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Abstract— This paper presents a modified neural network structure and a learning algorithm for direct inverse control
of nonlinear and dynamic chemical processes. The major drawback of the typical direct inverse control, the difficulty of esti-
mating the Jacobian for the plant, has been solved by introducing one-step ahead prediction model and batch updating rules.
Using process prediction model offers the direct inverse control the ability to handle the processes with large time delays and
quality variables that are difficult to measure on-line. The learning algorithm of the proposed architecture can be viewed as a
receding horizon control. The proposed methods are illustrated by application case studies for optimal feedback control of
batch reactor startup operations. The case studies have shown the proposed methods are better in terms of control perfor-
mance and more robust to measurement noises, input disturbances, and model-plant mismatch than the previous ones.
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2-1. ZH 85X (Indirect Learning Architecture)[7]
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2-2. YHFSHSTX (Generalized Learning Architecture)[4, 7]
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Fig. 1. Indirect learning architecture.
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Fig. 2. Generalized learning architecture.
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Fig. 3. Specialized learning architecture.
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2-3. EX &5 (Specialized Learning Architecture)[7]
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2} o] wbHE FA o] AZExj ol &3] (measurement delay)
o] glod A3/} Eebsle Akl FAEH ) 233kgo] A
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Wik Awpel] 2 HEl A7)A =] Alojr1e) ke BE AA
A 2gle] e F3kg n|]A Hu2(9,14] FAMNE Fo7]
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Z[22] Fo] AA=AT. 22 o] S ARg-slEd AFS 53
A Ae)H g =F nPe] o) WE Y WS 24 F gain
layer& SrgAlA o sl o]2jt AL 3T A" -
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ZF M 5 floks o) gtk

3-2. & £l 2 iz =2 g3l Batch Updating

3e3AL o8 T 9] AR o) viwA I =3 F
AW AN 2AF $ e A7 =87 w Rl Alols
3717F A5 o] el A (8)& o) 83t EAEFTEE H¢3)
71% wf-$- oJgich. o2 EAlol Hs TR Fokol| Al 2ol
E 7MEe R sl FA o nd L BlE o o] & Ao} }E 4%
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A&z eigal o2} 322 9 (inferential model)= E 3% c}.
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Batch updating-2 8}¢ptlo]E] A A -8 U B-E wleddt Fo A7)
FAE AR A o2 Zhe] gepdlo|E ol ti]Y gradient 42 33
T8t AA75ERE AALsEA =), o] batch updatinge QA v}
= 2.3}of] th#f smoothing EFH[151E 71X Qo0 T}2 shuid
B} gradient & Mo}t AE3HA F& 7} 9J8] F5ElolE] 7} com-
pletedtehd, & 2E 713t 197 &3¢ ZPJohA gradient 3t
o] At} LA Hch16,17). Wty 7129 EAshgTx g
DA & AERdg 29l A7) 33 WSS 245
FE Aol SAHAeT2E A4 5 givk 223 g A
& A5F2IE =93l w2} batch updatingd ©]§-3le] Aoj7]e]
AA7FERE 7JA1Z 4= 917] vl batch updating®] smoothing &
FHE 0|83t ZWE Jacobiand AE FaleHlA A7) ofedks
FHa3a 5 glow A& gradient 3H-& T 5 917 W ol Ao
71E Al AHERel wet Ale717) Aaer 3A e e 24
A ks o] Aok =3 AAE WL kA YE=uuic} k
FE k+H71219] A EHI 5529 2folE Haskslw Al
719 AR EA = 3 Ak AAE Ao kA Alelgleale)
Z4-57] dEol receding horizon control© 2% A€ 47} i}
ol Hy= AAZ 2% o719 2gHE mddER|o]e] o1
ZH(prediction horizon)¥} F-U3F H&-L 3}o] o712 Heja} ol &7
7+3} R|e]7H(control horizonye- ZHA slgdch. AR Aloir]e) T
2% Fig. 4o Yepfigic).
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37| nonminimum phasey 74-$- FA 2] Judlg Aol7)2 A}
431 FAIZE AZvhe AL ofv ghellA] AF¥ v} 9le}. BAo)
A8 7%= Wiener-Hopf A]9] causal solutiong A-&5}d o]
FAE HAY 5 glov} o] WL vy TA ] ASolle AL
F QA v AAZE ZHE RE0g Agslgges 3 2
9] qrdg Ao 2 ALgske A4 QAjo] nonminimum phase
TAHNE I H4E 5 Yot SR ERHETRE oo B
AL Hasd 4 glemz Aojrle] BAP4R A (11)0] of
d A 16y AMHEE FA Y] 9ude Algslda Arle 24
£ A& 4 gl
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Fig. 4. Modified learning architecture.
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o 27133t AL Serell A A (16)8 B2 AME-slo A
1717} 74 J=de] ol A (16) Has}she 24 =Y
A o1 2 (optimal feedback control law)e- A}s}EE 5} nonmini-
mum phase 342} RIS Ao 2N Qe FAS A% +
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4. CASE STUDY

4-1. Gi|=|

714 Luus[2)h FAAle] A2 ohEd] 534 98]
o AAEY A A AAE whEE A 4e) BAC uhee
A« B9 7} uhgo)n] uhgr)e] £ A ouix] Al oheF 3
o 714 23 %= 247 Be| g9t Wb Exelr).

dx,
e (1-x)k, —x/k, an
dx,
- 300 [(1 - %)k, — x,k,] —u(x, — 290) (18)

27] 2A-L x'=[0 380]0] L EE AL

&

—1.1374 x 10*
=1, oA X 10 1
k, =1.7536 x 10° exp[ 1.9872x, J (19)
B o[ ~2.2748 x 10¢
k,=2.4885 x 10"exp [—_—_1.9872x2 (20)

olr} Aoi3lHL 0<u<0.36°2% o] gt EAl= A7hp7h
0<t<told FHIF J=x(F Foislehe AYFAAL A=
Zolch. & =EolME & THEH 02 7P sha =258, A7 7
7 2002 sl HAH 25 AT 2o B2 Aol A QL IDP
(Iterative Dynamic Programming)[1,2}2 ARg-3}e] F3}ic}. ojuf &
He P& F71E AR T3 =79} e 1.258 02 sigdr}). o
< reference #4, r()2. )3 F-31#H E(load disturbance)e 714 5}
o] reference #A}e] 2ol & Hastsh= 871 AoIP AL o}
Al FEHAch old fjgko & x,9 Z7|X]o] +1 WS ko) WES
A2 Fodvh. A 2dulolelr) 223 AL sAkely] Y5l

-reference AAS EFI Ui TAYEH AANE zgdolEa

75l 273 2o stguole] = Algsidtt.

A7)k & DA o A=A 1L 2k [u(t- 1) u(t) yt- 1)
y® rt+ D], [u® u(t+1) yOI 22 54 2432 918 moving win-
dow W [25}& AH83tgd on] 238 742} t410]4] 9] Aol &=
Holr}. Aei7]19] sl y(t-1)9} y()s HAYste] malge
e SEY 5 AEF 100 r(t+1)8e AH8-3}e] noncausality &
SEIT Tl Ale1717} feedforward 54 252 3)eict. gt
M= AFRe] 7o) sigmoid TS Zw olejqt Falg =
] wel 7R e 293 V2 FAE o= Agsane u
E U A4S A 5 vk Zo] st oz 2uE g
o, AR 2 B4 EA o1& H4d o A AAgs)2npe] 2z,
5 HXe 249359 Ji5e} 74 Zo] R 42 AR AL v
Sk o] olu] da] geiA glon o] w&e) Algs|zute 3
ATFEE T3k 2 A7) shie] & dpBolE o]2y gt} o)
< o2 AAANEZRE 347 o) =RNE AgReyor
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Fig. 6. Neural networks structure of plant model.
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7t ARz 313} 202 AMgsled dukdog w2
2] n-step 42 A5E Sl E A3 2 Q1Y dataz A} W)
o FA 3=t vl T4 dFgke] s

Y(Htﬂ) [y(t+m) = y@® - yt-mi+1],

B [[u(t+m') <ou(t) - ut-ml + ) @1

y(t+1)

vt FAAA A wlee] FARYEHGS ok AL FAAo g
E7}53122 (noncausal) £ =Eol| A& o}-g5} 28 ubi-g weks)
o o1& szt TR A & dEnde TAFE Al
ol#le] Fig.75} zFo] A9} Gud@|o)7]), 5 FAsw A
T A & AEnd, fo} A8l &3S oA Qe Ale
3l recursivedtA] n¥l kR AAEh causalityE ©]7)%] 3 n-
step 2| vl A EH TAYHG] TR A =)

u(t+ 1) =@t + 1) - yt —mD], [u®) - ut—ml’ + 1)) (22)
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’
——* Neural Neural

'] Networks Networks [—* )
-

Fig. 7. Multi-step ahead prediction with one-step ahead prediction mod-
el
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Fig. 8. Comparison of training data and identified result by NN plant
model.
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< middle point formulag- o] 83} JhhA ¢ S w L A Eghe
7 3 7slsdct. olell AR A7)} AARAIRE o FEY v}
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Alell conjugate gradient B}*§o]r} Levenberg-Marquardt B} S9] |
A3t ubg & AR o 24 5 9L Ao A= WA g4
dlelel 248 73 & @A & <52 452 Fig 8ol vehiigd
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4Hd5o] A Ue-S sk At 799k nate] A9 25|
A3t & Mgk 94k A or YT A e & el
I %J2+} SPE(Sum of squared Prediction Error)7} W4He] 7-$(SPE=
6.97e-3)t} 1080} 2 7.74e20]¢ch. 18w A3 2wto e 73k
AA7FA] Grd)e] 7Sl lSa7e) 2225 Fig. 99} 10
ol vebigleh. 34 Jrde] 79 A 22317} oF 0.15(Fig. 10)
2 Al]1H Wele] =771 03698 23 o wf$- 28 & 5 9lw
olF IR Aoj7] 2 AMgshs dulsleTE Alo)r)e] A%o] £X
B AR 5 AUk o] T Juds} A g oA I dlEn
& 7HA 3L Fig. 2,49} 7o) Zp7te) AJoy7) 5 A shT).

I Aol719] A5-& vl 1) $)sted FA | o] ¢l Alel
oA ¢ 7z 2| A5 Fig. 119 fehfgic}. Fig. 99} 100]4 o
74 wie} o] ubshr 29| Al S-S wl$- £x) oke ubd, A
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Fig. 9. Comparison of training data and identified result by NN in-

verse model.
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n : learning rate in error backpropagation
8 : backpropagated error

H : averaged backpropagated error
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m, n :m-th and n-th layer of neural networks
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f : final value
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