541 55 3 1 R N A R N S A Vol. 41 No. 3
2024 43 H Control Theory & Applications Mar. 2024

A SHE T 2B B 1 AL AL P 45

TN O ERL R WIS, EETE
(1. VBRI AR RS EEERE, 3T JLFH 110000; 2. 5 YAILFE A S HlH AR E 5 & st =, b5t 100160,
3. YR HEE R AR ST A A S22, JEET 100160; 4. PLFI TREERE EEIML2ERE, 3T TR 110000)

THEE: L2 E M BE AU 2 I 25 (OR-RVFLN) B A B 47 g I M B BOICSIOa B« e i S i PR e LA RN
A7 25 7). {H /&, OR-RVFLN 592 T 5 F2 rp £ 7 AR 0 B (40 AN 38 52 1) 8, 3 75 Wi 25 i o 0 O A0 R AR A1, et i
AN )R, A SCER T B AR R T AR LR R IE AL BENL KA 4% (SVD-OR-RRVFLN). i% 5.5 7E OR-RVFLN 514 () L it
b, W IE AR T 5]\ BBUE B4 TF R, I B B 2 5 A0 PR AT A A 40 A R B SR P A% B4l 1T (KDE) ¥, %
HEA-SVD-OR-RRVFLN W %5 B RUE A6 BE3EAT B8 37, oM 7 B3 S92 i D ZEVE RS SIPE. &)=, 4 BT i 77 V22 8
FBenchmark %5 3% 52 A1 BE 0 B (O 6 A5 TN FpY, S236: 285 SRAIE S T 1% SRR AN AT LU 25 35 v A 2 1 T30 5 R A 4
Hetkag, o B E R g

KRR BENLBUMZ W45 BNk, 5 A BB R, B RS

SIA#&: T3, X, AR, 25 27 T8 0 i F 70 28 S Hk 1E Ak BE ML X 45 32 1 B8 5 R R, 2024, 41(3): 407 —
415

DOI: 10.7641/CTA.2023.20857

Online robust regularized random networks under
singular value decomposition

YU Yang'f, DENG Rui!, YU Gang?3, PANG Xin-fu*

(1. Automation College, Shenyang Aerospace University, Shenyang Liaoning 110000, China;
2. State Key Laboratory of Mining and Metallurgical Process Automatic Control Technology, Beijing 100160, China;
3. Beijing Key Laboratory of Mining and Metallurgy Automatic Control Technology, Beijing 110160, China;
4. Automation College, Shenyang Institute of Engineering, Shenyang Liaoning 110000, China)

Abstract: Online robust random vector functional link network (OR-RVFLN) has better approximation, faster conver-
gence speed, higher robustness and smaller storage space. However, the OR-RVFLN algorithm can cause the ill-posed
problem of the matrix in the calculation process, which makes the low precision of the hidden layer output matrix. To
solve this problem, based on the singular value decomposition approach, this paper proposes the online robust regularized
random vector functional link network (SVD-OR-RRVFLN). Firstly, the SVD-OR-RRVFLN introduces the regularization
term into the OR-RVFLN algorithm, and the singular value decomposition approach is used for the hidden layer output
matrix. Further, the kernel density estimation (KDE) method is used to update the matrix weight. Secondly, the necessity
and convergence of the proposed algorithm are analyzed. Finally, the proposed method is applied to Benchmark data set
and the index prediction of grinding particle size. The experimental results show that the proposed algorithm can not only
effectively improve the prediction accuracy and robustness of the model, but also have faster training speed.
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A S5 SR F IR A JE VR 27 BR SC 43 % P 4 4t 1)
Benchmark 55 8 56 1F T2 B A8, Benchmark %
PR B IEIR 1 PR,

# 1 Benchmark#k 4% & & 140
Table 1 Benchmark datasets attributes%!

" AR W L, IGEdE R EE
0 S o~ e
il AR (44 M
SinC 2 1 300 200 100
Airfoil ¢ 503 703 800
Self-noise
Yacht 7 1 308 200 108
Concrete 9 1 1030 800 230

4.2 HERSEK

PR AN R, B rE R RYEE P, BRO.01,
0.1,05,1,2,3,4,5,6,7,8,9, 10, ik BUENL S5, fr
PEELVEATE Bs g AR R 1E A2 B A - 45 SR dn
FofR. Wi R2R I, HIEMALSE 5N 3, 5, 8
FN0.5HF, BRI 350 T3 AR AR ZE bR 22 85N

195 B g A 1E U AK 2 30OH T Bir g 59281 OR-RR
VELNA %43 3 H 50R-RVELNH VB3 47 H %,

'http://archive.ics.uci.edu/ml/machine-learning-databases/

HAERRIFTR, X TH— M EIREE, Frigfknr ik
PR/ INHIRB T AR AR 22 RIbR1E 22, OR-RRVFLNM3 YR 2 |
OR-RVFLNPOR K, sRib g AEsE T e Sk R
m SRR, IR, S 1 (8 T W82 Fr 4 B2 Tl
PERE RIS, AT LASinCEHEEE 9N LA B . M
EI10] LAE i, #H BT 55 40 P Ff 55 %, SVD-OR-RR-
VELN S [ A 58 s 31 S48 AR BEAH X iR 22
B (A IR R 22 KGR FTHN, 5 53 4Rl
ARG, ARSCRTER SRR R 22 DL A A iR 2
HR LB/ DR, SEEREGAE T TR B A BRI
TR RE.

£ 2 AR EMCASRAfE R
Table 2 Estimation results of different regularization

parameters

SinC S Sli-rlfl(c))iilse Yacht  Concrete

Iz RMSE RMSE RMSE RMSE
Dev. Dev. Dev Dev.

0.01 0.0088 0.4853 0.1593  11.5478
0.0008 0.0320 0.0220 1.6132

o1 0.0086 0.4834 0.1583  11.5443
0.0007 0.0320 0.0216 1.6128

0.5 0.0085 0.4928 0.1594  11.5425
0.0007 0.0319 0.0221 1.6126

| 0.0073 0.4943 0.1587  11.5454
0.0006 0.0323 0.0217 1.6129

) 0.0117 0.4898 0.1655  11.5487
0.0009 0.0339 0.0229 1.6133

3 0.0057 0.4885 0.1645  11.5504
0.0005 0.0332 0.0228 1.6135

4 0.0079 0.4876 0.1632  11.5513
0.0007 0.0327 0.0226 1.6136

5 0.0128 0.4823 0.1603  11.5535
0.0010 0.0318 0.0223 1.6139

6 0.0096 0.4854 0.1596  11.5547
0.0008 0.0320 0.0221 1.6142

7 0.0132 0.4886 0.1587  11.5501
0.0011 0.0334 0.0217 1.6134

g 0.0063 0.4903 0.1579  11.5503
0.0006 0.0341 0.0215 1.6135

9 0.0062 0.4924 0.1593  11.5475
0.0006 0.0348 0.0220 1.6132

10 0.0087 0.4883 0.1587  11.5489
0.0007 0.0329 0.0217 1.6133

ARSIV T, 7F Benchmark 442 |, FTiH
SVD-OR-RRVFLNHLVEAMY B A i 414, 75T
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Table 3 Comparison of three algorithms on Bench-

mark datasets

PAE S (A7 RMSE  Dev.
OR-RVFLNBY 0.0068  0.0007

SinC OR-RRVFLN™!  0.0059 0.0006
SVD-OR- RRVFLN 0.0057 0.0005
OR-RVFLN[3 0.5069 0.0364

Airfoil Self-noise ~ OR-RRVFLN™!  0.4902 0.0341
SVD-OR-RRVFLN 0.4823 0.0318
OR-RVFLN[BY 0.2036 0.0292

Yacht OR-RRVFLN™!  0.1826 0.0248
SVD-OR- RRVFLN 0.1579 0.0215
OR-RVFLNBY  11.8402 1.8215

Concrete OR-RRVFLN™  11.8128 1.6213

SVD-OR- RRVFLN

11.5425 1.6126

o)
E -o.
w2
-1.0
71.5 1 1 1 1 1 1 1 1
10 8 6 4 2 0 2 4 6
FEAREL
8 T T T T T T T T
IS 6kk N
w4 1
K21 {]
= o L[t
= 2 s b
,4 1 1 1 1 1 1 1 1
10 -8 6 4 2 0 2 4 6

A KL

10

— SVD-OR-RRVFLN# % —— OR-RVFLN# %

OR-RRVFLN#i %

Bl 1 3R EIEAESInC LRI TS5 SRANFE R 2

Fig. 1 Estimation results and relative error of three algo-

rithms on SinC

% 4 3AFH A ESIinC_EAG-F 3 FastiR £ bk

Table 4 Comparison of average relative error of three

algorithms on SinC

Bk YA IR ZE /% MARABR R /%
OR-RVFLNDBY 13.66 14.58
OR-RRVFLN#! 4.89 5.17
SVD-OR-RRVFLN 2.25 4.81

4.3 SVD-OR-RRVFLN# :7E BB i #2845 T

ey R

IR — BB AR T 2R AR B2 R, iz
PP R e AR A A BREHLIEAT O, PR

PUBRAWTRERE, A2t — WKL . [RIRE, [ AL
I SE B IK, LR SRR LT /e R AV A
Ty B J 49 2 R SRR B e et i0E N B WR e 7 2B Y
BEAT I 2%, JF HAL— %€ L AT IR /K BRI 2108
J& oy AL, DAE BE I 1755 HR B2 JEAR IR AN S 4%
D SR TR AR EE B 2k ST B, 110 A\ 23 Lt I L
ARHER BN IEH T2,

K
BRI
B
i
e
B GH

B 2 AR —BUE T SR i

Fig. 2 Process flow of primary grinding process of hematite

T AR AR AR B ok B g
KUK, LU0 AT 7 V5 TCTF 2 R RLRE AL
P A SR . AL G PR AR SR A PR AR 7 v S TR — B
S A1) T 5| RS R P 22 301, B UK s A 7 v
T B A 7V, WA RO AR R R A
Fe . A SR 70 2H IR0, ¥ BT 1Y) SVD-OR-
RRVFLNS N T B R ) A5 R 4
PUHSRIGUE BT S5 RE.

RS NIRRT F IE N LS B R 22 45 0. 18
F 5P BUERMSE M Dev. 18 ¢ /N F) 1E WAL S 5L K3
FEIFR VR R BB R AL T I O &5 R Sk — 2oy
Mr3FhEIEHIPERE, 43 TSN [ SR 45 SR DA A
SR ZE, FFEROM E4h oy . INEART LR H, B T
TEFEARZB0~40X B N, ATk stk - B i/ i
AR 2 A ARG 6, BE— B I0AIE T Tk B
/NP TTARIRZE, FRUEZE, U RCPIIAIXHRZE, Ui
T SVD-OR-RRVFLNZH VL 7E BEA i FE 2045 o 4k |-
BA RUFITeRS RS e
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Table 5 The error results of the different regularization

parameters

I RMSE  Dev. n RMSE  Dev.
0.01 0.2423 0.0612 || 5 0.2409 0.0592
0.1  0.2413 0.0605 6 02432 0.0621
0.5 02392 0.0587 7 02451 0.0634

1 0.2388  0.0572 8 0.2384 0.0571

2 0.2375  0.0541 9 02396 0.0582

3 0.2382  0.0556 || 10 0.2401 0.0593

4 0.2398 0.0572 || — — —
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Fig. 3 Estimation prediction results of three algorithms on
grinding particle size
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Table 6 Estimation error results of three algorithms on
the grinding particle size

Bk RMSE  Dev. “FHHNHREZE/%
OR-RVFLNDBY 0.2786  0.0748 1.32
OR-RRVFLN™  0.2542  0.0634 0.45
SVD-OR-RRVFLN  0.2375 0.0541 0.15
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