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A novel method of identifying the imbalance of flexible
rotor with one disc

HUANG Jinping,/REN Xing-min
(Institute of Vibration Engineering,

Northwestern Polytechnical University, X1 an 710072, China)

Abstract: Based on the transient responseé-of a flexible rotor and the fundamental theory
of back propagation\ ( BP) neural network, amnovel method for imbalance identification of
flexible rotor with one disc was'\presented. A~BP neural network identifying imbalance angle
of rotor was established by ‘'using the theoretical model of the rotor, thus enabling imbalance
identification of rotor through emnly two accelerations. Firstly, the imbalance angle was iden-
tified by BP neural network and the transient response of the first acceleration; secondly, the
magnitude of theimbalance was acquired through a second acceleration using the linear rela-
tionship between the magnitude of transient flexibility and the imbalance. The experimental

result verifies the effectiveness of this imbalance identification method.

Key words: aerospace propulsion system; rotors; transient response;

back propagation (BP) neural network; imbalance identification
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Table 1 Training data of the BP neural network
/ rad
/ rad
by dbg ¢ U]

1 376.994 690 367. 492159 377. 929 350 368.550 986 0

2 377.256 490 367. 753-959 378. 1917149 368.812 785 0 2061 8
3 377518 289 368015 758 378.7452-949 369.074 585 05236
4 3717.780 089 368. 277 557 378714 748 369.336 384 0 785 4
5 378.041 888 368539357 378. 976 547 369.598 183 1 047 2
6 378.303 687 368. 801 156 379. 238 347 369.859 983 1 3090
7 378.565'487 369062 956 379. 500 146 370.121 782 1L 570 8
8 378.827/286 369. 324 755 379. 761 946 370.383 581 1 826
9 379.089 086 369. 586 554 380. 023 745 370. 645 381 2 094 4
10 3797350 885 369. 848 354 380. 285 544 370.907 180 2 356 2
11 379.612 684 370. 110 153 380. 547 344 371.168 980 2 6180
12 379.874 484 370. 371 952 380. 809 143 371.430 779 2 879 8
13 380.136 283 367. 492 159 381. 070 943 368.550 986 31416
14 380.398 082 367. 753 959 381.332742 368.812 785 3403 4
15 380.659 882 368. 015 758 381. 594 541 369.074 585 3 665 2
16 380.921 681 368. 277 557 381. 856 341 369.336 384 39270
17 381.183 481 368. 539 357 382. 118 140 369.598 183 4 188 8
18 381.445 280 368. 801 156 382. 379 939 369.859 983 4 450 6
19 381.707 079 369. 062 956 382. 641 739 370.121 782 4 712 4
20 381.968 879 369. 324 755 382. 903 538 370.383 581 4 974 2
21 382.230 678 369. 586 554 383. 165 338 370. 645 381 52360
22 382.492 478 369. 848 354 383.427 137 370.907 180 5497 8
23 382.754 277 370. 110 153 383. 688 936 371.168 980 5759 6
24 383.016 076 370. 371 952 383. 950 736 371.430 779 6 021 4

n= 627, a,=a,= 0.15, B,=8,=0.6.
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Table 2 Testing results of the BP network
/rad
/rad ! %
/rad b, dy @, ¢,
0 376. 994 690 367.492 159 377.929 350 368.550 986 0. 002 153 -
/5 377. 623 009 368.120 478 378.557 668 369.179 304 0. 627 752 0. 090
2m/5 378.251327 368.748 796 379.185 987 369.807 623 1. 255 701 0. 074
3m/5 378. 879 646 369.377 115 379.814 305 370.435 941 1. 884 121 0. 044
41t/5 379. 507 965 370.005 433 380.442 624 371.064 260 2. 513 868 0. 024
I 380. 136 283 367.492 159 381.070 943 368.550 986 3. 140 296 0. 041
67/5 380. 764 602 368.120 478 381.699 261 369.179 304 3.769 731 0. 005
/5 381.392 920 368.748 796 382.327 580 369.807 623 4.399 370 0. 026
8m/5 382. 021239 369.377 115 382.955 898 370.435 941 5. 027 347 0. 015
91/ 5 382. 649 557 370.005 433 383.584 217 371.064 260 5. 654626 0. 004
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Table 3 Identified results of the unbalancing angles
/rad T/ 4 /2 31/8 3n/4 3t/ 4 31/ 2 1371/ 8 7 4
BP / rad 0.784 7 1. 569 2 1.9634  2.3558 3.9279 4.7133 5.1058 5.497 1
/% 0.084 0.100 0.057 0.018 0. 024 0. 020 0. 014 0.012
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Table 4 Identified results of the unbalancing magnitude
/(g* cm) 0.3 0.6 0.6 1.2 2.4 3.0 4.8 6.0
/(g* cm) 0.3 0.6 1. - 2.4 -3.0 - 3.6 -6.0 - 4.8
/(g* cm) 0.3196 0.628 6 0.607 7 1.174 0 2.380 2.968 4.6195 5.908 2
! % 6. 53 4.77 l. 2.17 0.83 1.07 3.76 1.53
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