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Review of partial least squares linear models and their nonlinear dynamic
expansion models
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Abstract: Partial least square(PLS) is a data-driven regression modeling method that can process multiple dependent
variables against multiple independent variables. It has been widely used in quality-related complex industrial process
monitoring and has attracted many attentions in complex industrial process fault detection and diagnosis, for its
characteristic of extracting quality-related information. In this paper, the linear, nonlinear, dynamic PLS model and their
fault detection technology are introduced. Firstly, the standard PLS model is introduced, and based on which the
traditional PLS is classified in different ways and its advantages and disadvantages are pointed out. Based on the two
problems in standard PLS and two specific situations of industrial process data, the improvement of linear PLS models
are reviewed in the three aspect of data preprocessing, multi-space and sub-chunking, respectively. Secondly, the
non-linear PLS model expansion methods are divided into two types, and the current research status of the non-linear
PLS model of kernel function is mainly introduced. Thirdly, two ideas of expanding dynamic models are introduced, and
according to the two ideas, the PLS dynamic models are classified. The origin of dynamic characteristics are clarified,
and according to the origin, the principle of the two dynamic expansion methods is revealed in essence. Based on the
classification the development of dynamic PLS models are reviewed. Finally, open challenges and future directions are
presented.
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A3, 0 X e b, Bl X, = TR PT + X, K
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®
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K, Yin BT ST OO T A MR (M-PLS) 15 5,
XF X R T IEAE 43 fi#, 3 BRI SVD 43 ik 4 1K
TR R, BT S T TE Tl 2. B ok
Yl T IR Y (R RN R
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1 1 1 XTx
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MR Y 2 R5 XK EE Y RS AR 5% 1 5
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s X IEAS MR 58 A S TN Y 1145 18] X AN
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() SVD 73 fif R 45 4 G 1 2 AR IEAUS 2, K
KD T vHE & 2k, 15 2 ool 08 st 3 1 Y
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E-PLS A5 |87 F F- W i 0, X i #5172
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1.4 %

TE Ak 31 T o A2 H540 I 22 55 48 3 5 e A ity 11
T 1) o FREE A A H AR 2) i R A A
K. FEIX P FE OL R, R A DL B R A
& RN bR P S AR A R bR v PLS oSGk I R 1,
B v PLS 2 41 Ak H 59, A B I 08 K 05 ik R {EL G 7
7 B AR DR A, T ELASE 8 B R M L SRR T, Bk
A2 Tl AR MR 75 3R ik, AR 4 B 1
R o e B i B S i R AR B AT a0 B, 15 2
TS5 R T H N 58 R AT H R ) o6 R LA
FEREAY. Horb WoldP®) Rl Wold 251401 $1 1 T 4245 B 4y
) 22 B 7772 (MB-PLS); Helland 25141 $2 1 1 4%
FEAHEAL IR 53 B S T H A5 A 1) 38t HE v A /N — 3
(RPLS). MB-PLS 21 %f A [F] B DL S B A4 4 57 1 42
R B i B2 T R4 RPLLS REMS AN 88 4 6 e
RN, TR F B 000 R i A 2 2 5 o AR A i e A Y
TEHTRE ). T A 33K P b 4 B B 1) S R
AT IR A
14.1 ZHYRE/N 3 (MB-PLS) &R

Wold #& Hi (1) MB-PLS $1% Jo i S BT 7 4 31,
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3% (MB-PLS) #58. # 5 1 238 AR H X 7 BAS
THLEI X ()b = 1,2,---, B), 5 3347 PLS 14X,
BEITHRED )b = 1,2,---, B), FHIG 5 ¢(b) 7]
HE NG EHME TR 5T T. X T Y IPLS 14X,
BEEHER D Ets M qSSH; G H () Fts
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A
X(0) =) _tb),p(b)+ E(b) =

i=1
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A
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1=1

ForrT(b) B AT 73 55 B, P(b) J9 % BB A7 3098
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tsa] N ZAT 3 FE M. BERLE I ¢(b) BE B X (b), fif
t(b) ZIHIERE, ts Z [AIAHK.

FHAE 2, TR G A R T 6 0 48 22, At AT T 42 HH R i
WAt HHT X (b) L, F g 0 R AL

A
X(0) =Y tsipsT(b) + BO) =

TsPd(b) + E(b), (15)

A

Y =) tsiq + F=TsQ" +F.

=1
Hod: Ts NH GRS 77 F B, Ps(b) A p) 915
73 SRR I BT R T s BEBT X(b), M g 2 (A IE
A2, t(b) Z A AH 5%, A 5 WM PLS 45 25 1) i B e
JIBL BT te 2 t(b) LA E, TH X (b) Hts B
W o T 5 Y E B LR, 18 At (b) ME LR RE I
Dayal 219 5 HH, bR PLS 535 R AT 3T Y 1 AS 53
X . Westerhuis 251 5] \1Z AR B4, 7 {5 5 B R

MBPLS 5 8 B A 54 (198 22 2 R R e T, e
A R AR W R 2 W 0 B M. O T s MBPLS 1
W5 #% B8 71, MacGregor 261461 $ 4 7 1 He (1) W5 4% 6 5
DA B AR [ 1 428 46 A Qin S5 170 4 1 Mg A 0 )
APt &, AR T2 Qs, 74 BRI T2 R Qs 2
Ji, Choi Z51481 %o} i e 5 15t 4 — 25 4 A RS 3L, I 7
F TG 7K 438 (WWTP) i 72 1 il . MBPLS #5824
F T i Aar I, 2 vt A 2R FOx R4z | PR 2 4mT 2
D3R [46-48].
14.3 SpHubEm R/ — 5 (RPLS) A

MFEARBERIRIR 2, 75 BT IR AR B I S
SEHT LI I 38 5 SR F 43 Headh 4w # /) — e (BRPLS)
3% BRPLS H Qin™! 7F RPLS 5k &L fith b oieadk ifg
K, AR FH P SR S0 o AR R S R
(RS ARY, 3hE f B 52 4 FH 7 SR8, DRIk i SRV 0 2
P I AR b R A 25 5 o P A5 2R B 57 I R
[ s QincKF [ 38 S 18 30 & 1R [ 38 B3 s TR P ROR
5] N BRPLS $.9%; J& K, Chang £ i@ it 45 i & H &
ISR E 15 R DR, B T 2 i BRPLS, B2 T 44
RHEL 27 FLAEFE I AR, F I HH 0 o 1) A5 R T 28 T BT R
71. 75 4b, Qin i& 7E SCHR [49] i@ it ARX FT FIR #5574
¥ RPLS BiEY J B AR 2 M s AR AN B 28 S AR .

p R | S h T i

PESBR Tl i P eh, R A e i A A 2 1A D
B ARAR B 5 AR B2 1) AR A AR AR O 2R, 2
PLS 17 7 S ot A 42 80 o A T 0 A 8
28R 9 7 A BRI A L e R, AT T V2
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LM PLS 7 e B8 M4 H AU A 70 BUR, AE St 9
JETTERT UL N BA R 1) BadE PLS Y SRR,
3 BHF LA PLS 52 s 2) K Kl 1] (R AR Aok R A
1, F i 2 PLS ZEH.

2.1 RSMERIIRIAFL I PLS HREY

FH Wold 5081 2 H (1) JE 28 M 124X 572 (NTPALS)
J7 1 il ek N A A 1 SR L 2 —, NIPALS 1 A
ERUVE ISR N BN R ah = Pl I IV E |5 i
KR, JG K, FrankP52 $2 W 7 H A & il
A5 1 i N RS TR 5% 4 A 1 A £k 1 PLS [B] )3 A5
HLH TR & 28 (NN) BA B I JE 2t 405 B
77, Qin Z£153 @ 1 NN #4) & PLS (1) Py & 15 2, 15 3
T2 W 4% i B /N 3 (Neural network partial
least squares, NNPLS) 2 %!, [fij Malthouse 54 8 1
B A 0 0 I 28 A T AR 2 B0 0 R 2 i e /s — 3fe
(Nonlinear partial least squares, NLPLS) 15 7, i isf 52
B9 W0 H B A G 45 52 [m) VA 077 v S 0 16 T 12 . AR
M, DA ek P A SRS AR A 1t B 1 2 % e v T 2k
PEPLS, ¥ & 20 A £ 14 PLS Y b xR
2.2 iR 5 (K-PLS)#RE!

B AR Y 5T g B O v R HE EE K ) R
Rosipal #5551 Jt T 4% b8 £ £ 18 15657 Fl Cover & P8,
PEH T AR LR A% A B /N — 9 (K-PLS), I8 i 1% pR 20K
J5R 03 7% e I 44 2 ) B S 21 P AR A A 2K A R 2 ()
(RKHS), BJV i 4EHRFAE 7 18], 48 2 11 048 £ e 4EHFAE
AR R 2RO R, AR5 7E RKHS A 15 20 ) A% oR £
K @S 4 PLS BEAY i A8 B AT 45 [|] T- 2 1% PLS
RS2 B, DR b, 2 T i ek B0 FE 4 PLS o R 4R
P Tl et A M 4 A9 1) = 3 5 V. bR o PLS W] a8 I
28 WIS pR K B B R G T AR R

B(X)=D(X)+ P, (X) =
PT + &, (X), (16)
Y=Y+Y,=TQ" +Y,.
Horh & I 75 K15, 7T thi% ok £ K 84 D 7E RKHS H 1)
MRS, BN K = &(X)®T(X) KR AR ik
WMATFREMNSE, T .U.QLLLK R. K-PLS M 114
THE T F1 SPE e Hoxt B )47 il R 2 £ 2 L 3Ciik (591
2.3 #iRHRNZFRKPLS EERY RATE

KPLS H kgt )G, 2 3 7 — KRt & M &
AL 7E 24 7 BE 7 1, Kim 251901 4% 1E 22 15 5 (0SC)
51 NKPLS, 793 OSC-KPLS 5. OSC-KPLS A A #%
G AR B & % B A v % 22 DA S 1) R 3% 8 il
W HE 7. 1L 2K, Gao FE 01 44 i L4 £ [7] U (Stochastic

gradient boosting, SGB) LA K 1% 41115 5 73 M1 (Kernel
net analyte preprocessing, KNAP) 5| A\ KPLS, 15 2| |
S0t A% D B /) —3F (MKPLS) B %. MKPLS 17 fi
5 AL 2 B BTG 55 B, I HLiE G ik 304 ) 8, b
KPLS FHUill A FE 5 .

1E % 73 [A] J7 [, Peng 55192 4% KPLS 5754 & £
G S ), 38 Y T 4 #% PLS(T-KPLS) J7 7%, 3 M H
T A BGE LA 7 AR (HSPM) Jit 5 AH 5% 1Y i
B, Z )5, Peng 5031 £ X T-KPLS B 84 [y JE 26 14
0L, 45 T3 R B AL R vk B vk O T A
SR AR = 7 7R T 2 1A R R T 23 1) N i A 3 H A
(1) 7, Mori 88164 4t 1 JE 28 PRk b 3 1) 2 ) i
PLS(MKPLS) 77 2, H: FF & 8 i S I 4 A, B2 T3k
LRVEM TS B R R IR AE = I R 1) MR AS I . Sun £5L65)
e T IE R S5 R (C-KPLS) 3, B TR 4 H
SRR AR . AT AR TR R S AL i AR A
FABALI [, Zhang S5 66V §& H T 58 1] AR A% AR e /s —
¢ (DKPLS) #% 7. DKPLS 7 41 \ 5 i H A% 5 2 [A]
ST HEEBN KR, I T T I SRS B
FEEL A B P (EFMF) i F2 M5 4. 4 7 Jins5i& C-KPLS (1)
Wi 8 77, Sheng Z5107 & H1 T & T C-KPLS 254
P07V, o T RO AT ) R MR R A, IR N T
TE Tl 8, B 7 R eFHIRCR.

TE5r L 77 1], Zhang 25198 $2 H4 T L T~ 2 A B )
KPLS(MBKPLS) 75 ¥, F4 3 87 FH T R FUAE A 7= i
2 (1943 Bl i B 12 . MBKPLS fE 9% 4 250H i 72
IR AR R RIS T2 WRE

N T &R KPLS 55 8 [ 3 F ¥ [, Zhang 55191 44
KPLS 5 ICA 45 & 2 >k, ¥ KPLS 51 A HE i 0 45 35
Wang %5704 2 RFE#% 5] N KPLS 15 3 2 R FE A% fhi
/N .9 (Multi-scale KPLS) A5 78, 1R 4 3th fift vk 7 46
RIS YRS, 2 5, Lin &7 S8 & O
5| X\ Multi-scale KPLS A&7, £ & 1 45 50 f1) 5 3E M B
73, 100 Shi 2721 4% KPLS 5 FDA &5 &2 ] 75 51 KPLS-
FDA B8 Z AR R F 1E 5 T30 N n 00 77 & 5 &, 7
S LT AT AR 48 Fisher AU 28 #5005 d a2 Y.

3 ZhB BN IR
Plsgrp & 2 Tk R — A ah i 2, Tkt 2
Kol A AE BN 0% AR, 1R AL BEIZ L85 FE H i I, 2
P PLS S92 LUAHE A R AE L. 9 1A R0 g ok
ENASHERDL, NS T PIRF PLS B &3 ik 1) %X
38 T Ak 25 3, BN ORI SR A R ) s
b, WL AR 78 R AR R I (] B 2 A ] AL 1L
7 B A A, AR A EU A A4k PLS SvE
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xR ¥33%

15 2) FRNTLANAS A L SNSRI (1) 7 9%, % PLS HVEEAT
AV .
3.1 EhESHRERIRRE

— R Tl B AT AR, RS TR 2
T FR)S ARH G, RO b A P2 i R R A7 P %
FERIE S T DA B A AR 2 A B e 5. 8 W3 A
AR R R I A LR JL RT3

1) JEBHE R A AL, A= i B 1 5
1) 58 SRV 4555

2) I FE AN AR E P, QAR R Rk o 1 22
HRE B, ¥ 10 7K il 38 B, A0 53 1 1R AR A, &
PR (1) 2535 4

3) WA b, N A )R 4

4) A B T G4 A

T DLE S AR e A R i AN R 1, Tl
T2 B A A 1), B AL B AR A2 L SR,

iy (k) Ak ZIE FE FHE LR, x(k), z(k—
1), 2k — n) NI FE & ZI AL &, 2
TSR ERIA: E SR B EE y(k) MU kB
ZI B NAL & (k) AHIE, 1E 5 7 S 21 () N A% &
xz(k—1), -, x(k —n) MK, E =I5 Py L2004
WA REy(k—1),---,y(k —n)HE, M HSEMER
S AR B[R] ) 3 S B H Sk 74,
32 BUBIEREY BV

B _E IR 7 A AT, sh A Ok R ] Py s s 5 4
AT HCHE 2 1] (R RE PR SR I HE Sk, TR Ik, ) S B A A Y
AT LUK A AR B 7 16 SRR, [ B3 st 458 5
A B R AR TR AR A RN B I R S R HY
[ SR HE 5 T s TR AH S, B Bh AR

AR B w1 TR E, & A AR 5 B R 7
P RCA P ) R E P SR NS I BN
H50H0 I o, B SR A PR 7 e B (Finite  im-pulse
response, FIR) 5 2 [ %5 B 4% 0171, 5 T #% 9 FIR %4
P B Ricker! ) % B X Fh 77 5, 5 T4 R v o v )82
FIR 2 & £ 50 181, 42 ) T FIR-PLS 3/ 4 15 L. FIR-
PLS ) F s 5 /)y — 3R A5 fi /> — et FIR B A 2 %L
FEFE C AT ZHO0ER, S 7 A HS I8 25 R,
I+5 SVD SR EAR L BoR AR I RUR. 2)
R R T DNDWS R TR E NN 1PN
5 0 B b, B R A A A2 AR & 8] ) (Autoregressive
exogenous, ARX) 5 Y [ 5 B 4% 7778 J5 1 FR A
ARX #4855 B, Qin 17V F % 07 i, il id ARX %
5 HE B K NNPLS 51 A Bh 2, 43 21 5)) 25 #2225 fi £
/N3¢ (D-NNPLS) B 7 JE R T EB RS, 2

FIRAE, B

J&i, Qin Z51801 3Kt A 28 14 4h A= 4% & H 1] 9 (Nonlinear
autoregressive exogenous, NARX) 1 7 D) &z 2k P4 F
PR o i 87 (Nonlinear finite im-pulse response, NFIR)
B 5] NNNPLS, # HA™ e AR g itk shas ik, £ T
LL_EHF 5T, Baffi %81 57 tH 7E FIR 50 ARX B3 25 4 o
FETFLRME . ORI 28 X 25 1 JE 26 14 3 45 PLS 5%,
FERFH T pH AR 8, 04 th SRR T 1 H.

IR SR F O SE R AR i B A A 1) U
FREY RMEE /NS, S Z M T Tl
T a2 403k, & T DPLS B4, Chen S8 82 2 1 T #iLiK
& e /) — 3 BDPLS 45 2, 3K 3 B ] £ DuPont
(8 TV F2. Lee S8 52 Y 7 2L T R4 70 i 1
DPLS i 12 Wi 7 ik, JF B 2 TE Tolkid #e . N 7
A T-KPLS #E i 40 3 5) 252 72, Liu 250550 48 A FIR
Hoa A B, S T B3 44 i i /s — 3 (DT-KPLS)
BRI FL N T AR MR 3h & R S8 ot & AH 5 1)
o MR A5, T Liu S0 kg gt 7 SRR N R A
Rl RT3 S i LR A R R, S T CPLS B8, 19 3] 1
B IR R P2 (DCPLS) B2 (H 2 A3 @
FFER 5l N S BUL 8T 2, 38 B HE DL g fr.
IHE, Lin 5586 30K DCPLS 47 i€ £ £ He DCPLS, it i 1%

SRR K T2 IR T A . Tong 55871 42

H 7T H B9 (Autoregressive, AR) £ [ OPLS 3
ATTIE, FF AL TR T DU Sy B ) R R M A 4R A,
NHFTE TVidFE. Jiao 25688 B+ H B H #8715
(Autoregressive moving average exogenous, ARMAX)
R A 0K M-PLS #1 e 20 25, 15 2] 1 DM-PLS
B FERH T TE Tkt 2.
3.3 ALVOMNBIREI ORI

T AR B () BN AL B 45 HH Bh A 5 2 1) B 1
oo, I R B KN 7 S0 $E 22 1)
BN N, BT P b 1a) B Kaspar S8 £ A 7e 5
N HERE I LT, F 2h 245 D8 2% ) 2 80 28 Hodl kAT
A B A4 A N R R B A8 3 4 2 B AR L DB S B
N5 i H 2 TR ST R S AR T AE P AR A
T I i AR G U H N T AR R i AR ()
(RN BB AR e 2 A 2 LH Ah i . A B 1 D-PLS
R4, FEF Kaspar 25 A ) #ff 7T, Lakshminarayanan %%(%°!
i 1 ARX B2 5 Hammerstein 15 8 508 i N it 78 A2
A I BNAS K RBATRIIR, S T 0 N B )
)7 ARX-PLS 575, Wang ZE°16 DPLS 1 3 2518 48
HIE A SRR R AT o 2K IR R SRS 2
TR UG RGN ARG AT, 425 1 DPLS (1) Pl #
FEFIZ AL RE
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ERFEPIRE S T AR R R NI ER,
(HIRAFAE A AT 5 A AR R ) AN 8 — AR il R
ST, LiSE2 3R TR 0 H AR e O R4 B 3h A 4
PR, S I S A TE AR BN A v AR A
B A AR, SR 5 T AR — 2 D-PLS
FEAL, 763 2 M8 4%, D-PLS 47 7F 5 PLS 4% 84 A /] 1)

E 7SRRI 2ok, Dong 2503 $ 1, Li S50 Mg 21
PR P8 7R 7 A i AR 11 o s, TR I, SR ) ARXC Y
X N H T AR B 2 (R Bl Ok R AT RR, 5 31—
A BRI RSB, R4 H T NAMERL G —113)
A B /) — e (Di-PLS) AR L.

5T, Dong 594 % RPLS 848 5] N\ T-PLS, #2
T & S T-PLS(RTPLS) £ . RTPLS H A 45 i
(RS HT RE ), Be 8 78 20 R FH 4 22 ) B AL s A2
e A2k #2. 25 b8 2]k 2 H0H 1 E = W 1% L, Zhang
ZESL D-PLS 5 ICA &5 &kt ok, 2 H T DPLS-ICA
B JRh T TR (0 RS DN v, K LR T TE
Tl 2, B T ARG 8ER.

4 WRRE

AL VAR AT WA AR N 5, TR XS
L1t PLS 5 8 J AR LR MBS T R B AL 3E AT 1 41
LR, RS EANEL M JELE MBI 245 J7 i 12 H
TR B MR DA R i AR WS B R BT AN 58 3,
AT ) TR B — DR AR 8

1) F 00 E ) . PLS B VB Tt i)
2, LT VR 2 BB AR O vk, (E 3L 2 e AN B
T AR A XCEGIE. 7 THT AN W7 R I A 4 Tolk ik
RIS, A8 XSk S T 5 4%, B, et E oA #0E
7 S PRI 5 N — A B R AT 1 i)

2) AL ME S B 1) . T A R B AR R
SR, FZ R B i 48 DL S R S B ) e 156 6 I &
2256 R B AT S0 SR Y, A VRSO RE T KR
IR TN W AT R S A= B NA VS S Prik = = AP
W — A B UL 7 ).

3) R AT W Iv) . K 22 K RE S T i A
) IR A 3 — R 1) T s R 5 1 — AN BE Ak
G, LA RS U0 ) L P JoE IR A R A
5 8 SRR B A 5 AR KN AR FR B, 3% 5
FESERR 1) SRR b, A i s A, S
255 SRR R A AL, 45— S8 R 258 T8
TR v BRI T B ) S Y L

4) M PLS BB K e 7 1), B T A& e 4
AR IR E . SR 2, B

0L G I . 3T ke D S I TR BE A 2T o R R 22 I 2%
(Convolutional neural networks, CNN) BE4% 75 2% fift 1
XA ], CNN 5 PLS f 45 5 7T iR AR et Sk K
JE I —N 177 1A).

5) A PLS BEAL A J& 75 ). K 2 B Zh 45 PLS 32
DAESCHE T Ak B A =, A5 FH 7 sk B 9 78 JE R e 68 A 2K
fifp R BN A T L, A 2 RORIG N 1 v AR B DA K fs 12
X . e i 5 B /D 3G 0 g sk s B O LR R
BN AL FE e Jy 0 — AN B A E B 57 W), AR &
Z TR B S B T B A R, T S A L T
A MER S L. Kaspar 58 R H 20 & 38 7 5%
FAAE S IERR, 2R 5 T S B R, XA T R
TR EH EW B R, B, 5 373 F# S 2
SIS AL ANAS . FRASEALE R S — MER/ TR
77 1. Bl LiZED2 3 T N AME Y 48— I Bl
EOZ LY R 2 — AN A ot 58 07 1\, 9F H
WS R A U A2 I 7 vk BRI AN 583, A5 7R IR
NI 58 FHAE SEBR bk 2 v g AT s e 57 .

6) PLS B 1 R FHAIE 7277 190 A 7 22 4558 L[]
S IR o3 I A2 sk A2 1 SR AR 2, 7 X
TR 1 A, B AT ] B LA AR e DL R B A R,
R, AT UK B B AR ZR v L BhaS R e gh & Sk il
Ja N T BEA AR P TR % . W Zhang 51914
PLS.K-PLS 5 ICA £5 &K, BRI LR PEATF L 1k
PLS S35 B FH 31 4 v 9 40K 1M Zhang 51°°1 44 D-PLS
HICA Z5& 1K, B At 3h 248 5% 8 F 1 3E & 0 4
B E Z A TR 2R S SRR 1Y PLS B
BERECHREEEV R AL A TE, AR T —
FHIKRE.

7) PLS Bk fl-G 0T 7807 18], A SCAE £5 08 VA5
R [FII 25 T SR DL sk 1, Hod RPLS B 0
{1045 1Y BT e A0 v IS AR BB B 77, 1T T-PLS 1] A
5 6 WA VB TR T 25 ). Dong S04V 06 R A AR 1) B
MRE G R, 153 3 1 3 MR SR S RTPLS &
L R, B A AR R B R R R — A
TR 18 B 75 7 ).

5 4 &

PLS TN B & AH G 2 e givh @A 1) 20792,
BN KRB AELN, B S KR BSE, iR
T I 2 ) AR, I M A R LR B A T K
J&&. PLS 15 B AMNAY J5) BR Tk 5 M 42 40, 7E 522 L 41
THEE BV IR, e, A%E. MR
A SRR R R AR T2 S, AT L PLS 5
B EA BRI FL A,
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