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Rotating Machinery Condition Optimization Prediction Method of
Variable Weight Combination RBF Model Research
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Abstract: In order to improve the forecast accuracy and adaptability for rotating machinery working
conditions with unsteady and nonlinear features an optimization prediction method of variable weight
RBF combination model was suggested. This model was built based on variable weight RBF network. The
samples were weighted according to the time to output and the combined models were selected according
to the average relative error while the model built. As a result the sufficient effective information was
used and the fact that new and old information taking different effect on the future state was stressed.
The method was verified by measured data. The accuracy of variable weight RBF combination forecasting
method was better than single RBF model and single weight combination forecasting methods. This
method is simple to program and more adaptable on prediction with high farecast accuracy.
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Table 1 Three models prediction results of tobacco machinery vibration intensity data

ARIMA 5-1-1 RBF RBF

/% /% /%

35 3.31 3.2585 0.0515 1.5559 3.3209 0.0109 0.3293 3.3330 0.0230 0.694 9
36 3.32 3.2583 0.0617 1.858 4 3.3363 0.016 3 0.4910 3.2934 0.026 6 0.8012
37 3.34 3.258 6 0.081 4 2.4371 3.3689 0.028 9 0.8653 3.3204 0.0196 0.586 8
38 3.34 3.2619 0.078 1 2.3383 3.4017 0.0617 1.8473 3.3407 0. 000 7 0.0210
39 3.35 3.2632 0.086 8 2.5910 3.4073 0.0573 1.7104 3.306 6 0.043 4 1.2955
40 3.36 3.2645 0.0955 2.8423 3.4167 0. 056 7 1.6875 3.3120 0.048 0 1.428 6
41 3.37 3.2658 0.104 2 3.0920 3.4473 0.0773 2.2938 3.3237 0.046 3 1.3739
42 3.25 3.2670 0.0170 0.5231 3.4814 0.2314 7.1200 3.3124 0.062 4 1.9200
2.1548 2.0431 1.0152

(C)1994-2022 China Academic Journal Electronic

Publishing House. All rights reserved.

http://www.cnki.net



12 2013
2
Table 2 Data reconstruction model prediction results
1% /%
3.31 3.3213 0.0113 0.3414 3.3335 0.0235 0.7100
3.32 3.3335 0.0135 0.406 6 3.3320 0.0120 0.3614
3.34 3.3389 0.001 1 0.0329 3.3356 0.004 4 0.1317
3.34 3.3565 0.0165 0.4940 3.3388 0.001 2 0.0359
3.35 3.3628 0.0128 0.3821 3.3370 0.0130 0.3881
3.36 3.3686 0.008 6 0.2560 3.3379 0.0221 0.6577
3.37 3.3930 0.0230 0.6825 3.3405 0.0295 0.8754
3.25 3.4280 0.1780 5.4769 3.3419 0.0919 2.8277
1.009 1 0.748 5
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Table 3 Prediction error comparison table

ARIMA(5 1 1) 2.1548

RBF 2.0431
RBF 1.0152
1.3394
0.750 6
1.009 1

0.748 5
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