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Soft Measurement of Key Effluent Parameters in Wastewater Treatment Process
Using Brain-like Modular Neural Networks
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Abstract With the goal to realize the real-time measurement of key water quality parameters in wastewater treatment
process, this paper constructs a novel soft-measurement model based on the brain-like modular neural network (BLMNN).
First, based on the mutation information and expert knowledge, the easy-to-measure variables which have strong correla-
tions to the effluent water quality parameters are chosen as the model inputs. Then, simulating the modular structure of
brain cortex, the effluent water parameters are measured by different sub-models, improving both the modeling accuracy
and modeling speed. The simulation results based on real data verify the accuracy and effectiveness of the proposed
method.
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dt 14z (t—1) +ox(t)

(35)

Hp, n =10, a = 02, b = —0.1, 7 = 17,
z(0) = 1.2; RIECAW) {x(t), z(t — At), - ,z(t —
(ni—1)At)} kil (t+ R) (MH, H R = At =6,
ny = 4. FUNELRLANR FrR:
z(t+6)=g(x(t),z(t—6),x(t—12),z(t — 18))
(36)
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10— %3 Mackey-Glass [F[7] 55130 45 5 %) L
Table 3  Performance comparison of different algorithms
LX on Mackey-Glass prediction
EER/ IgEmiEl (s) gk RMSE il RMSE ™ ™%
1 LSS i
w® GDFNN 87.12% / 0.0118* 11%
=102 -
GPFNN 56.14%* / 0.0107* 9*
= e
e SVR 0.169 0.0610 0.0638 17
N IELM 0.233 0.0390 0.0365 500
PSO-RBF 859.6* / 0.0208* 12*
o APSO-RBF 832.7* / 0.0135* 11*
>\®\E IErrCor-RBF 5.683 0.0084 0.0084 5
1073
0 2 4 6 8 10 12 14 16 18 20 - -
FHZ TN W+ FRSHF A MEER /FORE SRS AR

Kl 3 IErrCor RBF [ 2427 >] B J 5454 ) K &
Fig.3 Relationship between the learning ability and
structure of IErrCor RBF network
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Table 4  Testing results of different soft measurement models on the effluent TP and effluent BOD

p—— o %%JUH% %%J‘U“\Uﬁﬁ it RMSE ik APE SRR

i TE] (s) TR (s) RAH /M T STONI:E e/ IME FEE 4t

RBF 12.1913 0.0111 1.3273 0.3587 0.7340 0.0894 0.0216 0.0441 106

GAP-RBF 0.6087 0.0327 0.9266 0.8163 0.8741 0.0502 0.0474 0.0486 17

IELM 0.0673 0.0334 0.5746 0.4319 0.4831 0.0376 0.0298 0.0337 400

Hsk BOD SVR 0.0103 0.0019 0.4773 0.2124 0.2826 0.0557 0.0251 0.0348 41

APSO-RBF  211.6412 0.0046 0.5196 0.4270 0.4598 0.0327 0.0291 0.0312 13

SCNN 0.2361 0.0012 0.3576 0.2384 0.2845 0.0234 0.0149 0.0176 57

BLMNN 6.6194 0.0013 0.2992 0.2286 0.2367 0.0179 0.0145 0.0163 10

RBF 12.1913 0.0111 0.1417 0.0430 0.0697 0.2240 0.0541 0.0969 106

GAP-RBF 1.0027 0.0555 0.1951 0.1076 0.1482 0.2331 0.1413 0.1843 34

IELM 0.0868 0.0653 0.0945 0.0654 0.0783 0.129 0.0967 0.1105 400

7k TP SVR 0.0125 0.0034 0.1422 0.0580 0.0950 0.2254 0.0851 0.1430 55

APSO-RBF  222.6349 0.00519 0.0822 0.0556 0.0711 0.1168 0.0759 0.1038 20

SCNN 0.2150 0.0023 0.0993 0.0694 0.0822 0.1084 0.0808 0.0964 42

BLMNN 2.7032 0.0008 0.0426 0.0354 0.0394 0.0565 0.0488 0.0524 5

#|, GAP-RBF, IELM, SVR #1 SCNN 5 ¥A7E
Wk EEAT BLMNN, {H GAP-RBF Joyk k4521
RERREOR I, i IELM B EHA N T k. mA%
SVR J7E7E it 7k BOD I} B B8 R HAR 1
SEIR, (HAEN & K TP PR R APSO-RBF
ESC AT SRS N N9 7 SR AR i 3 BTN UE T N
AL RO, AT HAt 75, BLMNN 4%
) AR BRG] ) k. BRAR U AR R DA KB
4 FAORE . 4 ) A S7 ) BLMINNG Bl 2 45 70 X iy
7k BOD Aiisk TP gEfra i, GELA 0.0013 FbAI
0.0008 #0452 I E L5, FWI P 1 1977 1A S 2L
XF KB K SR SR, sk b, BLMNN #57
H IR S R RE BN IR BT BOE SR, A AT
A b T AR HE T . SR PA 2,
BLMNN BEAREAFALBIAL 55 A7 Bod B, SIEB)
X175 7K Al BRI R 5 7K S0 SN A B v R A
.

4 L5

FERFICT 5 K AL BRI R A 5t K S Bk PASE
A MERRSIN B R, SR T —Fpdt T BLMNN
AN AR 3k, U “r a2 AL
55 R R, SEEL T A 7K BOD Ak TP A
. SEE L HERARRIN. O IR B AT R

1) ASEADRNG B2 J2 ) 23 DR, SIS BT 50 S Bk
JZH K BOD MKk TP (g2 Scif il

2) BT HAF BN L ORI 2 UM 5 A B 22 4
WA TR SR, R TR AL P RE.

3) IErrCor RBF it 2 [0 2% 25 RS fri . WS
. HAA RIFAARERIEBGTE ST, M 28 H Y
TR RO ARIIE TR BLMNN Hci A2 1)
HHIRGE.

4) AT T A S AR B R A S OR R IE S AL
BLMNN #8906 2 80T R A BRAT 55 O AR A
Bl BOE. LW IA 2 H00 W 25 USSP RE s Wi Y 2
WUERA, RBL T FRAE S B I R ] S X
BLMNN 15552 7% B2 1 23 th 2 B SC b i A 25
SR A R AR,

H A, 35 BLMNN (757K A0 B AR H K S5
BRI T YR BT I I AL T IR R B B, B 25 Al
PEREAR A B ANSR T 25 6], M7 L SR B B 25 R
DA, AR O B K BT 2 8k BOD il
K TP Ay e bR A Ty, AT — 2
(1 A R RE S B B 2 HOK SR A R &
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