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Rapid Prediction Method of Hot Spot Temperature of Oil-immersed Transformer Combining
Flow-thermal Coupling Simulation and EEMD-LSTM Network
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Abstract: Fast and accurate prediction of hot spot temperature is an important precondition for condition detection, fault
prediction and dynamic overload of transformers. The key is to realize dynamic prediction of transformer hot spot tem-
perature and improve anti-noise performance of the hot spot temperature prediction model. In this paper, the hot spot
temperature training samples of different ambient temperature and load change conditions are obtained through
flow-thermal field coupling simulation calculation. The long short-term memory network (LSTM) is used to construct a
deep learning model so as to realize the dynamic prediction of hot spot temperature. The ensemble empirical mode de-
composition (EEMD) is used to reduce the noise interference in the input data, improving the anti-noise performance of
the deep learning model. A 20 MVA/110 kV oil-immersed transformer is taken as example for analysis, and an experi-
mental platform of transformer hot spot temperature rise is built to verify the validity of the model. The average error of
the hot spot temperature predicted by the EEMD-LSTM network compared with the experimental results is only 1.35 C.
After introducing random noise with amplitude of 5 °C, the maximum error only increases by 0.47 °C. The results show
that the deep learning model based on EEMD-LSTM network can realize the dynamic prediction of transformer hot spot
temperature, and it has good anti-noise performance, which is of great significance to the study of dynamic evaluation of
transformer load capacity and dynamic capacity increase.
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Table 1 The eletrical and structure parameters of

oil-immersed transformer

AR S HfH
75 8/MVA 20
HRE HLE/KV 110/10.5
HIE H/A 104.97/1 099.71
e/ 2 Pl P9 4% /mm 357/278
e/ 22 Pl /M7 /mm 419/339
AR SR 5 ¥ /mm 749/769
AR R 3572 mmx1 464 mmx2 335 mm
BB A 8 R /mm 496
Bk /R B B /mm 1 990/2 860/950
RO B S/ [A) JH /mm 520/1 170

Fig.1 Process of transformer hot spot temperature

simulation modeling and calculation
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Fig.2 Calculation model of 20 MVA three-phase

oil-immersed transformer heat loss
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Fig.3 Simulation model of transformer temperature field
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Fig.4 Local grid diagram near the top of winding
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Table 3 Transformer material parameters
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LR /(T kg - K 370
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Fig.8 Structure of deep learning model based on LSTM
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Fig.9 Convergence diagram of simulation
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Fig.10 Temperature distribution of transformer low-voltage

winding with axial height
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Fig.11 Temperature distribution of transformer

when the load rate is 90%~110%
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Fig.12 Temperature distribution of transformer
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Fig.13 Simulation results of the fluid field of transformer
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Fig.15 Curve of the error as a function of iteration
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Fig.16 Hot spot temperature calculated by deep learning
model compared with simulation when the load rate rises

from 95% to 115%
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Fig.17 The hot spot temperature calculated by
deep learning model compared with simulation when the load

rate rises from 110% to 130%
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Fig.18 Training process of different deep learning model
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Fig.19 The hot spot temperature calculated by different deep

learning model compared with simulation
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Fig.20 Anti-noise ability of different deep learning model
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Table 4 Prediction results of different network
VR TTC R R C R U AR VRN S/ °C

:

P RRRZE  PIRE RKIRE CPHRE
SVR 2.89 1.56 5.27 1.97
BPNN 2.65 1.25 4.90 1.65
LSTM 0.84 0.31 2.68 1.07
EEMD-LSTM 0.49 0.20 0.96 0.31

x5 ORI EESH

Table 5 Parameters of experimental transformer

RIS Al
AA/KVA 30
e R/ 10/0.4
e FLIRA 1.73/43.3
e R 22 8 A %2 /mm 209/147
TR R 28 Bl #M%/mm 243/181
IGE 2R B 942 /mm 147/85
ICE 2k Bl /ME/mm 173/111
MR B £44H 25 /mm 110/116
AR R 850 mmx410 mmx480 mm
BB F R B /mm 132/80
Bt e /R BE /R e /mm 310/440/150
BRASHE B8 FE /1] FE/mm 80/180

TR AR, RIUAE MK R SR PR S TS 3 mm
PLE Sy A B 2 BRIEIR Sk, B KB AE s
LR, {ERE B AR RS 5 mm A BATE 1 BRIk
RARITZ i . YL EEs A Bon = ik 23
TN o 1A AR AR MRS FE 9 —-20~260 °C, ]
RS NE0.5 Co

PRI B A B WA 24 FoR. @i s
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Fig.22 2D equivalent model of experimental transformer
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