7 b o
%624 5 811:0058-0066 %&@ Q 4 Vol.62, No.8:0058-0066
20264E8 H 16 H High Voltage Apparatus Aug. 16, 2026

DOI:10.13296/j.1001-1609.hva.2026.08.008

TiEEN—TH=TEIA—T B 5 TR W 48 B9 35 5 25 i im Fu

g{)‘?:’ﬁ%k]’ #iqjin ) jl] i2
(LRI AR EBE (5 B TR AR, TR a5 7351005 2. PHLRHOR AR ST TR be, Pi% 710054)

FE: AW BTN A TR R RAF R T L1547, TN TRE i 8 R ACAS HAf 3345 TR 3569 5 3k
T3 e BB Z IR0 W3R HE LA EBAR R . AT 3T TRUE i SRR A AR AR i A AR B e S B A
BER AR LR B T — AR T ek AR W& (TCN) 72 & 5 L) (attention mechanism ) F= 17 32 48 2R 3£ 7T
(GRU)é‘J TR B TR BTN 77 % (Attention-GRU-TCN) . & 26, £ B AR P 5] A TCN, #RAEFR M| 13 A2 o+ 44 B
R AR RBEIEA TR ARG TR, LR, EEANR N, R T R RIBEFAEE SR E, R
ﬂ:%%ﬂﬁéﬁéi#%u iR RETRMNAE L, e, EENE 5 E% T E R E BRI E(F 4, RNN,
LSTM.GRU . BiLSTM . Transformer % ) # /7 52 3 52l , 5 R & 9], 5 RNNAEA! [LSTM #: 4! . GRU A A | BiLSTM
A A Transformer B2 2 48 1t | Attention-GRU-TCN B2 64 -F 34 26, 37 3% £ (eyae) 2 %) T 4 23.69%.15.88%.7.77% .
29.35% . 14.51%; 38 7 i% £ (enss) 2 ) F B 45.79%.31.34% . 12.31%.43.32%.38.85%; & & % 4 (R*) LF 6.0%.
3.10%.0.79%.12.30%.4.57%. LB % 7 k2 55 B B TR B ik R 6 FUMAS 5 .5, A 80 T o B e R E TR
BARFE SE AT E RS T H AR
KT TRE, Tﬁé/éhm’}ﬁ/ﬁ“ s 2T AR )]#ﬁff@iﬂ:gﬁ—f&; B 18] 5 20 FRom|

Transformer Oil Temperature Prediction Based on Attention-gated Recurrent-temporal
Covolutional Network
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2. College of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract: Top oil temperature is an important indicator for evaluating thermal characteristics of power transformer.
Accurately predicting the variation trend of the top oil temperature plays a crucial role in assessing the load capaci-
ty of the transformer and promptly identifying potential thermal faults. In view of such issues as low accuracy,cum-
bersome feature selection process, and incorrect use of information in top oil temperature prediction, a transformer
top oil temperature prediction method (Attention-GRU-TCN )is proposed based on temporal convolutional network
(TCN) , attention mechanism, and gated recurrent unit(GRU). First, TCN is introduced into the convolution to en-
sure causality in the prediction process and reduce the interference of future data on the prediction process. Then,
the introduction of the attention mechanism assigns higher weights to key data features, replacing the complex and
time-consuming data filtering process, thereby improving prediction accuracy. Finally, the proposed method is ex-
perimentally validated at a company against traditional top oil temperature prediction models (e.g., RNN, LSTM,
GRU, BiLSTM, andTransformer, ect).The results show that compared with the RNN model, LSTM model , GRU
model , BILSTM model and Transformer model, the Attention-GRU-TCN model achieves a decrease in mean abso-
lute error (evs:) by 23.69% ,15.88% ,7.77% ,29.35% , and 14.51% respectively, a decrease in mean squared error
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(ewse)by 45.79%,31.34%,12.31%,43.32%, and 38.85% respectively; and an increase in the coefficient of determi-
nation(R*) by 6.0%,3.10%,0.79%, 12.30%, and 4.57% respectively. It is shown that the method has higher predic-

tion accuracy for transformer top oil temperature , which is conducive to providing a reference for early warning of po-

tential thermal faults and analyzing the load capacity of transformers.

Key words: transformer; top oil temperature prediction; attention mechanism; gated recurrent unit; time series
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Table 3 Ablation experimental results
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Fig. 7 Predictive curve
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