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Sparse Robust Modeling of Effluent Quality Indices in Wastewater Treatment Process

WEN Chao-Yao' ZHOU Ping'

Abstract In the process of wastewater treatment, effluent quality indices are the most important indicators to
measure the performance of wastewater treatment, which need to be monitored strictly. However, the existing
sensor technology is difficult to measure them in real time and accurately. Therefore, a novel sparse robust model-
ing method based on random vector functional-link networks (RVFLNs) and Schweppe-type generalized M-estima-
tion (GM-estimation) is proposed for on-line robust estimation of effluent quality indices. First of all, aiming at the
multicollinearity of conventional RVFLNs hidden layer matrix, which leads to the failure of the least squares estim-
ation, sparse partial least squares (SPLS) algorithm is used to replace the least squares estimation of output weights
of RVFLNs, and a SPLS-RVFLNs algorithm is proposed. This algorithm can not only solve the multicollinearity
problem of traditional RVFLNs effectively, but also select modeling variables to improve the interpretability and
prediction accuracy of the model. At the same time, considering that the SPLS-RVFLNs algorithm is affected by
outliers in both directions of hidden layer matrix and output layer matrix, Schweppe-type GM-estimation is further
used to improve the robustness, thus a GM-SPLS-RVFLNSs algorithm is proposed, which can improve the sparse ro-
bustness of the model significantly. Finally, the GM-SPLS-RVFLNs algorithm is used to predict effluent quality in-
dices of wastewater treatment process. The experimental results show that the proposed method not merely solves
the problems of multicollinearity and poor robustness of conventional RVFLNs, but has good prediction accuracy
and generalization performance as well.

Key words RVFLNSs, sparse robust modeling, sparse partial least squares, generalized M-estimation, wastewater
treatment, effluent quality indices
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Wastewater treatment process flow diagram
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R A B ST T AUE AR, (HEH F R
FEARSA SR AMEO. R, 8T 8EE M Ahvx)
o N A ) S KA AR R BB PR ) ) S ML Ak
FEVEARRITT R TS M Ak T RS T N A
FRAFAE B S 0 O, 18 el N N i AR AR TR
SR R ERASIN A L, PRI B R RO AR AR Y
AN RFZ.
N TR RN AR AN E, {2 M
T (9) 205 B R B

N
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2.3 GM-SPLS-RVFLNs i & @2EE %

2.3.1 SPLS-RVFLNs

RVFLNs (1% N BUE B2 2 B 7E— 2 30
BT RIE I JG, Holghad fEanT DU R
R H S5 ARERE Y 2 (] i) 2 1] I A 2.
SR, K& ERRE H AP 2 I, 143 LS

il T SRR 5 A BUE AR R . N T e 2 B IR
im) @, SCHER [25] 75w/ 3k (PLS) BIZEAL F, #2
7 — M B B/ 3B H (SPLS) MR 7,
T 3 X e 7R A P B N B R 3R AT R AR R R
I FH AR ()98 A8 kAT B3R . SPLS 7E PLS (1)
SRAEEFEF NN Lasso $i 4R T &k $E, 15
B [l KRB A e e, RO Ea
FE AR T W ENE R, AR HR SR 0 TNk
FE. ASCHI SPLS AU# LS Attt K, 15 205 6w
/N ZIRBEHLAHZ 2% (SPLS-RVFLNSs). SPLS-
RVFLNs AMY AT DA R e & JZ R H 1) 2 3L
PR ], 3 ] DAY S A A 1 m A M AN T SR P
T NIMEARHEE Z = {(@i, y)|®: €R", y; €
R™ i=1,2 ---, N}, BH L NREEN S, BOS
BN g(z) B RVFLNs Fa & 2 H ¢ RV<E Al
AR Y € RV S R
A
H=TP'+E=) tp +E
=1
A
Y=UQ"+F=> wq +F (11)
=1
KA, T =[ty, ta, -+, ta] ERV¥A U = [uy, uy, -,
wa] € RVXA Z3 G5 2 3 2 2 B R0 i ) 60 B 1 4 30
TR, AR TEANL P = [p1, p2, -+, pal €
R Q= [q1, g2, -+, qa] € R™A 32 8 & =
T B A H AR B S BB R, B e RVXD) F e RNXm
439 A B B 2 A MR B HE AR R PR E R, R AR
R R0 i R R R R A B R g (AR B ) A 7
R AL IEAZ 2R AT Lasso T 244, %18 ¢,
Ty [PIRH S f R 1A JER AR B, R

min —tfw; + A |lwill; + Azlleill;

{ti = h;w;, u; = y;c;

(12)
[willy = lleill, =1

I, Ar, Ao 20 R B 2 B N At HE R AR [
&2 w; Ml e; ) Lasso 11 2%, e T w,; Ml ¢; MG
FERE. A1, Ao MO B 5 BCE 17 & 1 B AREUE A %,
TEff e AN EE 2 )5, AT DB A E W & /N T IX
—HERERN 0. Fk, N T EAEBE R & w
c; IR IS 5K, FTCME Ay, Ao 2 AU E [
w; Mle; A2 IR RE. b, BUE A& w; Al
c; IS A58 C; = g/\l(hz‘T—1yi71w171), w; =
g2 (Yl 1hic1cior), N g (2) = sign(a) (|| — M) A
gra(x) = sign(z)(|z] — Ao) 2 HERE R EL

5, HEH B B 2 R PR RN i LB R R 2 ] 1)
SPLS [al 57 41 F
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Y = Hpsprs + F
Bsprs = W(PTW)~'BQ" (13)

X, Bsprs A SPLS-RVFLNSs [f# HAUE, F -
BZE, W=[wi, wa, -+, wa] € REXAZ A S
ARLEFFE, B=[by, by, -+, ba] € R>AZEER
R I s A R R i R R B AR R 2 TR (R I R R
FE, Kb, = (t]t)  tfu, i =1, -, A.

7 1. SPLS g% Wi N B4 S A gL
3P HCH T 22 A B R I AR B[R] IS AE I 2 —
TE IEAS MR — L2 B 2644 T PRAE S N\ i A
LA 2 AU T K, I R SR R (1) 7
A AT AR AR, BAKR SPLS kiR Atk (12)
Fror. BT SR E A v AR s AN A7 AE 22 81 L 2R P )
I ] B KA B b R B T A N i B SO P 2 S A4S
B, R AT DU S50 e 2 B L 28 n) 0 254 e A
[T 5
2.3.2  GM-SPLS-RVFLNs

SPLS-RVFLNs %t AUE B SPLS #E473K
i, 4% N O AR E B S, SPLS [T
RO 252 IR0, /i SPLS-RVFLNs #57 f) @ ik
PEAR 7= AR R, TH R R —Fh, S M AT AT
DA 208 v B 2R ) A ARG 5, JFC e ot ok i N\ B 4
P L (R B B AT PR 3 SRR A oA 4
IR AT MR EMNTHE. (B2, mEAEEL
B NF A S R L PR i R AR A ) D30 0 58 1) 40
BB O, AEAT S i N RE ARSI 1) PR B A &
229, Nk, Schweppe BT X M Adi 1155 B& 1 # N\ %
HAEA S EES IR B 2 MM ER R, RE
MR ZE R G B R AR B s A, e it
AT R AUAL B DR IH w8 oA A 3t 3 ) e Ak B
zi b N TN R S SPLS-RVFLNs AR 738 il
PIA R sz, R Schweppe 847 X M {1t (GM-
estimation) %} SPLS-RVFLNs #E 1T &4 P ek, #2
H—F A RVFLNs #5716 e # B (GM-
SPLS-RVFLNs).

45, FIFH SPLS % SPLS-RVFLNs % Hi AL
l Bsprs BEATRAR, 40 R Fios:

{Y = HpBsprs +r
Bsprs = W(P'W) ' BQ"
R, r ARZE.

Hk, AT Reg FRACES B 6t SPLS-RVFLNs

HF-2 31 A5 N WA = KNGS N 2o R

l[t; — med (T)|| c
median; ||t; — medp1(T)|’

(14)

V; = f (06745 X
(15)

KA, fARRAG TR R AL, ||| 2 R LAY,
c NIRESEL, medp, (T) 2R H B 256 BE 18 AR
B {ty, -, ) IPER L A LM EE MR
RIUFGTH R 2 ool BRREAS T2, EINEARR
PR THMEE X = {x), -, 2.}, x; €RP, FHR
T AR 2R ) e, B

u(X) = argmin}" |l2; — u (16)
7

i=1

{7 ERYE, Ly PR R I RUB 0 DA TEREAS SRR
PREE B R /N AL Ly SR AT BLE R 50%
FEARBCR B AL, JF Hl 2 R [R) e An o B A
AR,

Y TRV 2 REAE AR AR e A A N Bl 7 1) S7
WL, R Schweppe B 3 M flith, FHfith
FEA BB E A 2] T 5% 2%, I 2 7 AREA
(AR R, TR AT

_ 7i(8)
w; = f <[7><vi’ 0)
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Beortfr. BSM1 AR (1 45 ¥ A5 7K Ab 2 T 2 A2 A
T, BRI AT 0 R o L. BRAh, AR
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HH 9 (NAXR) #E7
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WiE AL S5 3K RVFLNs & 51 E S 8H
BINBUE w, « BBE 2 mE b SR s, ®
W, Fllb; — EE A BEMLIEEL, AT AR 75 226
w; Mb; FEEGE . Schmidt 5@ it sz e 7
w; Mlb; FEECX ] (-1, 112, WX S mN T
RVFLNs [ 78 A s br v 0 58 5 07 6
Ik, Fr#t GM-SPLS-RVFLNs HykthrE [-1, 1] X[
PN BE B 3% B AN ABUE w; AR 2 E ;. LAk, B
TET AL R A A R EE N S
B, ARSCRIH SE6 77 0 B & BT AU L RE AR
A B, BREENT AL M 10 F 200 HKik
5 AN, AR EAE A M 1] 20 KB,
ARNBNEA BT IR R, BT w,; Fb; B RE
WLV, 2t B AR IR S0 45 AN ME — | PRt R 432k
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Average RMSE of BOD
Average RMSE of COD
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The relationship between the RMSE and the number of latent variables and hidden layer nodes

Fig.2

®1 10 MEREN, #HRESREE

TR ECZ AR AR

Table 1 The relationship between the RMSE and the
number of hidden layer nodes when 10 latent variables
RMSE
R 21 s

BOD COD TSS

10 0.0372 0.2321 0.1733

15 0.0290 0.1781 0.1569

20 0.0290 0.1574 0.1350

25 0.0258 0.1496 0.1211

30 0.0247 0.1440 0.1150

35 0.0223 0.1345 0.1043

40 0.0225 0.1343 0.1032

50 0.0224 0.1337 0.1054

100 0.0221 0.1340 0.1022

200 0.0227 0.1325 0.1015

32 BEILRLERSHN

R T RENE AT MG UE BT PR SR B M 1 R, 7
BSM1 # A5 H0d 3 it 1 358 0 7 AN 1) F) B8 7 4 30
BB — 2850 A SR MR B SRR U i
ASEHE RN R ROR ;5 2R R A AR B
PREVERT I N B HEARE AR ) B B i B S
F 1.

T, B R A R A PR B A S KR E
ML, B AT S0t 4 HH R AR 25 A [ LL 43
R AU ) TIOAE FE. AEREBEECHE Hh BE AL B (TR
N 5% LKA 0%, 5%, 10%, ---, 50% KIFEA
B Yi outtiers FERTHRE IFE AR SUBEAT 40 B A AL 2L

Yi, outlier = Y; + sign x (rand(0, 1) X Ymaxmin) (22)

HHF, Ymaxmin R IEHARE T KRR K ES
BAMEZZ. O T A FEA SR T B R s A
P, o Bt ROREA R BOE LB 2:1 (Y IE 18] B
RN R R, AN IE I 2 sign = 1, 24

Average RMSE of TSS

LR ZE 5 AR B AR S 21 R R R

BB ORI A sign = —1.

FLUR, 58 B AR 2 TE PR e B A U KRB
ML, oA BT 3R S o i N i HH B A E (0
N TR] LU 3] 25 0wt B P TUINRG B2 . % HH AR AR D 2 A
Bt Tk S 5 — HEIR A BTk B R
A M SR A Hh B AL I [T BE A 10% H SR K
5%, 15%, 25%, 35% HINEA KL ;. outier, FEXTHEIE )
FEAR ST A0 N B R AL

Z;, Outlier = L5 + Sign X (rand(O, 1) X :Bmaxmin) (23)

KH, Zonaxmin RN R IR KA S RAMEZZE,
H Ho Beade AR A s 0 ELAFI D 2:1 O IE 1] B AR

N T AR TR GM-SPLS-RVFLNs J5 2%} /K
JRAR PR AR, B 5 AR RVFLNs, 2T M
i T B & R BE AL 2 X 4% (Robust RVFLNs)!™
HIR & H i Bt /N — T [F] )5 (Partial robust M-re-
gression, PRM) P 347 % HASUAEL SR (1) BE AL A #0222
k2% (PRM RVFLNs) #EATHUEL, WKl 3 ~ 7 Fios.
DU For 7 3 0158 FE AR R D9 288 8008 B - B80S pR B N
Sigmoid EREL, BRETT AL N 35 4, HIABUE w,
A E by MBUETSREIY N [-1, 1], sh4h, N T 5
UG SR B AU w,; AR B b; FIBENLIE, X4
— AR 4y AT 30 IR E R SEE, A 30 Ik
15 ELSEEG I RMSE X AN 5k i e v Re kA7 LU L.

ME 3 ~ 7 FTE B AT LUE B, 245 N R
A 351 0 B 05 B A A EE B B /N BF, RVFLNs Al
Robust RVFLNs 7K 5 FE ARl TH R AH 24, (H2
WA 7 # % PRM RVFLNs flfi# GM-SPLS-
RVFLNs J7 i BAG vHRS BE vy, JRRAE T IX A7
R A RE RS R AR MR 1) 22 B AL A (), 3 U
U (1) B = A e A e, 3 T g A 2R Y T %
ZH K. PRM RVFLNs BSRF|H PLS Ji/N 7 £ &
LA T4, (H 2 RS BE A Bt T,
R FT R 2R FE A Al e /> 3R e 1 R B AR A
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Fig.3  The box diagram of the estimation RMSE of effluent quality indices for input sample without outliers and output
sample with outliers of different rates
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Fig.4  The box diagram of the estimation RMSE of effluent quality indices for input sample with 5% outliers and
output sample with outliers of different rates
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Fig.5 The box diagram of the estimation RMSE of effluent quality indices for input sample with 15% outliers and
output sample with outliers of different rates
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Fig.6  The box diagram of the estimation RMSE of effluent quality indices for input sample with 25% outliers and
output sample with outliers of different rates
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The box diagram of the estimation RMSE of effluent quality indices for input sample with 35% outliers and

output sample with outliers of different rates
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Modeling results of effluent quality indices with different methods for input and output samples with 25% outliers
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Fig.9  The scatter plot of effluent quality indices with different methods for input and output samples with 25% outliers
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Table 2  The comparison of performance indexes of effluent quality indices with different methods for input and output
samples with 25% outliers
- RMSE MAPE R square
BOD COD TSS BOD COD TSS BOD COD TSS
RVFLNs 0.1689 1.2691 0.8442 0.0532 0.0215 0.0581 0.7550 0.7068 0.7817
Robust RVFLNs 0.0931 0.6572 0.4539 0.0242 0.0100 0.0242 0.9303 0.9285 0.9413
PRM RVFLNs 0.0893 0.5389 0.4015 0.0216 0.0078 0.0200 0.9330 0.9501 0.9522
GM-SPLS-RVFLNs 0.0301 0.1765 0.1259 0.0056 0.0016 0.0045 0.9959 0.9976 0.9974
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6 weights

Number of output weights
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umber of output weights
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The curve of the number of output weights with ‘0’ value with different methods for input and output samples

with outliers of different rates
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R M R, AL PSR AR RVFLNs AR 2 AR
HE 5 ) Robust RVEFLNs A5 78 A5 25 58 % () 2 45t
TR ZE. Bl N AR A B R A B, GM-
SPLS-RVFLNs # 8 F]H Schweppe 247 3L M 1
TFRSHRE TN AR Z M FICR, B
HEAT&H AL, 5 RVFLNs. Robust RVFLNs Al
PRM RVFLNs 77 A0 A BAR R TR 2. 25 L,
Fi#¢ GM-SPLS-RVFLNs # %45 f] SPLS il Schw-
eppe M) U M Al TFAMUE R v 7 2 HE L2 AN
R ZE I8, (RIS HR T AR T R A
R T, B H A AL 5 J ol x4 i) 85t
Rt TSHEHE.

References

1 Qiao Jun-Fei, Han Gai-Tang, Zhou Hong-Biao. Knowledge-
based intelligent optimal control for wastewater biochemical
treatment process. Acta Automatica Sinica, 2017, 43(6):
1038—-1046
(FRRY, BB, FLLbR. T AR KA AL B R R Re Ak
Jiik. BB AR, 2017, 43(6): 1038-1046)

2 Li San-Yi, Qiao Jun-Fei, Li Wen-Jing, Gu Ke. Advanced de-

cision and optimization control for wastewater treatment plants.
Acta Automatica Sinica, 2018, 44(12): 2198-2209

(BE=—, PR K, 230, R, ISk LB g R A3l
ik, 2018, 44(12): 2198-2209)

Zhang Shuai, Zhou Ping. Recursive bilinear subspace modeling
and model-free adaptive control of wastewater treatment. Acta
Automatica Sinica, DOI: 10.16383/j.aas.c190514

(keI JEISF. 35 7K Ak 3 S R X 4 4 T A R T A Y
AR EBEER, DOT: 10.16383/.aas.c190514)

Chai Tian-You. Operational optimization and feedback control
for complex industrial processes. Acta Automatica Sinica, 2013,
39(11): 1744-1757
(SR A B2 DI g5 i sz, 3o, 2013,
39(11): 1744-1757)

Chen Long, Liu Quan-Li, Wang Lin-Qing, Zhao Jun, Wang Wei.
Data-driven prediction on performance indicators in process in-
dustry: A survey. Acta Automatica Sinica, 2017, 43(6): 944-954
(B, xI4F), ERRFE, B3, 5. T HER R LA~ T i
TEARTM T 2538, B 32k, 2017, 43(6): 944-954)

Meng Xi, Qiao Jun-Fei, Han Hong-Gui. Soft measurement of
key effluent parameters in wastewater treatment process using
brain-like modular neural networks. Acta Automatica Sinica,
2019, 45(5): 906-919

(FFP, TR K, BRALEE. 3k T ZMi it (o ph 22 o0 48 1475 /K b B
KEE K SHIR IR, A, 2019, 45(5): 906-919)

Liu H B, Zhang H, Zhang Y C, Zhang F S, Huang M Z. Model-
ing of wastewater treatment processes using dynamic Bayesian

networks based on fuzzy PLS. IEEE Access, 2020, 8:
92129-92140

Liu H B, Yang C, Carlsson B, Qin S J, Yoo C. Dynamic nonlin-
ear partial least squares modeling using Gaussian process regres-
sion. Industrial & Engineering Chemistry Research, 2019,
58(36): 16676—16686

LiuZ J, Wan J Q, Ma Y W, Wang Y. Online prediction of ef-


http://dx.doi.org/10.16383/j.aas.c190514
http://dx.doi.org/10.16383/j.aas.c190514
https://doi.org/10.3724/SP.J.1004.2013.01744
http://dx.doi.org/10.16383/j.aas.c190514
http://dx.doi.org/10.16383/j.aas.c190514
https://doi.org/10.3724/SP.J.1004.2013.01744

6 I

Vet A5 ¥ K AL P A AR SR L e A

1481

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

fluent COD in the anaerobic wastewater treatment system based
on PCA-LSSVM algorithm. Environmental Science and Pollu-
tion Research, 2019, 26(13): 12828-12841

Liu H B, Xin C, Zhang H, Zhang F S, Huang M Z. Effluent
quality prediction of papermaking wastewater treatment pro-
cesses using stacking ensemble learning. IEEE Access, 2020, 8:
180844180854

Pisa I, Santin I, Morell A, Vicario J L, Vilanova R. LSTM-
Based wastewater treatment plants operation strategies for efflu-
ent quality improvement. IEEE Access, 2019, 7: 159773—-159786

Cheng T Y, Harrou F, Kadri F, Sun Y, Leiknes T. Forecasting
of wastewater treatment plant key features using deep learning-
based models: A case study. IEEE Access, 2020, 8:
184475-184485

Li Wen-Peng, Zhou Ping. Robust regularized RVFLNs model-
ing of molten iron quality in blast furnace ironmaking. Acta
Automatica Sinica, 2020, 46(4): 721-733

(ZHEMS, JAF. wp Bk iR IE NG BB s 2 P 2 . |
B4R, 2020, 46(4): 721-733)

Pao Y H, Takefuji Y. Functional-link net computing: Theory,
system architecture, and functionalities. Computer, 1992, 25(5):
76-79

Igelnik B, Pao Y H. Stochastic choice of basis functions in ad-
aptive function approximation and the functional-link net. IEEE
Transactions on Neural Networks, 1995, 6(6): 1320—1329

Pao Y H, Park G H, Sobajic D J. Learning and generalization
characteristics of random vector functional-link net. Neurocom-
puting, 1994, 6(2): 163-180

Scardapane S, Wang D H, Panella M, Uncini A. Distributed
learning for random vector functional-link networks. Informa-
tion Sciences, 2015, 301: 271-284

Zhang L, Suganthan P N. A comprehensive evaluation of ran-
dom vector functional link networks. Information Sciences, 2016,
367: 1094-1105

Yu P, Cao J, Jegatheesan V, Du X J. A real-time BOD estima-
tion method in wastewater treatment process based on an op-
timized extreme learning machine. Applied Sciences, 2019, 9(3):
523

Zhao L J, Chai T Y, Yuan D C. Selective ensemble extreme
learning machine modeling of effluent quality in wastewater
treatment plants. International Journal of Automation and
Computing, 2012, 9(6): 627633

Zhou P, Lv Y B, Wang H, Chai T Y. Data-driven robust
RVFLNs modeling of a blast furnace iron-making process using
Cauchy distribution weighted M-Estimation. IEEE Transac-
tions on Industrial Electronics, 2017, 64(9): 7141-7151

Zhao L J, Wang D H, Chai T Y. Estimation of effluent quality
using PLS-based extreme learning machines. Neural Computing
and Applications, 2013, 22(3—4): 509-519

Zhang Rui-Yao, Zhou Ping. Robust weighted fuzzy clustering for
sewage treatment process monitoring. Acta Automatica Sinica,
DOI: 10.16383/j.aas.c200392

(FkEi 2, AT BT R U 5 58 0 15 7K b B R B 7 .
B k233, DOL: 10.16383/j.a2a5.c200392)

Huber P J, Ronchetti E M. Robust Statistics (2nd Edition).

25

26

27

28

29

30

USA: Wiley, 2009

Cao K L, Rossouw D, Robert-Granié C, Besse P. A sparse PLS
for variable selection when integrating omics data. Statistical
Applications in Genetics and Molecular Biology, 2008, 7(1):
1-29

Krasker W S, Welsch R E. Efficient bounded-influence regres-
sion estimation. Journal of the American Statistical Association,
1982, 77(379): 595—604

Fritz H, Filzmoser P, Croux C. A comparison of algorithms for

the multivariate Ll-median. Computational Statistics, 2012,
27(3): 393-410

Hampel F R. The influence curve and its role in robust estima-
tion. Journal of the American Statistical Association, 1974,
69(346): 383-393

Schmidt W F, Kraaijveld M A, Duin R P W. Feedforward neur-
al networks with random weights. In: Proceedings of the 11th
TAPR International Conference on Pattern Recognition Vol.II
Conference B: Pattern Recognition Methodology and Systems.
The Hague, Netherlands: IEEE, 1992. 1-4

Serneels S, Croux C, Filzmoser P, Espen P J V. Partial robust
M-regression. Chemometrics and Intelligent Laboratory Systems,
2005, 79(1-2): 55-64

B8z ARILKFEWELHRLE. T
2018 4F3RAF R TR % 2 A A3
T BT T 1) 9 s IR s R
{¢. E-mail: mr_qilintong@163.com

(WEN Chao-Yao Master student
at Northeastern University. He re-
ceived his bachelor degree from

Wuhan University of Technology in 2018. His research

interest covers data-driven modeling and optimization.)

A ¥ R XK¥#HE. 55T
2003 £, 2006 4F, 2013 A LRILK
e R VAN 0 e ATl 1 A o= L A
F BT N TS FR s 4T e g%
i, HoHs K sh A G55 ASrE
=

E-mail: zhouping@mail.neu.edu.cn

(ZHOU Ping Professor at Northeastern University.
He received his bachelor, master and Ph.D. degrees
from Northeastern University in 2003, 2006 and 2013
respectively. His research interest covers operation

feedback control of industrial process, data-driven

modeling and control. Corresponding author of this pa-
per.)


https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1109/ACCESS.2020.3028683
https://doi.org/10.1109/ACCESS.2019.2950852
https://doi.org/10.1109/ACCESS.2020.3030820
https://doi.org/10.1109/2.144401
https://doi.org/10.1109/72.471375
https://doi.org/10.1109/72.471375
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.3390/app9030523
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1080/01621459.1982.10477855
https://doi.org/10.1007/s00180-011-0262-4
https://doi.org/10.1080/01621459.1974.10482962
https://doi.org/10.1016/j.chemolab.2005.04.007
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1109/ACCESS.2020.3028683
https://doi.org/10.1109/ACCESS.2019.2950852
https://doi.org/10.1109/ACCESS.2020.3030820
https://doi.org/10.1109/2.144401
https://doi.org/10.1109/72.471375
https://doi.org/10.1109/72.471375
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.3390/app9030523
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1080/01621459.1982.10477855
https://doi.org/10.1007/s00180-011-0262-4
https://doi.org/10.1080/01621459.1974.10482962
https://doi.org/10.1016/j.chemolab.2005.04.007
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1007/s11356-019-04671-8
https://doi.org/10.1109/ACCESS.2020.3028683
https://doi.org/10.1109/ACCESS.2019.2950852
https://doi.org/10.1109/ACCESS.2020.3030820
https://doi.org/10.1109/2.144401
https://doi.org/10.1109/72.471375
https://doi.org/10.1109/72.471375
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/0925-2312(94)90053-1
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.1016/j.ins.2015.01.007
https://doi.org/10.3390/app9030523
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1109/TIE.2017.2686369
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1007/s00521-012-0837-1
https://doi.org/10.1080/01621459.1982.10477855
https://doi.org/10.1007/s00180-011-0262-4
https://doi.org/10.1080/01621459.1974.10482962
https://doi.org/10.1016/j.chemolab.2005.04.007

	1 稀疏鲁棒建模策略
	2 稀疏鲁棒建模算法
	2.1 基本RVFLNs
	2.2 稳健估计
	2.3 GM-SPLS-RVFLNs稀疏鲁棒建模算法
	2.3.1 SPLS-RVFLNs
	2.3.2 GM-SPLS-RVFLNs

	2.4 算法实现步骤

	3 数据实验
	3.1 模型建立
	3.2 数据实验结果与分析

	4 结论

