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Abstract: To address the challenges of the difficulty in field measurement of the global transient magnetic field dur-
ing no-load closing operation of transformer, the low computational efficiency of traditional finite element analysis,
and the insufficient prediction accuracy of single models, a dataset comprising 560 valid samples with coverage of
seven closing-angle conditions is constructed through finite element simulations. The random forest algorithm is em-
ployed to perform feature importance screening, and principal component analysis is utilized to compress the 10 418-
dimensional magnetic field data to 300 dimensions. A CNN - Transformer hybrid prediction model is then estab-
lished , where one-dimensional convolution is used to extract local transient features of the inrush current and the
multi-head attention mechanism is adopted to capture global temporal dependencies, thereby enabling end-to-end
rapid reconstruction of the global transient magnetic field. Experimental results show that the average absolute error
of the model is as low as 0.004 2 T, the average absolute percentage error is 0.42%, and a coefficient of determina-
tion (R*) of is 0.987. The prediction time per sample is 4.5 ms, which is more than 10’ times faster than traditional
finite element methods. Under extreme conditions, the global average absolute error is 0.003 2 T, with the maximum
error not exceeding 0.01 T. The coefficient of determination under all operating conditions is not less than 0.982.

The proposed model exhibits high prediction accuracy, strong generalization capability , and high computational effi-
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ciency. It can effectively achieve fast and accurate prediction of the transient magnetic field during transformer in-

rush current, providing technical support for condition assessment and protection setting of transformer.

Key words: transformer; excitation inrush; transient magnetic field prediction; CNN - Transformer; principal

component analysis
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Fig. 1 Block diagram of the full process of the
research method
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Table 1 Core electrical parameters of the single-phase

transformer simulation model
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Fig.2 Waveform diagram of primary winding inrush

current under different closing angles
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Table 2 Ranking of input feature importance
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0.04.0.06 )5 3ZAM LA (1x10 74,510, 1x10 s)
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Table 3 Sensitivity analysis results of simulation

time parameters

. N BIERE LU AR
’fﬁ/E‘BTJ‘K/S Eﬂ‘lﬂﬂ?ﬁ/s EM\h/T
FE1% Fi} /min
0.02 1x10* 0.31 0.004 7 21.6
0.02 5x10°* 0.45 0.004 8 8.3
0.02 1x10°° 1.86 0.005 6 3.5
0.04 1x10* 0.28 0.004 3 324
0.04 5x10°* 0.32 0.004 2 10.1
0.04 1x10° 1.72 0.005 4 4.2
0.06 1x10°* 0.27 0.004 2 43.8
0.06 5x10* 0.30 0.004 2 14.7
0.06 1x10° 1.68 0.005 3 59

13 3 Al A, (5 FLI R 0.02 s BN, Jovk e B B
i 0 T S Wl Y B, DI % L Al v 5 B R 3
£0.06 s J , PIE-SHIRG IO A T (A7 HFe
IR MESE N, T TCARIE B2 . WA 2P 1x10 s
SRR BE B AL, (EA SRR AR 5 1x10 7 s BT
R, 233 JC U BE AL BENOE R I, B P IR TR i
RS RE o 225 BOE PR ELEE BIDRS B2 07 HOH AL
R3IRbR Al LUA ), B TR 9 0.04 s {15 B
RK5x107* s ], A TR 5 R Y e Y A
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5P R ECE T BTRIPERE, S R LR 4. MGt
BT LAE 25 05020 M 100 3 11 22 300 B,
U S 1A 4 b5 22 L 0.012 7 T[4 %2 0.004 2 T, Tl
HEREHR T 0 ARS8 T =8 %/ £l 35 400,500 1
K B BT R /N T 0.1% , {H BAREASHE BREEH43 51
B 12% R 21% 0 Z55 75 IR BE 50K,
TR 300 15 M et 3 i3 i, BB AE LIRS 15
BOCEEOR A AT , SRR () AU B
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Table 4 Comparison table of model performance under

different principal component numbers

ESL Wiy ie e/ T ewd/%  HFEARHERIFENT /ms
100 0.0127 1.28 32
200 0.005 8 0.58 39
300 0.004 2 0.42 45
400 0.004 1 0.41 5.0
500 0.004 1 0.41 5.4

55 1E CNN-Transformer 1R A 280 (1) Tt 4 B
TEH 6 Fil ALY A Sy BELEFF JRR A 1) %o Lb | Xof LU A
RUE T 3 T P AT v o ALl ge e 2] B
A4 RF 5 XGBoost™"!, AR SH X B 50 42— 3, IR
EX HE S ) 2P 5 TR JBE o ) B2k A0 A5 4 3 0
2% DNN(deep neural networks)™ 5 —4E CNN, ¥ 2% 2%
5 2 805 95 I B 8 B 0 R — B, sk b
Transformer 42 Jm I 7> BRI 5 Fij I ) e A5 0 A 455
Informer™ 5 TimesNet™ >, 2% F LN TF 1R b i 45 14
L NN B2 oAl S S A 3 4 e e AR
RGN 53 T
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Ro TRBE 2 > HR 2 J7 ¥ 1) TUIDORS BE A B 4R T,
DNN # ewa % 0.008 2 T, CNN [K 5| A Jey B i e AE
PEHUEER  PEREIE— AL, ene 2 0.007 T T, HPIE
T3V AR FE G SRS Dl 9 Ik A R AR, i
PETHAEAE B WO B . 1/ B 3 B R Informer 5
TimesNet [V 80 T VR BE 2% 2] BE 4k, ewne 77 001 R
0.006 0 T50.005 7 T, B T AR 7 AN $2 TH
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Table S Comparison table of prediction performance and

computational efficiency of each model

Y ewe/T  ews/T*  enus/T FRHANSI R SR
TIAER /ms

RF 0.0121 0.00021 0.0145 125
XGBoost 0.0115 0.00019 0.0138 10.2
DNN 0.0082 0.000 10 0.0100 2.1
CNN 0.007 1 0.000 08 0.008 9 32
Informer 0.006 0 0.000 06 0.007 7 4.8
TimesNet 0.0057 0.00005 0.007 4 5.1
CNN-Transformer 0.0042 0.000 03 0.005 5 4.5

HRRCRIT I, I A TR 7 ) R Y B A
Vi 3 S 4 B e PO AR A 274k T 2 AP AR A0
Jr I L SUE S T B R S BERIERE 3 PCA
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ISR Y CNN+LSTMASAY , ) R Pt — Al 2t #ay
Wk 50— S5 1Y CNN—Transformer(Post—Norm)ﬂ‘ﬁ
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TH Al S 96 45 5 W36 6, CNN-Only LAY e #E
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Fig. 6 Comparison radar chart of core performance

indicators of different models
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Transformer 15751 Rl 43 12 2 T0 AT BB B3 SR i
KK NG FE i KT CNN+Transformer 2544 , evar: 4
0.78%, R} 0.958, CNN+LSTM #5552 [} -1 1 %]
26 A AR B BT, A B AL T B — S5 A A
BT 55 F 2 IR AR, evn 4 0.63% , R* 4 0.970.,
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R, enn MR ZE 0.42%, R* 513X 0.987, 5:1iE T CNN Jj
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Table 6 Performance comparison table of each model in
ablation experiment
i) enid T ews/T  ensd/T  ewwl% R

CNN-Only 0.0071 0.00008 0.0089 0.72 0.964
Transformer-Only ~ 0.008 0 0.00009 0.0095 0.85 0.953
0.0076 0.00009 0.0093 0.78 0.958
0.0062 0.00006 0.0078 0.63 0.970

FC+Transformer
CNN+LSTM
CNN-Transformer
(Post-Norm)
CNN-Transformer

0.0049 0.00004 0.0062 049 0.981

0.0042 0.00003 0.0055 042 0.987
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Fig. 8 Cloud chart of magnetic field simulation truth,

model prediction value and absolute error distribution

under typical working conditions
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Fig. 9 Comparison chart of core performance indicators
of the model under different closing angle conditions
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Table 7 Comparison between model predicted values and

measured magnetic field data

i JRE AT p——— AHXT R
BT T 1%
B A 0.826 0.819 0.007 0.85
RO 1.243 1.235 0.008 0.64
BT 0.791 0.784 0.007 0.89
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Table 8 Model generalization performance test under

complex working conditions

T ez enae/T e/ % R

R FIREZE 15% 0.0044 044 0985
H R I 3YE I i 5% 0.0045 045 0984
H R I 5 Y L 5% 0.0046 046 0983
B0 e BEATY 0.8 i 0.0043 043  0.986
RGBT e BEATY 1.2 4% 0.0042 042 0987
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