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Table 1 Original data statistical information table
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Fig. 1 Correlation diagram of influent water quality and flow parameters
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Fig. 2 Data comparison diagram before and after data cleaning



432 R BT R 2 2 R CH SRR 2 D

552 %

Af_\

OutletCOD — |
p(Outlet AN) m I

Water purification 02 P N SO SO T T

Water purification 904

mNaOH) |,

S ————
Outlet flow S R ——

A

Inlet flow | |

S
p(Inlet thiocyanide) — =

plinlesulfide) TN

T ————
Inlet COD ||

e
InletpH

p(Intlet AN)

K3 B —Au )5 i S Hr i s il

Fig. 3 Distribution of the parameters after data normalization

A, TR BRI S8 RS B B B E R R
R 2 WM ZS AT S AR AT 34 77 AR 1% 2% (RMSE, 8.229)
Al e B DU 4R P R B (R2, 0.891) o 156 BH I A% Al
FR U0 D0 e e, X R K I T A L A 7 B T A
B 2 B Ry S AR, 45 2 S kb 2 o 8 B AR
TN“10-13-12-27, ] 4 iz de A7 i 5 44 1 (o Sy
AR, b M & ) .

Bl 5 B s AR SCRL R YINZR4E | B E4E | 4
() 1] U5 AH 56 22 85000 510 0.959. 0.930., 0.894F1 0.944 .,

X S 28 LR AT 4 B AR A o FERE, R H B
GG, T TS, MR LY M e 3R A A X
RANEHE BA R A3z ARy, B0 s 5 S0
AR (& 6), FoATEBA T HAESE BRI v 2L 4%
=S TR C ey - At Be7b =l [ SN
T, T R R 2 EOR £ R e G on B R A
S HE TR A E
222 kb Aok b M AL A G 2l PR XU
HH A I8 I 25 SR e I T LR 2 5 R R A T B A
T, AR — 2 AR L PRS2 — 2
2, 3 A R IR R SR, 1 R R e 4
TCEAT I 13 R 6 1> e S H T A
55 XU B TN [ 1 B8, Rt 2 R R R L
Xt 7K SR R e R T S gk COD 4 ) 1 AT T
2 3 PR A TEAN R T DR AR BE 45 0F T, St o Foti
TR 1) S A5 1) 14 5 I A TR0 285 4 RIS TR0 BE DA o
AT LAAS 2 K 2 & AT COD ) T A 78 I3 42
HE 2B R 7 9 A 0.334 F10.278, BRI &4 F
BT () TR0 8 7 AR 22, JeIR AT B T A .

P 7 2 B R OB IR AR ) 25 4 18], 22 )
B A8 R VL )5, B )2 0 Bl 48 0 B A A2 TE
13 F16 1~ &l 8 FEl 9 43l 2 H 7K 22 U it vk J3
COD i {F 15 512 s L A4 [ A &1, R v 2 G R
) TS TR £ I 24 1 A AH 56 R BGRE] T 0.920, 15
7 56 UE AR AR AR A 4300 KA 0.725 i 0.576,
U 00 B R B R AR I R R A T T E A LG

2 R IR R Y B LA A A RE

Table 2 Optimal model structure and model performance of the output prediction model

Degree of data cleaning Number of hidden layer

Performance evaluation

Number of neuron in each layer

MSE RMSE Test set R?
Fill missing value (Replacement of outlier) 1 10-10-2 95.684 9.782 0.860
Fill missing value (Unreplaced outlier) 1 10-11-2 100.440 10.022 0.768
Fill missing value (Replacement of outlier) 2 10-13-12-2 67.716 8.229 0.891
Fill missing value (Unreplaced outlier) 2 10-12-7-2 76.886 8.768 0.814
Fill missing value (Replacement of outlier) 3 10-13-12-11-2 88.697 9.418 0.795
Fill missing value (Unreplaced outlier) 3 10-12-11-4-2 89.980 9.486 0.782
Hidden 1 Hidden 2 Output
Input Output
10 2
13 12 2

P4 SR XU U 5 2 1 Fre LA B 2 g 1]

Fig. 4 Optimal model structure diagram of the optimal double output double hidden layer model
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Table 3 Optimal model structure and model performance table obtained by training the single output prediction model

Number of neuron Performance evaluation
Parameter Degree of data cleaning Number of hidden layer )
in each layer MSE RMSE  Test set R
AN Fill missing value (Replacement of outlier) 2 10-13-6-1 101.550 10.077 0.334
COD Fill missing value (Replacement of outlier) 2 10-13-6-1 54.650 7.393 0.278
Hidden 1 Hidden 2 Output
Input Output
10

13 6

P 7 Bk AU SR R A A K]
Fig. 7 Model structure diagram of single output double hidden layer
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Table 4 Optimal model structure and performance of dosage single output prediction model at different hidden layers
Performance evaluation
Chemical agent Number of hidden layer Number of neuron in each layer
MSE RMSE Test set R?
NaOH 1 7-12-1 41332.230 203.303 0.522
Purifier 904 1 7-12-1 346441.042 588.592 0.596
Purifier 02 1 7-12-1 63468.463 251.930 0.709
NaOH 2 7-12-12-1 36626.075 191.379 0.605
Purifier 904 2 7-12-12-1 255470.358 505.441 0.614
Purifier 02 2 7-12-12-1 35229.223 187.694 0.592
NaOH 3 7-12-12-12-1 36867.625 192.009 0.593
Purifier 904 3 7-12-12-12-1 252118.297 502.114 0.798
Purifier 02 3 7-12-12-12-1 38945.682 197.347 0.809
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Fig. 10 Two-dimensional evaluation diagram of R? and RMSE of each model dosage prediction test set
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Intelligent Prediction and Control Technology of Coking
Wastewater Bio-Treatment Based on BPNN Model

CHANG Dingming'?, LEI Zhen?, LI Jie!, HU Peng', YANG Zhengwu', ZHANG Xinwan',
HU Huawei', ZHANG Lehua'
(1. School of Resources and Environmental Engineering, East China University of Science and Technology,
Shanghai 200237, China; 2. Jiangsu Jianlin Environmental Technology Co. Ltd, Yangzhou 225100, Jiangsu, China;
3. International Elite Engineering School, East China University of Science and Technology, Shanghai 200237, China)

Abstract: The biochemical treatment of coking wastewater is a complex process, so accurate regulation of
chemical dosing to ensure stable effluent quality poses a great challenge. In this study, an intelligent control model
based on a back propagation neural network (BPNN) was proposed to achieve precise prediction of effluent quality and
chemical dosage in the biochemical treatment process of coking wastewater. The results demonstrated that the
coefficient of determination (R?) of the effluent quality prediction model reached 0.891. The R? values of the chemical
dosage prediction models were 0.605, 0.798, and 0.809, respectively. Data preprocessing techniques, including data
cleaning and feature selection, significantly enhanced the predictive performance of the models. Moreover, the dual-
output model exhibited superior predictive accuracy than the single-output models. This study provides a theoretical
reference for the intelligent regulation of biochemical treatment processes and chemical dosing systems in the coking

industry
Key words: neural network; water quality prediction; intelligent control; data cleaning; coking wastewater
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