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Table 1 Off-line prediction results of hydraulic pump top vibration peak-to-peak value

Hidden-layer SRELM LM-NN CG-NN BFGS-NN

neuron amount E/% T/s E/% T/s E/% T/s E/% T/s
10 5.217 0 0.003 1 7.375 9 3.403 2 9.258 3 10. 830 2 8.226 4 7.869 1
20 4.708 8 0.005 8 6.580 1 0.547 5 7.536 8 5.795 3 7.842 0 5.832 3
50 5.017 4 0.0159 7.153 8 1.684 8 7.863 17 5.236 5 8.572 3 21.736 5

x2 mERIEEEHERTNE
Table 2 On-line prediction results of hydraulic pump top v1br§£1\0n peak-to-peak value
Hidden-layer SRELM LM-NN {‘(i?wﬁl\] BFGS-NN
neuron amount E/% T/s E/% T/s ‘;\‘\EE%‘ T/s E/% T/s
10 2.096 5 0.004 1 5.497 2 36.251 6 ’3\3’.‘302 3 59. 828 4 5.424 0 73.654 5
20 2.084 5 0.008 6 5.004 5 1 17{6\6 A 4.179 3 9.258 9 5.075 1 23.654 2
50 2.184 2 0.028 9 4. 056 9‘ \Q 6‘3? 1 5.300 7 13.335 4 5.584 0 41.571 3

%

\
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Table 3  Off-line predlqpq\ Regu‘l’ts of hydraulic pump shell vibration peak-to-peak value

Hidden-layer SRELM \ \ LM-NN CG-NN -~ BEGS-NN
neuron amount E/% {\?’ s\\ E/% T/s E/% T/s ‘)\/ E/% T/s
10 1379 9 \ N\ 9oz 5 9.851 9 0.507 2 8. 856 1 \(\3\;}9) 9.186 9 9. 828 7
20 3.721 75\\ 0. 006 7 7.391 3 0.574 5 7.369 2 (1 Nus16 1 8.4237  11.254 2
50 3.823 3 0.016 9 7.612 8 2.267 9 8. 01o:§\ v 33851 9.2530  19.662 4
‘:
®4 REEDE gm&%ﬁw

Table 4 On-line prediction results of hydraulgc&)}np shell vibration peak-to-peak value

Hidden-layer SRELM {MN\ s’ CG-NN BFGS-NN
neuron amount E/% T/s v T/s E/% T/s E/% T/s
10 1.795 4 0. 004 6 i9‘28\ 50.676 6 3.4350 55.795 7 3.922 0 96.770 2
20 1.623 5 0.008 1 ‘\\4 0.978 0 5.249 4 10. 564 0 4.474 2 19.021 5
50 1.672 9 0.029 3‘\\ 4. 153 1 3.7319 3.988 0 15. 856 7 5.338 0 42.990 3
NEIE LM AR . N Rl I e 5 X
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Department of Automatic é@\v}r&l Engineering, The Second Artillery Engineering Co#ég 710025, China
’ 4

Abstract . In order to accurately predict the feature parameters of a hydraulip\étép\, a new algorithm called sequential regu-
¢
larized extreme learning machine (SRELM) is proposed and a predictjon h{é}bo’d based on SRELM is studied. On the basis of
structural risk minimization theory. SRELM balances the empirical risl&d structural risk to enhance the generalization per-
LY

formance of conventional extreme learning machine (ELM) . In'ic&arison with the regularized extreme learning machine
y

1

‘4
(RELM), SRELM can complete the training procedurxneirsm‘elv without retraining when there are sequential training sam-
arget

ples. Thus. SRELM is suitable for on-line feature par ef'prediction. In the SRELM-based prediction method, feature pa-

rameters of the hydraulic pump are used to train an SRELM model. The latest feature parameter is adopted iteratively to up-
L
date the prediction model and then the train{\(i\ééﬁction model is used to predict future feature parameters. Experiments on
é p
the hydraulic pump feature parameter p?d\(}ictldn indicate that the SRELM-based prediction method has better performance in
. . ". . . . L
prediction accuracy and computational cost in comparison with conventional neural-network-based prediction and support-

vector-machine-based prediction.
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