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Abstract: The existing unbalance identification algorithm without trial weight adopted an optimization
algorithm framework and approximated the optimal solution through numerous iterative operations. How-
ever, such strategies typically faced the limitations of slow convergence speed and the tendency to fall into
local extrema. Therefore, neural networks were used to directly learn and analyze the complex mapping re-
lationship between unbalance vibration response and unbalance, thus realizing high-precision unbalance
identification. A sufficient unbalance vibration dataset with labels was constructed by simulating the rotor
dynamics model. A feature fusion mechanism was designed to address the multi-dimensional complex-
valued characteristics of unbalanced data. At the core algorithm level, a CNN-GRU hybrid model was con-
structed. In this model, CNN was responsible for extracting local spatial features from vibration data.
while GRU captured temporal dependencies within the vibration data. By integrating information from both
spatial and temporal domains, the model’s generalization ability and recognition accuracy were significantly
enhanced. The unbalance recognition results of test set data and experimental bench demonstrate that this
method may accurately predict the unbalance of the rotors, providing a rapid and accurate guide for dynamic
balancing in the field without trial weights.

Key words: rotor; without trial weight; unbalance identification; convolutional neural network-gated
recurrent unit (CNN-GRU) ; multidimensional complex feature fusion
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Fig.1 Finite element model of the rotor system
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Fig.7 Rotor unbalance identification process
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Tab.4 Prediction performance of CNN-GRU model before and after multi-dimensional complex feature fusion

RMSE RMSE 2k 5%/ % MAE MAE 224k %/ % PR RBUE L, W BREH AL %/ %
il & T 9.193x 107 4.88210™ 2.587x 10"
fil £y ) 2.607 X107 ot 1.774X 107 05.66 3.399X 10" 8087
R5 AEEBREHERED T
Tab.5 Structural performance analysis and comparison of different models

F RMSE RMSEZE{k3%/ % MAE MAE R/ % | R REUE L, | PR R EE AL/ %

CNN 8.123x107 67.91 6.899 <107 74.29 1.057x 107 67.84

RNN 7.687 <107 66.09 6.046 <107 70.65 7.302x10™ 53.45

LSTM 5.607 X107 53.50 5.782x107 69.31 6.415x10™ 47.01

GRU 4.956 107 47.40 3.914 <107 54.67 5.676 10" 40.11
CNN-LSTM 3.607x 107 27.72 3.056 X107 41.95 4.311x10* 21.16
CNN-GRU 2.607x 107 1.774X107 3.399x 10"
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Fig.13 Unbalance identification results of
CNN-GRU model

- 1912 -

B 14 FT 7 A B A A R T v bR Al R B R AR
i oA KN L B RN AR i i M. R 6TE
G T B SAA 5 RN A SR R LR R 25 40T
T 4R R R 2 R 5.56 % . ff S 2 A ) i 25
H0.719% . NF 6 7] LLE L #5570 7 4b B4 T 5%
JEE RS 155 T 1) JSAEY B T 158 25 00 5 (L TR
B 25 %oF i 22 A5 95 1) 42 0.05g LA P 5 1117 1T %) 458 7™
A AN - R 1O A R RS 1) R X 1R 22 E R TE AR T
5% WK, 5 BTk . 1% CNN-GRU £ B 75 §%
T Ay B R AT 55 b ASTE AN - A B o] L 2
Al 4 (L o B AR A M 45 S L I UE T AT A R
Bk

® FE
o e PR

270°

o LA
o @ AR

270°
(b) fE T 2 AL
B14 WiEBFERAFESAANER

Fig.14 Unbalance identification results of test set data
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Tab.6 Unbalance identification results and errors

of test set data
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Tab.7 Unbalance identification results and errors

of test bench
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