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Knowledge-based Intelligent Optimal Control for Wastewater

Biochemical Treatment Process
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Abstract In order to solve the problems of excessive energy consumption and serious water quality in wastewater treat-
ment process, a wastewater treatment process intelligent optimization control method based on knowledge is proposed.
Knowledge model of environment variable parameters and optimal solutions are built by memorizing the dynamic pro-
cessing information of the multi-objective intelligent optimization algorithm. The optimization algorithm is guided by
the non-dominated solution in the knowledge base, and combines the oriented local area search and the stochastic global
search strategy to improve the convergence of the algorithm and obtains a higher quality solution. Finally, experiment
verification is performed on the international common simulation platform BSM1. Results show that the proposed method

can reduce energy consumption under the premise of ensuring the quality of the effluent.
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Fig.1 Wastewater treatment system process layout
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Table 1  Parameters description
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K5y
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Qa b
Q- HMEL
Qu TR
Qe K

PSO WZ Hintl el oy ik, HAsdg5aanE 2 iy
N WWRGALE FHEE . 2 H AR B 2 Fi it
iz 2 M 4 (Feedforward neural network, FNN)
PR AR
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Fig.2 Multiple objective optimization control system
based on KBMOPSO
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1) Z HintiAuBide. @it o A sk ab il A2
FRAE, PA Qo, Snmiins Stotin, Doset Hl Snoset TEHN
AH AR B, ST RERES KO AL, BEAR T
KBMOPSO &3 EF{H &, #@id KBMOPSO &
AE 18 R AT DA 3138 B 24 i T 00 ) P ik S S AN 7S
RUREWREE.

2) HUEPE. HUEPE T D s R SRR, PA
Qo, Sxtin F Storin BN LI RH S HAEH, S
FAp g 5 iR AL K R IE AR A B A TR AR
JE e, JE s ) 2w L R v Dy s R SR AR
D0 ) SN IRV K (Vo) 11 25 R o Y 2 SO £
SR SRR AR AR RE, PAG ]S KBMOPSO (148

3) IKZESHl. RA FNN #1268,
b LB i D R 2y B 3t UE (S5 e N E R A N
BEEAH AR T 00 A A A A sk, S ] 8 2 5 AR S5
RGBeny i AR KA.
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3
s, =1— ) w;sim(x;,x;
k l:z:l [ (17 z,k) (2)
|zi—x; k|
max(z;,Ti k)

sim(x;, x; 5) =

Horp, sim(;, 2 ) Fn X Al Xy, Z BIAHLIPE, w,
FoRE A B RAEIFAFHE « NFRBEERIEM.
AR A e TR

4
i=1

I R A
Sk = Wy (4)

WIS K AP s TaLar A PEECHR L T 0. Hodr, wyy,
SEA AT T O AH R 2 1) I .
2.1.3 KBMOPSO FhEt#II51L

WERBEAGERX (4) WRBIEHZ R m, FiiE
KA N, W KBMOPSO FEERI46 16

BB 1. WM P;

FR 2. 5IHWEAENX (4) Byl AR
1ER m ASFPRER AR

FR’ 3. WbLRIR N —m iR

BIR 4. WILRZE R,

LUE STy
Jmax (si) < wen (5)
FWIBATRE A 2 F 9 7 s T, W KBMOPSO if
S

B 1. THERAE P;

PR 2. MR E N

PR 3. WILHLE R,
2.1.4 #HIRFEMHE

245K (5) W SRR, RIRSH PR AL PR
TOL, anE 3 Hs, K KBMOPSO FfbLIE & FhifE
WA G T AR 2 B e AR AE M BT Lol s ) 2,
B TOURM S H A R SRMMZ X R, TEHRA
PRt e T
2.2 ZERHILER

Z HARAL B 45 B bR sk g0 . £ Hir
AL Pareto fifFe . A SC T SEHE T BOM #2814
25 114 REAE AN 1 7K 7K 5T 1) 50tk X 2l ) AR AR A Sy
H sk, A5 A 2 H Ak AL S vE % H iR
REHEAT AL, S5 e A T ASOR) SR 8 eR B0 e B
P i, AT ARAG 1 0 22 B R oA i g (E. /2 FNN
AT, KK & IR AR S E AT S A E
TEAE M AR, BEFERIH KK Ay i =, R
BSM1 JE#EF- & B 4: 7= 46 500 LA, dr 4k &
B, 22 H bk F LI 5A A (Multi-objective
particle swarm optimization, MOPSO) H*, k7§
SR 25 R R G L 08 22 F1 R 05 5 1 1, S SR 50k
K45 Pareto HIRATRENLS HAr Y ~). ASH
SCHR [22], FIH ShASPHIE Bkt T — A
MOPSO &

£ MOPSO v, Rr 38 i AS Wy 1 B o7 ¥ 0 3k
JEE BT 8 SR A R B LR, AR SCRT R I
MOPSO Sk H A Xk

vi(t+ 1) = wu;(t) + erri(pb; — z;(t)) +

cara(gb; — x;:(t)) + c3r3(pb; — gb;)
(6)
zi(t+1) = xi(t) + vi(t + 1) (7)

Hor, ¢ HEEAREL, w HTHPERE, ¢, ¢ Mes Ny
BT i, re Mg S [0, 1] Z [R5 A1 A
PLEL, pbs A1 gbi RLT pi WA T S E 2SR5
. e (6) o, I AMAS | S E AR T
HZ R E P b 2 AL E R R S,
A BT R R B R L RE ).

1£ MOPSO 1, # I 4MaR# % (Archive, AC)
PRAT AR SIC AR, 38 o ) W7 1 % L g 4 47 A1 A 2.
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Pareto SZHC R RBE, 42)m 51535 R £ HIALRL
N2 WHRARBE IR E . S AN A S Al SR
FAE o 22 F AR LA R A th 45 SRR S SR R

AR SOR S S e BRSO TR BB SR R L
XFFa ¢ A HAReR B Fi, SRk & 46 AR SCC AR <,
AR T B S SR

1’ E(xk) S Fimin
,sz — F}ii::xfiF;;nm]l;), F;min < Fz (xk) < F‘imax (8)
Oa E(xk) Z Fimax
;H\:EP; Fmax,i ﬂ:‘n Fmin,i ﬁ%”%% v /I\E*/]—_‘.[%‘lﬁ Fz E]/(J
IR AR IMA. AE SRR 2 W RN
M
PN
ko i=1
)OI
k=11i=1

Hor, M2 HREL (A 2 AR s TR AL
BEHL py A KA . R A I . MOPSO &
RO ARG AA R

H5X1. MOPSO %

1 sett=0;

2 Initialize the population;
3 set pb; = pi;

4 add the nondominated vectors to the AC;

5 select gb; from the AC;

6 while t < Thmax

7 fori=1to N

8 update the position z; of p; using (6) and (7);
9 evaluate the objective values for p;;

10 if pb; cannot dominate p;

11 set pb; = p;;

12 end if

13 add the nondominated vectors to the AC;
14 control the size of the AC;

15 select gb; from the AC;

16 end for

17 t=t+1

18 end while

19 Output A;

20 Execute decision making system using (8) and (9);

21 Output the optimal solution.
2.3 REIEHIRR

FT T 75 7K A B e R 4 ) A R R E (LI AR AL,
(A I R Tl I RS 7 R, AR SR TS

LM 4% (Fuzzy neural network, FNN) & i1 )Z
AR, R A R IS AR A 4 A D) 5% v i 5 S 4K
54 5 1 S 80T AR & 428 A8 15 E [ Y 22 1k
MR, o TR Al A B ER s il Pk fig. FNN
ER N 4 R,

AR jiltfz% A=

El 4 FNN Z5#E
Fig.4 The structure of FNN

SRH S B4 FNN HA7 B3 B E Vi g, e
) 2 it Ry
_nxg?cmﬂ

= S exp (_ HXE;J-W)

J

(10)

Hrp, X = 21,29, , 2]  FNN B A5, m
AR, ¢ = [c1y, Cojy 0y Cmg] B, = [015,
Ogjs ==+ s O] AT HFRMZES § NHE IO B SR
JE R BUZ 2 T S TR A ORI SERE, ;2R
25§ MM ETTIH— L E R, w; HENZE j
M S E & T2 B IEE, § = 1,2,
R R b WD E22pTve
Pl u

u(t+1) = u(t) + Au(t)

I, Au(t) = f(X).
FNN (2807 > R T RE, & AR

BE(t) =

(11)

1 1

5em(t)2 = 5 (wa(t) - y(t))*

oo,y IS0 Ly I 2 52 B . 4
O = [w, ¢, 6" FRBHIE, WSHEHAR N

(12)
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Ot +1)=0(t) — nggﬁg (13)
Hrr, o FNN S80575] %
3 IWHERRSH
3.1 TN IEER
SEyETE R E RS BSMl ﬁ, W
fabr i BSM1 5@ CHBRRERE AL, ZikREFE PE

A AKKE EQ AL, HARAZF:

Ssat (k+1)
AE(k) = o / Vs K pas(t)dt
() T x 1.8 x 1,000 /., sKras(t)
(14)
1 [e+DT
PE(k) = T/kT 0.004Q, (t)dt (15)
1 (k+1)T
EQ(k) = ——— B
Q) = 7 To00 /kT (Bss x 55.(0) +

BCOD X CODe(t) +BNO X SNO,e(t) +

BNkj X SNkj,e(t) + BBOD5 X BODe(t))dt

(16)
32 BHRE

Ji A 5 B 5L 5w 3 R B Matlab R2013b 4 2
W, 1T EE BT EALR A A% B, ERCA
2.9 GHz. #2500 RAE D il Re A 2
SO, A SCHE g SRR R 45 #5, oAb i 10k 2
/N, SR IS B R AR A T 0 L. I A A
FH A AR, FNN 2R, 8 iU T 4545
1 2-6-1, A T LR UEFEGI SRR E M, S8R K
ANHEIK, it 255358k 0.01.

3.3 HRESH

TR Fp AT IR S BRI 15 A, R K313 73
FIZE R SRR IRT BSM1 SO, B§RIR I
& 14 REd (A1 7 REAE TN, 5 7 REH
FAR). ATKIRERMAKALSAE AP 5 Rl 6 By
s, 5 R AOK R B Lo A Bl LRI 2. 1516
Ss+ Svu Ml Snvp 7 HIREAKG LV FERIRY)
NIKG@RFNATK I ] W A DA

SIS Z a7 R, B R SIS
T RAABE A1 AN CEE ARG, Z R0
BEGIATIG, X5 BSM1 X T8 i % B =X
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HR TR 53R O T R S 001 2L BAL o B Y A B

Bl 8 M 9 Jrslse i T RERERIK R FNN
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Fig.12 The change of water quality parameters
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Table 2 Performance comparison for different algorithm
So, s SNo, 2 AE PE Energy Up/Down Fines Up/Down
PIDI®] 2% 1* 841.1* 86.2* 927.3% — 5129.5 —
DDAOC!! 1.5799* 1.087* 758.2% 89.8* 848.0* 1 8.50 %* 5185.6 1 1.79 %*
Hopfield!®! — — 814.8 63.4 878.2 1 5.30 %* - -
sooch4 - — 852.6 53.8 906.4 1 2.25%* — -
DMOOCH4 — — 849.2 30.4 879.6 1 5.14 %* 5440.9 1 6.07 %*
MOPSO 1.5012 1.077 840.4 35.7 876.1 15.52% 5409.1 1517%
KBMOPSO 1.3999 1.294 763.2 102.7 865.9 16.62% 5092.4 10.7%

* RIRSH TR ISR

K2 HHBTARBEZBPERILE. M
* 2 W PAA th, KBMOPSO 75 ¥4 ) B BE #E A
865.9kWh/d, 7Kk 5092.4kg pollution/d, H
It PID fEE(E &6, 25 T T 6.62% 1 0.7%.
a L, JF KBMOPSO bz il ik, vl PAFEAR
AR H AR AR AR HTEE T, A RBIC T RERE, 17
AT st B,

4 i

BRI K AL B AR REFEBOR 1 A, 4 M — o
TR R R A, SRR BEA R
BIERIR . KR NMETT 2 D RE M AR B MOPSO
MRS5S, ST R R A S AR
SE TR SR OIE, SR AR e 22 1) 45 ) Sl e J2 4 ol
i, LB K AL BRI AR R R RS W BR B . T de Ty
TRTESE B KR BUOAAR B RIS T, A ROh R T 8
FE, YT ERAENA. T EERAR IR TIRGH
REVLALTT IR BB A AR R G aa AT BAs, B 1
AP RERICR
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