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Modeling Multiple Components Mechanical Signals by Means of

Virtual Sample Generation Technique

TANG Jian" %3 QIAO Jun-Feil’? CHAI Tian-You® LIU Zhuo® WU Zhi-Wei®

Abstract Mechanical vibration & acoustic signals with characteristics of multiple components, nonstationarity and
nonlinearity are always used to construct the data-driven soft sensor model of industrial processes. It is one of the main
approaches to measure the difficulty-to-measure process parameters inside those high energy consumption mechanical
devices. Duo to the complexity of the production mechanism of these mechanical signals, most of these soft sensor
models are difficult to be explained. Moreover, the characteristics of the industrial process’ continuous running and the
mechanical equipment’ operation modes lead to the difficulty of high economic cost and long period waiting to obtain
sufficient training samples. To solve these problems, a new multi-component mechanical signal modeling method based
on virtual sample generation (VSG) technology is proposed. Firstly, the mechanical signals are processed into a set of
sub-signals with different time scales by using adaptive multi-component signal decomposition technique; then these sub-
signals are transferred to high dimensional multi-scale spectral data. Secondly, an improved selective ensemble kernel
partial least squares (SENKPLS) algorithm that suits to model small sample high dimensional data is used to construct
a feasibility-based programming (FBP) model with the true training samples; then prior knowledge, FBP models and
information entropy are integrated to produce virtual training samples. Thirdly, mutual information (MI) method is used
to select the spectral features of the new mixing training samples based on the true and virtual ones. Finally, a soft sensor
model is built by using these reduced mixing spectral data. Near-infra spectra data and mechanical vibration and acoustic
singals of a laboratory-scale ball mill in grinding process validate the reasonability and effectiveness of the proposed VSG
techniques and multi-component mechanical signals-based modeling approach.
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Virtual training sampels with Nvsp =8
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Table 2 Statistical results of NIR model based on mixed samples

FUREEARMOE EREEANOR BB KLV ok M (Mean)  Fekf (Max)  FuME (Min) 3 (Var)
15 0 600 10 7.188 9.0742 5.6867 0.9779
15 14 65 12 6.9473 9.3558 5.9747 0.8814
15 28 50 15 7.7808 11.2846 6.2231 1.2904
15 42 0.8 13 8.9316 10.3599 7.7212 0.7781
15 56 10 14 7.7027 12.2875 6.0686 1.6912
15 70 60 13 8.3782 11.6499 7.2438 1.0895
15 84 60 10 7.0026 7.6549 6.5843 0.3273
15 98 65 12 7.3832 8.4788 6.8142 0.4051
15 112 75 9 6.0723 6.8627 5.8029 0.2375
15 126 19 12 8.1114 10.0179 6.5984 0.8225
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Fig.9 True spectra data of VIMF1 ~ 10 sub-signals from mill shell vibration signal

AIMF1 AIMF2 AIMF3 AIMF4 AIMF5

N 15 N 150 N 150 N 600 N 600

£10 £ 100 £ 100 ! £ 400 | & 400

Q Q 2 Q Q Q

E E \ E e E ‘

£ s £ 50 £ 50 E200f | Z200f |

a. bl a. a. a. a )

£ | by £ £ £ £

0 2000 4000 6000 0 2000 4000 6000 0 1000 2000 3000 0 500 1000 1500 0 500 1 000
Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz
AIMF6 AIMF7 AIMF8 AIMF9 AIMF10

N 400 N 600 N 600 N 800 N1000
£ 300 £ 400 £ 400 g 600 £
% 200 % § § 400 % 500
= 100 220 220 = 200/ | | =)
g g 5] 5] /. g
< 9 < 9 < 9 < £ < 0

0 200 400 600 0 100 200 300 0 50 100 150 0 50 100 150 0 50 100 150
Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz
K10 LR AIMFL ~ 10 F{55 1 B S8
Fig. 10 True spectra data of VIMF1 ~ 10 sub-signals from mill acoustic signal
#3 T A REAUREA I B G A S 1
Table 3  Distribution of the true training samples for generating virtual samples
FEAR 5 1 2 3 4 5 6 7 8 9 10 11 12 13

WEfAT (kg)  BH10 B10 B 10 k2 K2 K2 20 20 K20 k10 k10 K10 sk 10
s (kg) k5 k15 k20 K10 K16 K20 k75 k125 k20 K24 K28 K35 K45

5 15kg [IAEAL IO RELRE A S A DAIL2EHE, & AIMF1~10) 9% AGIE 11 FIE 12 FiR.

22 1 AT IRE NS P 2 HE IR AR B AT B S A fPE 1112 I TR R DA R

ASH3E: No.1 #1 No.2, No.2 il No.3, No.4 Fl  HUEEAS. [, B9~ 12 BRI TR R RS

No. 5, No. 5 i1 No. 6, No. 7 #iI No. 8, No.8 I No.9, ¥l BT 4e 52, Ik A M En IMF #

No. 10 1 No. 11, No. 11 fil No. 12, No. 12 i No. 13.  #E4EA,

M Nyseg = 2,3,---,10 B, XN EMFEARKEE 424 ZRE IMF BRAHERIFERIFER

ol 9,18, -, 8l. DA CVR M, RIS 3.3 5Bk 7 vkt i Ak
WIEE 3.2 PR TR, 2 Nvsa = T W e E ved, Goitas iz 4 firn.

EFXE VR 77 4 [0 3543 BE L BE A% (VIMF1 ~ 10,



1584 H B e Es i 44 %
Virtual VIMF1 Virtual VIMF2 Virtual VIMF3 Virtual VIMF4 Virtual VIMF5
N 400 600 N 600 N
T Z .00 z T T
& & i & 400 % 400 ' % 400
E g0 | E E x E
= = = 200 = 200 = 200
£ E100) | £ £ £
< o y i < 0 b < 0 < 0 < 0 A )
0 500010000 15 000 0 5000 10000 0 2 000 4 000 0 1 000 2 000 0 500 1 000
Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz
Virtual VIMF6 Virtual VIMF7 Virtual VIMF8 Virtual VIMF9 Virtual VIMF10
N 600 1500 N 3000 3 000
= = = =
0 400 01 000 02 000 02 000
s . 3 .
E E 2 E
Z 200 Z 500 Z 1000 21000
£ = £ =
< 0 < o= < . R .
0 200 400 0 100 200 0 50 100 150 0 50 100 0 20 40
Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz Frequency /Hz
BT EALRERIRS) VIMFL ~ 10 (4 B2 s 2o
Fig.11 Virtual spectra data of VIMF1 ~ 10 sub-signals from mill shell vibration signal
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Table 4  Statistical results of spectra feature selection for CVR,
FLAE AR RS A B PRBNFFAE R P FE AL FAERC B MI [#ifH
13 9 1344 190 1534 0.8
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13 81 3403 1879 5282 0.1
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Table 5  Statistical results of soft sensor models based on mix samples with different number
PO AN LR A RMSREP ¥J{i RMSREP #/MH RMSREP #i kM RMSREP J52

(Mean) (Min) (Max) (Var)

PLS 26 0 0.3445 0.1492 0.5803 0.0977
KPLS 26 0 0.1839 0.0704 0.4598 0.0947
ik [24] 26 0 0.1265 0.0381 0.4263 0.0677
SCHk [20] 26 0 0.3424 0.1967 0.4773 0.0778
ik [21] 26 0 0.2184 0.0968 0.4418 0.0858
AR 26 0 0.1708 0.0771 0.2829 0.0694
H¥E 26 9 0.1651 0.118 0.2591 0.0382
26 18 0.149 0.0966 0.2135 0.0288

26 27 0.1449 0.0916 0.2159 0.0337

26 36 0.1345 0.0994 0.1775 0.0172

26 45 0.1397 0.0909 0.2011 0.0286

26 54 0.1439 0.0981 0.1914 0.0266

26 63 0.1321 0.0987 0.1849 0.0208

26 72 0.1366 0.1069 0.1828 0.0203

26 81 0.129 0.0988 0.1749 0.0199
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