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Adaptive Predictive Control of Oxygen Content in Flue Gas for

Municipal Solid Waste Incineration Process

SUN Jian"** MENG Xi*** QIAO Jun-Fei"**

Abstract Oxygen content in flue gas is an important process parameter for incineration efficiency in municipal sol-
id waste incineration (MSWI). Due to the complexity of municipal solid waste incineration process, it is difficult to
achieve effective control of oxygen content in flue gas in practical application. A data-driven adaptive predictive
control method for oxygen content in flue gas in MSWI process is proposed in this paper. Firstly, an adaptive fuzzy
C-means (FCM) algorithm is used to determine the number of hidden layer neurons and the initial clustering cen-
ter of radial basis function (RBF) neural network model, and the radial basis function neural network prediction
model based on FCM algorithm is established. During the control process, the prediction model parameters are ad-
justed adaptively by an online updating strategy. Then, the gradient descent method is exploited to solve the control
law, and the stability of the control system is analyzed based on the Lyapunov theory. Finally, the effectiveness
of the proposed control method is verified based on the actual data of the municipal solid waste incineration plant.
Key words Municipal solid waste incineration (MSWTI), oxygen content in flue gas, adaptive predictive control, ra-
dial basis function neural network, gradient descent
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BEATHOR AERE 12 5 L, JF IS /\}\ﬁ%iﬁﬁhﬁﬂ
BRI, RSO E H, = 1, W (31) AT &R A:

Au(t) = p(g" (1) E(t)) (38)
Xrf, B =r(t) —9(b)
= (1+202p2)" 2121 (39)
_og@t) | og(t+1)
IO = Fut) = | "au
T
y(t +2) dy(t + Hp)
du(t) " dult) (40)
32 TREMIH

i E AR A, A (31) THE M SR A
F7 51 06 250 /2 e 1 MPC (RIS 2. I E 2
B py A py — SRR B, AP B 52 2] oy K
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SCARAL TS, T H ne BIURSN S5 Fs e e oK.

EIR 1. % p ¥ XN FCM-RBF-MPC it ftid
23, Wk (39) Brow, WS H 2 T X,
e Rl 2 A e 1

O<p< (41)

Amax (9(t)g™ (t))

A, Aax 7 g (1) g™ (£) FIRKRFALAE.
MERR. DN T o AT AR E I, S AN B 2R R
PN

Ve(t) = E'(t)E(t) (42)
D)2 S 1 5 BR B Ve I 22 930 TR 0K
AVe(t) =Ve(t+1) = Ve(t) =
E'(t + VE(t+1) - EY(t)E(t) =
(E(t) + AE(t) (E(t) + AB(t)) -

E'(t)E(t) = AE"(t)(2E(t) + AE(t))
(43)
0, E(t) W 4508:
AE(®) = Z]j((f)) Au(t) = 258 Au(t)  (44)

3 (44) AN (43), AT45:
AVe(t) = < oyt )Au(t)> <2E(t) - WAU@ -

du(t) du(t)
— n(g®)g" (OE®) " E()
pg(t)g' () E) = —pE (t)g(t)g" () x
(21 — ug(t)g" () E(t) (45)

A, T R—A H, B 847 5 . O

5138 1. & UHFERE (kI — A)X =0, H A
& H, x H, Ry, X & Hy, < 1B ma .
A BJRFIEAE AT AR IR N k(a) = [k, ke, -+,
Hf by > ko> > kpp.

A (45) F513E 1, MR (41) BERLS
o, AT AVe(t) < 0. FRIE 2 HE i 5 fa e pE
w8, KB 778 FCM-RBF-MPC i

3.3 SWLE

A LURR SE T T B9 MSWI $ 4 R 5 i A
RUNWF R 5, (5 BB s 1T 5, 10, dar gk
T FCM-RBF W% F 00 <2 s s, {5/ A
N FCM 3%, i€ RBF W& [a & 2002 704
FeATUE A Oy FLUR, 8 I SRS 1 AT X AR A
SERBHTIE IR, FER AT S50 8 3E B 5 B SR AR

kHP]T’

LI S48 e, KRB TR, 7
LR A — I Z R e L . RS AR EHE N
TN ) SR 0 S R D R

1) EHEAERN S, 5 RBF &M% S
W2 S oy BB S 3501 S B0 T i i,
BHI IR H,, SRR T o, EHBERT p;
pa, TETIERIN B 2 21 28 FIARIY 250 1 3 v 5037 2
DE DY

2) EFERE LOL T 2 Bz RGRE RN/
g B B M RE AR R R NI GRS, I
BEAT A — A AL 3. {FH EE R FCM B e
RBF #4825 Ba 5 E & e MBI aE o0y, B4R
Yk FCM-RBF #1458 X 25 T A% 3.

3) MR A AEN e, g (2) if
HBHEM g (t+14),i=1,2, -, Hy,. RIECHH
RAEHE w(t), RALIRMH y(t), THE LR H
S04 H 2 A w22 err ().

4) FES ¢+ LB Z, B st ON /2
I FCM-RBF W48 Tl A5 2 ] 3% A€ 3R 43 70l
g, (t+ ), SRIG IR ZE err(t) (B IEZ TS

)HWJ 38 H, P9, ARG B R B AR 3

T L5 E%Wﬁﬁ@nﬁﬁ&%ﬁﬁm

A E’Jhﬁﬂﬁaf”ﬂ A, FEARNB XS B HdE 3
B, 53 RG0SR
6) AR RE T Bk i 3 (21) TN 24
H &R R, BT FCM-RBF FIAE R 24
7) R [EIPER 3), HARA LR

4 (nESESSH

ASCAT R R B T 3 2 B ) R G0k R
(1 3800 L SMEL A, SRAF M BRI/ 1 s. 1EHL 2660
HEAE (& 70%) 1ERIIZRFEA, 1140 HEHRE (5
30%) 1E MR AEA, @57 3T &N FCM-RBF
R 286 F1 B 4R PO B Y R AE S i AR R A B 2
B 3T B T SRS A 2 BB . VR A SO
TR R, R A AR P03 T ] R A e
RIS A A i ) 230 AT SE I S0 IE .

4.1 B3&ER FCM-RBF R ES S S 2700
MaE

H T MSW 1 B % A% B i B2 () AN 5 1k
SEBR MSWI i BT 2 2 2748, MSW Jii &
T AN AT B TR ) BRI, (HR I
TR M BB AT FLAR B . 25 R 5 R A
TP TR e (R R AE MSW 5 27 B A A7 AR
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Eitd 49 %

A, TR AS R 0. FHerp e 5 5 8 5 oy
NF IR PRBe S HE 1. R R 2 AR P HE
S 4 AIXTA], BEBOPHET T3 50 506 RAT — XL
Sy BT AT R, AR SO 45 R id FE AN &
B B FIg 2 5 B A R I A — b R TR AT
BERITTC. FEZAN TOLR, S (g ) BPREN
FEEKE, BRI HE— KRR E 2« BRI
HE 1 — RN o ~ BRI HE 2 — IR 23
FRIR AP HE— R B s A IR R 2 7R BT
WA /i AR B AR VE R 1.

F1 WA/l EAREHE
Table 1  Range of input and output variables

BEA BEFT A
T HE— R E (km?/h) Tp1 10.75 ~ 14.76
PRSI HE 1 — R (km?/h) Tpo 25.90 ~ 35.56
IR HE 2 — IR R (km®/h) Tp3 11.25 ~ 15.72

PRI HE— R (km?/h) Tps 2.27 ~ 5.06

YA (km?®/h) Zs 18.91 ~ 21.84

JHAEEE (%) Yo 4.6~176

Sy N A B R R SO E RS I 5L
RO, R S AT RO L UG B AT, PR
i ELRS 1B A B R B R TR,
s e S5 M B SRR B R AR S Ry 03 2
T EERI [0.11, 0.11] S5 A HE B &
B B3 2 B T BRI — YRR 0 RN 1
YRR 2 1 YRR o, AR 52 L0
RS R, A AR g, (B R

® 2 BRAERESHAEEERBURRM R R
Table 2 Pearson correlation coefficient between
manipulated variables and oxygen content in
flue gas

BAERREY BERRRS y
TR HE— ORI Tp1 —0.4303
PRBE)HE 1 — ORI = Tpo 0.3015
BRBERHE 2 — R = Tp3 —0.1034
PRI HE— P R = Tpa 0.0697
ZUR Zs 0.1413

TEGESLH A A R TR R B S U B N/
i n, = n, = 2, MM PN B 'S
z(t) = [yt — 1), y(t —2), wa(t — 1), ua(t —2),
ug(t — 1), ua(t — 2), us(t — 1), uz(t — 2)]

(46)

T e, WE B IERN FCM FiE AR
F88m N 5, e RIEARIREL Lo 9 100, BRIE €4 0.
00001, 245 2R EREH b N 26. K izm LR

KEHAE N RBF MRS ZMa /N4, RRd
OAE N TCIRIGG Tty . FIEEAUE S P8 B RE ML 1R
B, ¥ 2% g =0.05, WA HIEL TR %ZE (Mean
square error, MSE) &~ 0.01, & KIIZEHH
200 2, KHABEE T FFEEXZ M FAT IR, A
FCM-RBF #& M2 5 %2 2 &AL (Multi-layered
perceptron, MLP) #1245, RBF £ ¥ 4% [
SEEETN SR E 4 Fros.

7.0

[—ScBx{ - ~MLP - - -RBF -~ -FCM-RBF]

6.5\

ldO 20.0 30.0 40.0 5(.]0 660 760 860 9(.)010.001.100
SREERTZ /s
Bl 4 AR AR T 0 B S R T AR
Fig.4  Prediction effect of oxygen content in
flue gas with different modeling methods

HIE 4 AU i, RBF 24 FCM-RBF
o 28 [0 2% ) AR5 SR T YR A 12 38 P8 T MILP o
2N, ABAEPIE RS AL B, P Ah X 2 AT A7 L ]
TR 22 . A T — P E FCM-RBF #1428 /¥
25 I RS R A R, SR TR R =
(Root mean square error, RMSE). “F¥J 4%} H 7
tbiRZE (Mean absolute percentage error, MAPE)
I3 4555 1% % (Mean absolute error, MAE) 1'F
fETRIERE. 3% 3 B H T AR RS IZ AT 30 1K
AR FREIU 1% RE 4R AR~ SA1H.

Q
Imw—¢$2@mwwmf (47)
t=1
MAPEliizm@r—%uw )
Q ya(t)

3 AT VAR A A TN PR fe AR b
Table 3  Comparison of prediction evaluation indexes of
oxygen content in flue gas with different
modeling methods

R MAE MAPE RMSE
MLP 0.0467 0.0086 0.0585
RBF 0.0357 0.0065 0.0449
FCM-RBF 0.0307 0.0056 0.0417
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Q
MAE = % S [al®) — 5 (0) (49)
t=1

K, yat)~ v, () F1Q 23 7 o W WIAE ol (B A

13 3 W, FCM-RBF #1225 T A< & 4
=) MAE. MAPE 1 RMSE 43 %4 0.0307. 0.0056
F0.0417, 5 MLP £ 2% il RBF #4128 X 2% 41
tt, FCM-RBF #1425 1 7 P B $8 bx A B T 42
Th. X RN &N FCM 53k Re s 35 Bh i 2 Ak
(1) RBF #1280 2% [ 2 2 ph 42 Te AN B e Wl as ol
BAAIG B ATL ) 463 o0 5 SR B AN B 58 1, 3255 RBF
25 ) 285 (1) FIUIIA 55 . 12 A5 70 B % S A R il 4 | 2
Ht iz MSWI i FR MR S 2 48 B 30 A 45 1 PR A 7 T3
DAL,

4.2 HBI&MN FCM-RBF-MPC HIES & & 2154
e
N T BAEA K H & M FCM-RBF-MPC J77%
A B, ST T TR R RBF #4148 W) 4% 7 A
RS & S R I R IR BN H, N 5,
BRI 7, N1, SHEERERNFa, N 0.1, 2]
BT T py A1 py 9 1 F1 150, FbIHIN 12 21 %y
N 0.1, ZEEERNEFF]E NN 0.05, HKFEH
R 200 25, AT E W HAER Y TR Z N 0.01,
IR R RS A 1 s, T MSWI SEPRE FEA7AE AR
s T4, v 7 BELX FRE AL, 7E 100 s A1 300 s
ALy DR AR 0.2 F1 0.5 T30 o(e) I T
0, 0<t<100
v(t) =< 0.2, 100 <t <300 (50)
0.5, 300 < ¢ < 400

2 Rt e i P 5h A4 ME 1 R 28 M RN AN S
ol R A A S KNt = 3 e [ M o = B A i
il . v 7 WA SR B B & R FCM-
RBF-MPC ##il4 &ci, X b sest i i 7 R A RBF.
FCM-RBF Ml [ &% RBF #1428 /X 28 4E Jy Tl s 72
PR IR B MPC. A & A &2 & E I FCM-
RBF-MPC 14 &M FCM-RBF-MPC #% il 2% P 5%
MR ME 5 Fron, BAEREBAAR K 6 Biw,
SR IE R ZEAME A B B 7 B, B 5 Al
PLEH, 5 FCM-RBF-MPC J7ikitl, HiEMN
FCM-RBF-MPC J7 %6805 56 % iy 25 H A 1) 42
Hla i RGeS E U R R SR RS %
Bads. HIE 7 ATLAE Y TR ZE err(t) TEFE G UG
B B 150 (B4 B BRI IR as B B AR 1k
U B R, 150 BH X B B A (R 2R 1 3 B S T
SR G FRMETF R R R 2. QiR BIRLY 5 1E B

SEBT A 2 1B 25 A, T T 45 2R 5 S B B AT A7 AE A 22
I, SEAR TR AT A AR 3 B 1) 5 22 M
RAZIE TS 2R

Ak, R AR Z 7 (Integral of absolute
error, IAE)™! | #%f 1% 72 5t} [A] e AR 7> (Integral
time absolute error, ITAE)™ Flf R4axf 1R % (Max-
imal deviation from set-point, Dev™*) P4/ 4 il

BOR, BAR AT

6.5

6.0

S
~
g 6.20 iy
B 5.5 F6.15)%%

&I 6.10 K \‘\
L 605] 5 !
.05 =\ E i

I

5.0 | 6.00 L =z

SHEME - FCM-RBF-MPC
---------- H 1% . FCM-RBF-MPC

4.5 - - -
0 50 100 150 200 250 300 350 400
I 8] /s

5 FCM-RBF-MPC [ i& )
FCM-RBF-MPC # il 2
Fig.5 Control results of FCM-RBF-MPC and
adaptive FCM-RBF-MPC

12,00
T 1198 [ s
< 11.96} e \
~
=11.94 D e
0 50 100 150 200 250 300 350 400
A /s
= 2.0 -
5 e
B 258 Ty
= RO,
< \
2 25.6 | . . . | — ) 1
‘ 0 50 100 150 200 250 300 350 400
I IE] /s
—~ 192 —
"{:‘ \\"‘~-- nnnn
5 190 ]
= M
~ SRR ——
£ 188 L
0 50 100 150 200 250 300 350 400
INfIE] /s
[--=- FCM-RBF-MPC - [3& R FCM-RBF-MPC |

Kl 6 FCM-RBF-MPC Hl &R FCM-RBF-MPC
MERAE AR AR B L
Fig.6 Changes of manipulated variables of
FCM-RBF-MPC and adaptive
FCM-RBF-MPC
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K
1
ITAE = — ;t leoc(t)| (52)
Dev™ = max{|eoc|} (53)

b, K RFEALE, eoc RERMAEHAESEE
HRESH B BRE.

T A5 T ANE RBE 28 0 4 0000 4% i) 25
TR G A EEH PPN Tabrxs L . v LUE
Hi& M FCM-RBF-MPC K] IAE. ITAE Al Dev™
314 0.0031. 2.4152 F10.4226, 5 FCM-RBF-MPC
FVEAEE, 43 HIBEE T 27.90%- 19.50% F1 14.61%;
5H&EMN RBF-MPC FyAAHLE, 20 BB T 31.11%-
30.23% 1 2.51%. KW, fE45 € MHAEHE
B EEEN T, AR H I HIEN FCM-RBF-
MPC J5 752 A 5 b 1 5 & S A ) P ae 7,
R A% 0 JIH =2 S8 B S I v ) 4

K 4 I[F RBF #HE P28 TN §1 38 P Re fa b oxof b
Table 4
RBF neural network predictive controllers

Comparison of evaluation indexes of different

Pl a4 IAE ITAE Dev™
RBF-MPC 0.0056 4.3874 0.4991
FCM-RBF-MPC 0.0043 3.0002 0.4949
H &R RBF-MPC 0.0045 3.4617 0.4335
Hi& 3 FCM-RBF-MPC 0.0031 2.4152 0.4226
5 HRIE

T 6] MSWT S RENH 8 S R HEFR ) 75K, A
SCHR A RO B T . e, R
RBEHLRIAR RBF B R A 4 o MU T a6 P Ly
RIS E M, S 33 T Hd K 1) B IE N FCM-
RBF #2220 M0 <& S P A AR Lk, AE 21

o A o SR AR TR 2 B0 5 R SR, R T TR
BRI BN A BIE RN BeE, FIRREE N BEIETT
fE PRI ISR AR MPC #26HE, JF2 T2 R A
EVEESIE T 6 R gt et &a, 2T MSWI
JSEBRERE AR AR I S, R AL HIiE R FCM-
RBF W44 @ 18715 B A B I BAE E, ASCHIE
N FCM-RBF-MPC J5 A0 % T HAh RBF #145 ™
25 WU A A%, B AT ) v e BR R R, B0 UE
TZEETIAAEE T, VR RA RGN EE
NAETIEE ). G 82 3 — BRI A T VAT RE R
SR TR AR TR &8 Mg 70 28 1 3 B TR B ML il IR TR %
ERSIERTY
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