRU 4 (16,32,16) normal Nadam 0.000 3 100 1x10"

LR 1x10"
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¥ CNGRU ,NGRU,LSTM,SLSTM,GRU,SGRU K LR #% % %} 7k % [/ 2 H #0940 35 1 8 1
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Table 2 Results of temperature prediction of stator yoke in each model

A YMSE YMAE R? L, L. UERENEYE
LSTM 0.602 9 0.561 7 0.997 4 13.449 0 3.839 5 144. 8
GRU 0.553 2 0.535 0 0.997 6 12.882°5 3.756 6 120. 6
SLSTM 0.577 0 0.538 2 0.997 5 13.156 7 3.969 1 250. 6
SGRU 0.510 8 0.534 4 0.997 8 12.379 1 3.154 1 216. 8
NGRU 0.464 1 0.503 3 0. 998 0 11.799 2 2.943 5 132.8
CNGRU 0.444 8 0.476 3 0.998 1 11.551 4 2.856 0 176. 4
LR 2.299 9 0.988 6 0.990 1 26.267 2 10.943 7

H3% 2 A0 A TR I BERIAH L LR #8 A — L. SLSTM AH kb LSTM, yuse AR T 4. 30%
SGRU #1 GRU M H. . SGRU ) yuss WAL T 7.66% . 1ii NGRU B yuse « ywae fH 3 H SLSTM #l SGRU
BN, yuse S BIBEAR T 19. 57 % F1 9. 14 %, 3 H. NGRU [ yuse #HH GRU FEAE T 16. 11% . 1652 F 46 (1 I
TR b R FH ik 22 45 R 35 N TR B 1 NGRU 22 30 5058 1) 8 75 3k 8 B 7 bb LA 0 B 1) 4% HL A o v 1) T3
WK B . CNGRU #XF NGRU 1 & » 78 ywse EFEAR T 4. 16 20,1 ID-CNN 5] AXF NGRU 4 6 11 42 Tt
BRI, ARSI Lo, i A U 2 B Lo # B 2/NF LR, o g AT T4 % LR AR B AT —
B, NGRU B L. H A 76 3R 9 2% - 21 B A% 0. 736 3, CNGRU {4 L. F At 1 35 % 45 7 34 [ 1%
0.823 8, i% &R 1618 2 A LR S e 28 45 5 0K B 28 748 191 B0 B . NGRU F1 CNGRU A % H Ath % b 52
LA B 1 R 1 LTI OR 2 B TR

F3OKMURIXTE TR T 45

Table 3 Results of temperature prediction performance of stator tooth in each model

LR YMSE YMAE R L, L. PR EIS
LSTM 0.408 5 0.436 0 0.998 2 11.070 1 3.192 9 152. 6
GRU 0.433 2 0.455 9 0.998 1 11.400 4 3.055 7 131.0
SLSTM 0.388 8 0.453 8 0.998 3 10. 800 7 2.349 2 336. 4
SGRU 0.385 2 0.414 0 0.998 3 10. 749 4 3.172 3 255. 4
NGRU 0.369 6 0.419 2 0.998 4 10.529 5 2.556 6 185. 2
CNGRU 0.303 0 0.406 8 0.998 7 9.534 0 2.560 9 245.0
LR 1.173 2 0.773 5 0. 995 0 18.760 6 5.929 4

2 3 A A1, NGRU H GRU 1 yyse FEAE T 14. 68 %, H yuse » yuae #1 Ly, BIEHL T SGRU #1 SLSTM,
fHJEAE L. Ewg25F SLSTM, ZEA HARTEN 845 . 76 8 7 0 1 5B T0I b . NGRU J000 1) 8 (40KS 4 22
ML F SGRU A1 SLSTM, CNGRU ) 1D-CNN X REAE ) £8 BALC R A3 2R B, I yyse A L NGRU FEAIR
T 18.02% . SiA BT AGTEN TG ER o 8 F U7 00 T XE AR R /0N L 45 TR 2 ST BT R” A% 1, R W
P35 3 BLAT B T A S . NGRU H1 CNGRU A b HABAE 3R B 2% , 1 3 d 0N
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Table 4 Results of temperature prediction of stator winding in each model

*ﬁﬂ YMSE YMAE R’ L, L. ﬁlléﬁﬁﬁj’lﬁ]/s
LSTM 1.979 9 1.046 0 0.994 2 24.371 3 4.809 9 149. 8
GRU 1.923 0 0.994 8 0.994 4 24.019 0 5.717 0 119.4
SLSTM 2.364 1 1.112 1 0.993 1 26.631 2 6.071 8 249. 8
SGRU 1.948 1 1.024 6 0.994 3 24.174 8 5.9915 212.8
NGRU 1.793 3 0.985 6 0.994 8 23.194 6 5.684 2 128.8
CNGRU 1.475 8 0.904 4 0.995 7 21.041 6 4.028 6 181.8
LR 7.006 9 1.990 2 0.979 5 45. 848 4 9.460 5

H 3% 4 Al 0, SLSTM A kb LSTM, M AR WA T, £ F 922, 1 SGRU 5 GRU [y i il &
A PR BSEAY . NGRU #HH SGRU F1 SLSTM, yyse 43 SBEAK T 7. 95 % F1 24. 14 % . 55 F L4111
BT o NGRU [y 45 M A 1 SLSTM Hil SGRU 9 HE B 251 . 8 %59 i . NGRU JE 4 58 F 4% 41 AH
KL B R AE R M A Y B ) B8R, CNGRU #H H NGRU, M yyse BEAR T 17. 70% , L F&A% T 1. 655 6,
1D-CNNXf NGRU BB $2 T3 2K B . CNGRU H EbHABAE IR P2 » yuse F-IIFEAK T 27. 6300, L. F-HgR%
KT 1619 0y yuae Al R BRI . X5 T € F5841, CNGRU Lt At 455 750 1) ol 1 P R AR P B o

CNGRU F1 NGRU F HAWAE PR M 4% LA 552 2 i 4548 B Hy 25 2~ 4 B0, 2 AT 7 42 T T5000 K5 B8 1 it
& s R MR B RS IRt 8], 3 H NGRU #9 fi% 2 45 4 A1 o HE S 45 A0 ) 2Rt (8] B Rk b . 455 & AR 3
A BR80T, 73 R ) 2 v ML 90000 e el o AR UKCR < 58 T84 8 PR RS Tk . Xt
TR0 S /N 04 2 1A o A DG T B AR AE P AL 1 M R /b, CNGRU Al NGRU 5 %] U AH LL T 1A
B S P A 32 25 S TR R R0 A b A2 0 5 AR AE v BT 283 (5 B o R T T M B e R T SR AL LAY
FH IR BE AR PP AT BB AL & 3 KO A5 . CNGRU Hl NGRU 75 FiU RS BE b 45 % e B R AR R B T — 2 1Y
P I 25 FARENTE NGRU HLAT S5 iy M s 1k 8 6B 7 . ZEREAY f e M 1 . NGRU 255 F LSTM, iX ] fig
JEH T LSTM (4IRS 5 Bk S 4 e NGRU pf&% T3 24 A5 B . A& CNGRU H 1D-CNN fy5]
A 2B 3R T T BURCR . 1D-CNN WFHRFIE 2 ) BE 32 BUA F T NGRU BEAT VR J2 Ul 4 I BE R AE (1 B2 L
NGRU ) BRIk 25 BB A% 128 3 &L f5 8L T E— 2542 7+ NGRU 24 155 77 51 7RI [8]_1- (56 2R 1 BB

CNGRU F NGRU 3 [t H A AE P59 45 LA T #4504 205 S i Ll a8 1 H CNGRU # L
NGRU , yyse AR T 13.29% L SR T 0. 579 6, CNGRU HI NGRU %t 7k #% [7] 45 H5 0L B9 & F
B RE 15 FIAE TSR 2L A0 TR T 2R AN P 4~6 TR . RN A A TR 2R LA R A (E X R R R AR
) TUIRG B A o A o N B A AR TR ] 11 12 25 il 2 CNGRU FE 38 4318 100 W Gl 3 A0 1 Tk B8 28 A% A5 11 i
%, HEAIREMLN T2 NGRU KK H 0.68.0. 61 Fl 1. 30,CNGRU &K K 0. 67.0.55 F1 1. 21, T
giir e o~4 vh T HE A FI . T IS E] ID-CNN 151 AR T T CNGRU # 0 19 £ & # . CNGRU
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Fig.4 Temperature prediction curves of NGRU and CNGRU for stator yoke
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Fig.5 Temperature prediction curves of NGRU and CNGRU for stator tooth
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Fig. 6 Temperature prediction curves of NGRU and CNGRU for stator winding
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